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Abstract

As a critical component of ensuring the safe and stable operation of trains, the detection of bird’s nests on the rail catenary
has always been essential. Low-resolution images and the lack of labelled data, however, make it difficult to detect smaller
bird’s nests (those occupying small pixels in the input image). Previous solution relies on manual online patrol or offline video
playback, which severely limits the detection efficiency. Previously, this challenge was addressed by manual online patrol or
offline video playback, which severely limits detection efficiency. We propose in this work a context-guided coarse-to-fine
detection model (CG-CFDM) for solving the bird’s nest detection problem. This solution consists of a context reasoning
module and a coarse-to-fine detection network. By detecting domains and matching templates, the context reasoning mod-
ule generates new labelled context bounding boxes, thereby reducing the burden of annotation. As a result of its delicately
designed architecture and powerful representation learning ability, this trained coarse-to-fine detection network further facili-
tates the detection of bird’s nests in an efficient and accurate manner. Extensive experiments demonstrate that the proposed
approach is superior to existing methods in terms of performance and has a great deal of potential for detecting bird’s nests.

Keywords Bird nest detection - Deep learning - Context-guided - Coarse-to-fine - Railway catenary

1 Introduction

The development of railway electrification technology and
the rapid expansion of railway mileage have made bird’s nest
detection on the railway catenary an increasingly important
part of railway safety. In high-speed railways, the catenary
is a power supply line that transmits electricity from the
main railway to the trains. Occasionally, bird activities,
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particularly nesting behavior, result in problems such as
short circuits of catenary lines, burning, tripping, and dam-
age to electrical components. In spite of this, detecting bird’s
nests is a challenging task due to the fact that birds prefer to
nest on high-speed rail catenary switch bases, steel columns,
hard beams, and other hidden areas. Moreover, the image has
a low resolution and the nests take up a small portion of the
input image, making the detection task more difficult. One
of the solutions that can reduce the negative effects caused
by the construction of bird’s nests on the catenary is to rely
on manual inspections such as human on-site inspections or
manual online patrols or offline video playbacks. In addition
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to being time-consuming and labor-intensive, this manual
method is highly expensive and has a low degree of reli-
ability. Furthermore, the extremely low efficiency makes it
difficult to detect potential safety hazards in a timely manner.

In light of this, identifying the bird’s nest effectively and
rapidly instead of manual operation has been a challenging
but rewarding task. In spite of the impressive progress that
has been made in the area of object detection in previous
studies, the detection of bird’s nests remains far from a prac-
tical solution. As an example, the Faster-RCNN detection
model relies on two-stage detectors, which deliver better
performance at the expense of inference time, making it less
suitable for real-time applications. The YOLO object detec-
tor is one of the most popular single-stage models, but its
detection effect is generally lower than that of a two-stage
model, particularly when the training data set is small and
the object features are not very distinctive. Additionally,
each of these methods requires a large amount of annota-
tion data in order to train the model, but the dataset for bird’s
nest detection is very limited.

As a solution to these challenges, we propose a novel
coarse-to-fine detection model (CG-CFDM) for detecting
bird’s nests. While the low resolution and limited number of
pixels make it difficult to detect bird’s nests, their presence
at railway catenaries can be recognized by considering the
context of their location. Hence, we believe that the key to
solving this problem lies in how we can incorporate context
as additional information to aid in the detection of bird’s
nests. The first step is to extract the interest domain of bird
nest from a small number of annotated images by contextual
similarity constraint in order to solve the problem of insuf-
ficient training images. We recommend a matching approach
for discovering interest domain regions in other images
based on proposals generated from selective search meth-
ods. Clearly, this is an unsupervised and efficient method of
generating a novel bounding box level dataset that is used
in real-world scenes for bird’s nests. Secondly, we propose
a coarse-to-fine detection model for training for bird’s nest
detection once the novel dataset has been obtained.

In particular, the proposed CG-CFDM is based on a
cascaded YOLO network, which combines the advantages
of both two-stage and single-stage detection models. For
detection of bird’s nest, CG-CFDM performs a coarse-
to-fine strategy, with coarse-level detection and fine-level
detection being calculated simultaneously for different
detected images. To speed up the detection process of both
detection models, CG-CFDM adopts pipeline technology.
Furthermore, we employ multi-threaded parallel computing
technology to maximize detection throughput and make full
use of computing resources. The parallel pipeline accelera-
tion algorithm that has been optimized for the CG-CFDM
network allows for a detection rate that is comparable to
that of a single-stage network, which allows for real-time
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detection of bird’s nests. Furthermore, the proposed CG-
CFDM network has the excellent detection rate of the two-
stage network, and it has the ability to filter out irrelevant
environmental samples effectively.

In summary, the research motivation and corresponding
innovative work of this paper are as follows:

(1) To solve the problem of small object detection in open
scenarios, we propose a novel context-guided coarse-
to-fine detection model (CG-CFDM) that makes full
use of the context information for detecting bird’s nests.

(2) To reduce annotation costs, we propose an efficient
strategy for automatically inferring and reasoning con-
text bounding boxes.

(3) To ensure the real-time performance of the detection
model, CG-CFDM uses pipeline technology and multi-
threaded parallel computing technology to maximize
computing resources.

Experimental results indicate that the recall rate of the
CG-CFDM network reaches 93.69%, an improvement of
16.21% and 30.18% when compared with YOLOv3-SPP and
YOLOV4 networks, respectively. In addition, we achieve a
higher detection frame rate that meets the requirements of
rapid and accurate detection of the bird’s nest on a high-
speed railway.

2 Literature review

The most commonly used methods for reducing the adverse
effects of bird’s nest construction on the Internet are struc-
tural optimization, blocking, and repelling [1]. Furthermore,
civilian prevention methods such as visual shock have also
been proposed due to their low cost [2]. Regular manual
inspections are primarily used to detect foreign objects
intruding into high-speed rail catenary in addition to routine
operations. Regular patrols are conducted along the railway
to detect and remove foreign objects. In light of the fact that
the locations of the catenary are relatively scattered, and
the locations of foreign objects are not fixed, this manual
inspection method is labor-intensive, time-consuming, and
expensive.

A video analysis technology has been used recently to
detect foreign objects entering the catenary, but the tech-
nology still requires a great deal of manual labor and per-
forms poorly in real time. For the purpose of improving the
intelligent identification technology for high-speed railway
catenary and increasing detection efficiency, the detection
of bird’s nests on high-speed railways is primarily accom-
plished by manually judging and marking video transmitted
by the inspection vehicle. As a manual method of detec-
tion, it is also time consuming and cannot be used to detect
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the bird’s nest in a timely and accurate manner. Thus, the
automatic identification technology for bird’s nests on high-
speed railways attracted an increasing amount of attention.
In China, there have been numerous studies on the detection
of contact network status using image processing. In order
to solve the problems, the automatic visual detection tech-
nology is applied to the video captured along the railway
transmitted by the inspection vehicle. In an earlier study
[3], it has been suggested to use traditional image process-
ing methods such as local dynamic threshold binarization
in order to first obtain a rough image of the suspected bird’s
nest, and then to extract HOG features to use in a SVM clas-
sifier. Using the characteristics of bird nests that are often
seen in the cross-arm area of telephone poles, Huang et al.
[4] propose establishing a classification model that incorpo-
rates color characteristics as well as structural characteristics
of catenary towers for detection. By using this method, it
is possible to achieve a higher level of detection accuracy
and anti-interference. In [5] analyses the bird’s nest images
on the catenary equipment and concludes that almost all
bird’s nests are constructed at several fixed locations on the
catenary equipment. As a result, the HOG feature is ini-
tially extracted from the key area of the suspected bird’s
nest, and then classified using a SVM classifier, in order to
achieve a relatively satisfactory result. Moreover, [6] pro-
poses modeling the bird’s nest based on its color, shape, and
relative location. When compared to the traditional manual
method, the above methods can enable automatic recogni-
tion of bird’s nests, but each requires the training of a clas-
sification model, which is time-consuming. As an alternative
to the above recognition method, there have been studies
[7] using the tracking method of contact line detection and
parameter extraction on a catenary, and the Hough transform
method of recording the candidate line parameters is then
used to compare the collected infrared video to complete the
comparison. In addition, some methods are designed for the
detection of objects. Using exhaustive search, for example,
we select a window to scan the entire capture scene and then
adjust its size to continue scanning [8].

In recent years, deep learning-based object detection
has made significant progress. In some cases, the excellent
YOLO network has been applied to perform the detection,
such as road detection and automatic license plate detec-
tion [9-12]. In [13], a spatial pyramid matching method is
presented, which uses the position context provided by the
detector to separate the object from its background, and then
constructs a spatial feature histogram for recognition. The
use of deep learning technology for traffic sign recognition
has also been proposed [14]. Yao et al. [15] introduce a rec-
ognition algorithm based on convolutional neural network to
solve the problem of vehicle color recognition. Deep neural
networks have also been used to detect road cracks [16].
It is obvious that deep learning technology has also been

extensively used in the inspection of high-speed railways.
A representative example is the visual integration method
based on deep learning [17, 18] in the detection of cate-
nary secant breaks and the detection of contacts in catenary
insulators. By using point cloud recognition technology, Lin
et al. [19] achieve a higher level of detection accuracy. In
[20] proposes to improve Fast R-CNN and Faster R-CNN.
Research has been conducted comparing these two models
to the detection of railway catenary birds’ nests [21], with
satisfactory results. In [22] builds a new approach based on
Faster R-CNN. In [23] improves the convolutional neural
network VGG16 to extract features of the object. Compared
to AlexNet [24] and GoogLeNet [25], the improved VGG16
structure uses a batch normalization layer [26] with the best
convergence effect to process the results, and then refers the
results to an RPN network with sliding windows to distin-
guish between the different types of objects. In particular,
the initial area is derived from the convolutional feature
map, and a deconvolution operation is added as a feature
map layer to the Conv4 convolutional feature map for trans-
mission to the contact network for the detection of bird’s
nests.

In combination with various algorithms in the above
research and the corresponding scenarios, we propose a tar-
get detection model based on cascaded YOLO neural net-
work to realize the automatic identification of the bird’s nest
of high-speed railway catenary. Compared with traditional
image recognition technology, deep learning has obvious
advantages in feature extraction and can enrich the types of
image recognition with higher precision and speed.

3 CG-CFDM network model construction
3.1 Overall network framework

This section mainly describes the whole deployment envi-
ronment of Bird’s Nest detection from front-end data col-
lection to back-end algorithm analysis (as shown in Fig. 1).
Firstly, the high-definition camera equipment is used to cap-
ture the railway environment information to form video data,
and the video data is transmitted to the intelligent vision sen-
sor equipment through WIFI. After that, the intelligent vis-
ual sensor equipment performs real-time processing of video
data uploaded by the camera equipment through a two-level
network from coarse to fine by calling the cascade depth
neural detection network model, and transmits the process-
ing results to the database of the data center server through
the Internet. Finally, users can view the detection results
through a web browser.

This smart device is capable of running a variety of
operating systems, such as Windows, Linux, and Unix. It is
particularly advantageous to use Linux systems, which are
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Fig.1 The deployment of the proposed model

open source, compatible with mainstream deep learning
development frameworks, and can easily transfer detection
software developed for other platforms to smart devices.

The hardware environment for the CG-CFDM net-
work is the Nvidia series development version, such as
the Jetson Xavier NX module. As well as processing data
from multiple high-resolution sensors and supporting
all popular deep learning frameworks, it offers 21TOPS
service-level performance, allows multiple modern neural
networks to be run in parallel, and effectively supports the
detection pipeline of the CG-CFDM network as well as
the parallel detection requirements for the second-level
detector. The system is capable of acquiring and process-
ing railway video data in real-time.

Pictures to be

detected First stage detector

Locate ROI

ROl image
(Red box)

Fig.2 The construction process of CG-CFDM detection network
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3.2 CG-CFDM detection network structure

The main structure of CG-CFDM detection network is
shown in Fig. 2 Suppose a piece of railway video data to
be detected v can be expressed as v = {I,, I, ..., Iy}, where
I(i=1,2,...,N)is the video frame, N is the total number of
frames of the video. CG-CFDM performs hierarchical detec-
tion on each video frame [;, and the inter;:st domain sub-
image of the i-th frame is expressed as R’l.(j =1,2,... M),
where M, is the total number of interest domains in the i-th
frame image. The bird hazard of the j-th interest domain in
the i-th frame is expressed as B]l:(l)(l =1,2, ...,L’l:), where L’l:
is the total number of bird damage.

A CG-CFDM network consists of two hierarchical detec-
tors. The first-level detector accepts the image frame /; of
the railway video as input, and its output is the interest

Nest location

ROI sub-image
(Blue box)
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domain set y; = {R,R!, ...,R?/I"},(R? = ¢). As the detec-
tion process of the first-level detector, the CG-CFDM net-
work uses the Yolov4 neural network to analyze the image
frame and extract the image domain of interest. The image
frame /; is input to the first-level detector-Yolo neural net-
work for feature extraction and analysis, and the network
outputs the result set y;, where R’ (xj y’ w’ K ), the quad-
ruple (xj y’ w’ K ) represents the abscissa and ordinate of
the sub-image of the interest domain relative to the origi-
nal image, as well as its width and height. The input of the
second-level detector is the sub-image (R’ ) corresponding
to the element R’ of the result set, and the output result is
B’(k) The second level detector still uses the Yolo neural
network to analyze and recognize the sub-images of the
interest domain. After the feature extraction and analysis
of the image Ii(R’l:) result Yolov4, the result set of bird dam-
age is output Ki = {Bj(o) B’m B/(L) B’(O) @)}, where
B}(l) x’(l) y/(l) W/(l) h/(l)) the quadruple (xl(l) y/(l) W/(l) h/(l))
represents the posmonal relationship of the bird damage
prediction image relative to the sub-image of the interest
domain. The result of bird damage recognition is the posi-
tion (x, y, w, h), of the bird damage relative to the origi-
nal image, and the conversion (x,y,w, h) = T(Bi.(l)) can be
expressed as

=0+
w=w® W
h=Ko

The output of the CG-CFDM network is all the results of
identifying bird damage in the i-th frame, and the output set
isQ={TEN1 <j<M1<I<L})

Fig.3 The construction process

of CG-CFDM training network Automatic labeling of
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Manually mark the bird
nest in the sub-region of
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3.3 CG-CFDM Training Network Strcture

The construction process of CG-CFDM training network is
divided into the construction of the first level training net-
work and the second level training network, which can be
summarized as extracting the data set of interest domain
and the data set of bird’s nest from a railway video with
the bird’s nest label to conduct the neural network train-
ing of the two level detectors respectively. The processing
flow is shown in Fig. 3. The first-level training network
automatically marks the domain of interest (red box) in
the original video frame image based on context reason-
ing and template matching algorithm as the training data
of the first-level network object coarse positioning to train
the domain of interest location model. The second level
training network determines the sub-region of interest
(blue box) based on geometric position constraints in the
region of interest image, and trains the bird nest position-
ing model by manually marking the bird nest in the sub-
region of interest as the training data for the second level
network object fine positioning.

Suppose the initial data set is a piece of railway video data
v={I[,1,,.., Iy}, which contains the target object’s bird
damage frame set {Ibl,Ibz, ...,Ibv}, where [b,-(i =1,2,..,5)
is the frame number of bird-damaged frames, and s is the
total number of bird-damaged frames. The initial data
set only marked the position of the bird damage frame
B, and the labeled set of the i-th bird damage frame was
L= {lil, liz, lf" }. In the formula, k; is the number of bird
damage frames and lf is the label position, which can be
expressed as l§= (xé,yé, wfﬁ, hi) The interest domain of
the bird-damaged frames is determined by inferentially
labelling the bird damage frame set B. The reasoning process
begins by segmenting the image using the Selective Search
algorithm [8]. The input of the Selective Search algorithm
is the bird damage frame I,, , and the result is the continuous
area Z; = {z z s ...,z , 1 where d; indicates the number of

Tall /o Model
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\ 1= B —> detection

model

Cascade deep

First level training 2
networl

network detection
model from
coarse to fine
Model
input =] Y parameters Second level
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rectangular areas output by the algorithm, zi = (x;', ){, wi:, hﬁ),
which represents the position of the rectangular area relative
to the bird damage frame. Finally, here is the bird-damage
frame /, to find the interest domain set of the image set
containing the labeled area, which is defined as

H; = {1, w)|u € Z, A 3v € L, () C I, (u))}. @)

By definition, all sub-images of interest domain /;, (u) con-
tain bird-damaged areas. By analyzing the search results, the
following bird-damage annotation sets can be obtained for
each image in the interest domain:

Blabel(lb,_(u)) ={(v, - Uy, Xy = Uy, W, h)lveL A Ib,.(") Cc Ib,_(u)}.

(3)
The inference results of all bird-damage frames constitute
the template library 7, namely:

T = UL H, @)

The template library is then used to perform template match-
ing on all frames of the railway video. The template match-
ing matches each image frame /;,. The matching result is the
location set as the interest area label of the video frame ;.
Set the binary relationship a = b to represent the image a
and the image b matches, the obtained video frame label
can be expressed by

Rlabel(/;) = {(x,y,w,h)|3g € T(g = I;(x,y, w, h))}. 3)

All video frames and their matching results constitute the
interest domain data set for the first-level detector to train
the Yolo neural network

Dataset_ROI = {(I, Rlabel(I))|I € v}. 6)

All template libraries and their annotation results constitute
a bird pest data set for the second-level detector to train the
Yolo neural network

Dataset_Birdnest = {(I, Blabel())|I € T'}. 7

4 Interest domain search based
on contextual reasoning

In this section, we focus on the use of the Selective Search
algorithm and template matching to construct the first-level
detector and the second-level detector data sets for CG-
CFDM. In the inherent geometric structure of the catenary,
the spatial distribution of the bird’s nest is limited to the
continuous context space sub-region of the catenary, which
has strong contextual location prior information and can
determine the detection region of interest based on the con-
text information.

@ Springer

4.1 Contextual reasoning

As a whole, the domain of interest is a contextual region
with a high degree of similarity. First, we need to find all
regions with a high degree of similarity in the image. An
image is segmented and merged as part of the search area.

A preliminary segmentation of the image is performed to
obtain a large number of similar regions, and then the regions
are merged to produce a series of candidate regions, and the
region of interest is determined from the candidate region con-
taining the bird’s nest.

An image can be represented by an undirected graph
G =< V, E >, The vertex of the graph represents a pixel of the
image, and the weight of edge e = (v;,v;) indicates the dis-
similarity of adjacent vertex pairs i, j. The color distance of the
\/(Vi — 1) +(g; — g)* + (b; — b))* and other pixel

pixel
attributes can be used to indicate the dissimilarity between two
pixels w(e). Since an area is a set of points with the least dis-
similarity, it always contains the point set’s minimum spanning
tree. The first step in segmenting the image is to identify the
forest composed of the minimum spanning tree in the image.
The difference between local areas determines whether or not
they should merge. The intra-class difference is defined as:

Int(C) = max W(e). ®)

¢€MST(C.E)
The difference between classes is defined as the smallest
connecting edge of the two regions:

Diff(C,, C,) = min W((v;, vj)). ©)

vi€Cy,v,€Cy,(v;,v))EE
In particular, if the two regions are not connected by edges,
Diff(C,, C,) = 0. Therefore, the following is the basis for
merging the two regions:

Diff(C,, C,) < min(Int(C,) + 7(C,), Int(C;) + Int(C,)).
(10)
Among them, 7(C) is the threshold function, which assigns
weights to the area formed by isolated points:
k

7(C) = ——. 11

ici (an
In this way, the image point sets are merged to obtain mul-
tiple basic regions [27].

The segmentation result is shown in Fig. 4.

Candidate regions formed above are merged, and their
merged results are represented by rectangles. The posi-
tions of the rectangles can be identified by the quadruple
of (x, y, w, h). The corresponding identification rectangle
position attribute for area C is calculated as follows:

X :Igggx(v), (12)
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Fig.4 The schematic diagram
of segmentation effect: a
original image; b image after

segmentation

(a)
y= rvrélg y(v), (13)
w= %agx(v) - lgggx(v), (14)
h=max y(v) — min y(v). (15)

The first step is to calculate the differences between regions,
which can be evaluated by four indicators. In the color his-
togram of the two regions, the color distance is determined
by the minimum value of each bin.

Scolour(ri’ rj) = Z min(ci.‘, Cjk) (16)
k=1

The texture distance depends on the minimum value of each
bin in the fast sift feature histogram of the two regions.

Sexture (T3> 7y) = Y min(zk, 1), a7
k=1

Merging between small areas is given priority, and small
areas are given a higher merging weight.
g . size(r;) + size(rj) o
) =1 — 1
size(732 ) size(im) (18)
Regions with large overlaps between the circumscribed rec-
tangles are first merged.
sizeBB,; D size(r;) — size(rj)

Sa(;, rj) =1- size(im) . 4

Based on the above differences, the total difference between
regions is calculated as follows:

S(ri’ rj) = alscolour(ri’ rj) + GZStexture(ri’ rj)

+ a3S,. (755 r]) + aySen(rys rj)~

(20)

The position of the bird’s nest of the input data set is marked
manually, and the area attribute of the marked bird’s nest
is still represented by a rectangle, whose position attrib-
ute is (bx, by, bw, bh). The interest domain consists of the

candidate area, including the bird’s nest area, and its position
coordinates should satisfy the following conditions:

x < bx
y < by
X+w>bx+bw’
y+h>by+bh

@

In order to prevent excessive merging, the interest domain
should also meet the following threshold conditions:

wXh

imagesize ~ @2)
In order to obtain candidate regions, the basic regions are
merged according to the differences between them. The
merge algorithm is as follows [28]. The candidate region
where the nest is located is the inferred domain of inter-
est, as shown in Fig. 5. The red box indicates the inferred
domain of interest. According to the statistical rules of a
large number of data, the bird’s nest basically occurs in the
upper left part of the region of interest. Therefore, based
on the inherent geometric structure of the pole, the target
detection range can be further reduced to the blue box area
as shown in Fig. 5, which is called the sub-region of interest.

% ABOON) ¥

Fig.5 The domain of interest by reasoning

@ Springer
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Fig. 6 Template element image

4.2 Automatic sample labeling by template
matching

Export the image of interest sub-region obtained in the
previous section as template element image (blue box area
in Fig. 5), as shown in Fig. 6, all template element images
constitute template library.

The interested domain is inferred from the position of
the bird’s nest, and all interest domain images form a tem-
plate library. Every image in the image set is traversed and
the normalized correlation coefficient matching is used
to identify all the interests of each image. Suppose the
template image is T, the image to be matched is I, the
width of the cut template image is w, the height is h, and R
represents the matching result, then the matching method
can be expressed as follows:

Zx’,y’ T’(x,’y,) * I’(x+x’,y +y,)

R(x,y) = ’
\/Zx’,y/ T’(x’,y/)Z sk Zx,’y/ I’(x+xl’y+y/)2
(23)
where
/,,_,,’—L /]
',y =T"(x",y") w*h;,T(x ), o)
Xy

L

I'xc+x,y+y)=I'x+x,y+y)— 7

Z I'x+x",y+y").

x// ’yU
(25)

A larger value indicates a greater similarity between the rec-
tangular area (w, 1) and the template at the position (x, y) of
the graph, while the maximum value of the template similar-
ity results from template matching. The template matching
value must be greater than the threshold value.

remember Rs(7, 1) = Ecnyag; R(x,y). (26)

The template matching process begins by comparing the
images in the template library to the original images. Each
template image corresponds to a best matching value R, and
the position of the corresponding rectangular matching box
is (x, y, w, h). The first matching result of the template con-
stitutes the result set S:

S = {(x,y,w,h,Rs)|Rs(T,I) = ma)I(R(x,y) ARS(T,I) > c}.
X,VE.
@7
In this equation, c¢ is the matching threshold parameter.
The rectangles in the result set S may intersect if they are

arranged in descending order of Rs value. For the intersec-
tion of two rectangles s, the conditions are:

max(x(s), x(£)) <min(x(s) + w(s), x(£) + w(1)), (28)

max(y(s), y()) <min(y(s) + h(s), y(1) + h(2)). (29)

The result set S is traversed in turn, and if the current rec-
tangle intersects the marked rectangle, the marking is dis-
carded; otherwise, the current rectangle is marked. The
Fig. 7 below shows the result of template matching:

To obtain the interest domain data set, the image set
was marked in the VOC format to indicate possible interest
domains in the bird’s nest. We use the interest domain of
bird’s nests in the template library as the bird’s nests data
set.

Fig.7 The schematic diagram
of template matching: a original
image; b matching result

@ Springer
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5 Cascaded deep network construction
from coarse to fine

This section explains the detection principle of the CG-
CFDM network and its high-precision characteristics. We
also analyze the parallel computing potential of the CG-
CFDM structure, and explain the pipeline parallel accelera-
tion algorithm used by CG-CFDM.

5.1 Detection principle

The bird’s nest on the catenary is small in size and lacks signif-
icant shape and texture features. For classifying fringe images,
existing artificial design features are not sufficient to achieve
ideal results. In this regard, deep learning provides a feasible
solution. The YOLO neural network has a strong detection per-
formance as a common target detection network. In this study
we use a two-level predictive network cascade detection net-
work for detecting bird’s nests on the catenary. The following
analysis takes YOLOv3-SPP network structure as an example
to describe the detection principle as a hierarchical detector.
YOLO neural networks take the entire image as input and
predict the bounding box and its category based on the input
image. As shown in Fig. 8, the algorithm begins to divide an
image into S X § grids, and the grid where the center of the
labeled object is located is responsible for predicting the cor-
responding labeled object. Each grid needs to predict B bound-
ing boxes, and each bounding box needs to return to its own

IOUtruth _

relative offset between the center point of the bounding box
and the position of the upper left corner of the corresponding
grid. 7, and 7, are normalized so that the predicted value of the
bounding box is between 0 and 1, thus ensuring that the center
point of the bounding box must be in the divided grid.

b= o(t)+c, (30)
by= o) +c, 3D
b, = p.e", (32)
b, = ppe™, (33)

I 1y, 1, 1, are the predicted output of the model. ¢, and ¢,
represent the coordinates of the grid, p,, and p,, indicate the
size of the bounding box before prediction; b,, b, b,, and b,
are the center coordinates and size of the predicted bounding
box. There is a correlation between confidence and whether
the grid correctly predicts the object to be detected as well
as the deviation of the bounding box from the true position
of the object. The confidence level can be expressed by the
following equation:

confidence Pr(Object IOUgr“et;‘), (34)
In the equation, IOU represents the intersection ratio
between the bounding box and the object labeling box, and
the calculation method is as follows:

(min(zx+iw,px-+pw)—max(x,px))x(min(ty+th,py+ph)—max(ty,py))

pred tekty-+pxspy—(min(tx-+tw,px-+pw)—max (x,px))* (min(ty+th,py+ph)—max(ty,py)) (35)

position (x, y, w, h). Through a change in the step size of the
convolution kernel, YOLOvV3 changes the size of the propa-
gation tensor in the network. It improves the prediction speed
of the model by calculating the bounding box in advance. It
determines the position of the bounding box by predicting the

b TH

Fig.8 Division of grid prediction results

where (tx, ty, tw, th) represents the truth position attribute
of the label box (x, y, w, h), and (px, py, pw, ph) repre-
sents the predicted position attribute of the bounding box
(x, y, w, h). Pr(Object) represents the probability that the
object to be predicted exists in the grid. During the train-
ing process, if no object to be tested falls into the grid, then
Pr(Object) is 0; Otherwise it is 1. In the training process,
each grid corresponds to a pixel matrix, and each pixel
matrix is used as the input of the neural network. For each
grid, the output given by the network for each bounding
box is (x,y, w, h, conf, c|, ..., ¢,), where (x, y, w, h) gives the
position of the bounding box, conf is the confidence of the
bounding box, ¢y, ..., ¢, represents the class probability of
the object.

YOLOVv3 uses multi-scale features to detect objects.
The receptive field of the feature map obtained after 32
times downsampling is relatively large, making it suit-
able for detecting large targets in the image; the feature
map obtained after 16 times downsampling has a medium-
scale receptive field, which is appropriate for detecting
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Table 1 Feature map and prior table

Feature map 13*%13 26%26 52%52
Feel the wild Feel the wild Feel the wild Feel the wild
big middle big middle big middle big middle
small small small small
(116 X 90) (30x61) (10x 13)
A priori box (156 x 198) (62 x45) (16 x 30)
(373 x 326) (59x%x119) (33 x23)

medium-sized targets in the image; after 8 times down-
sampling, the feature map has a relatively small receptive
field, which is appropriate for detecting objects of rela-
tively small size in the image. YOLOv3 uses the K-means
clustering method to determine the size of the a priori
box, and sets three a priori boxes of different sizes for
each down-sampling scale, and clusters an a priori box
of nine sizes. In Table 1, the distribution of nine a priori
boxes obtained when the input image has a resolution of
416 x 416 is shown for feature maps of different sizes.

It is not ideal to directly utilize the YOLO network to
detect catenary bird’s nests, since they occupy a small

confidence = Pr(birdnest IOU‘;irgdd“"‘St). (36)

Generally, the IOU value of the large-size anchor frame and
the medium-size anchor frame is not very high for small-
scale objects, and the overall precision is not very good.

As shown in the Fig. 9, there is only one grid in the
upper left corner for valid calculations. The forecast
expectation of a single network is:

s> B
: _ : birdnest
E(birdnest) = ; Z{; I:r(blrdnest) * IOUpre d 37
Note: IOU = SZEQ’& is a valid forcast average IOU
sy Zjeo Pri(birdnest)
of the box
. BS?  I(birdnest) * IOU
Ebirdnest) = 2o+ 1(birdnest) x I0U (38)
I(image)
where 20 3¢ the proportion of bird’s nest images.

I(image)

The distribution of the bird’s nest in the catenary is
affected by physical factors, i.e., its position within the
catenary is bound. A bird’s nest is defined as all possible
areas within the interest area in Sect. 4.1. The equation can
be expressed as follows:

P(distribution) =P(Bird’s nest exists in the interest domain of the image

| The image contains bird’s nest), (39)

=I.

proportion of the image, resulting in a large number of
grids and a waste of computing resources. In addition, the
YoloV3 neural network uses an anchor box that is prede-
termined based on a priori clustering of the data,

f

birdnest "

Fig.9 Single-stage network prediction

@ Springer

Based on the prior condition of bird nest distribution, the
cascaded YOLO neural network can be used to perform
the first level of “coarse detection” to identify the region of
interest, and then perform the second level of “fine detec-
tion” to identify the location of bird nest from the predicted
sub-region image of the region of interest given by the
network.

Grid Cell

Fig. 10 Cascade network-first-level network prediction
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5.2 Detection precision analysis

First level prediction:

The segmentation result is shown in the Fig. 10. The
black box is the interest domain given by the template
matching, and the red segmentation line is the grid divided
by the YOLO network. Only the four grids in the upper left
corner are responsible for predicting the interest domain
with confidence, and the confidence of other grids is 0. The
confidence and expectations of the first level network detec-
tion are as follows:

confidence(Zone) = Pr(Zone) * IOU;;’:;, (40)

E(Zone) = BS? % I(Zone) » 10U, @)
oner= I(image) '

Second-level network:

The second level YOLO network takes the sub-image set
of interest region predicted by the first level network as the
input, and performs YOLO cascade detection on the sub-
image set, whose essence is the secondary division of the
grid. During the training process, increase the IOU of the
boundary box as much as possible to improve the training
precision and carry out as many effective calculations as
possible. The segmentation effect is shown in Fig. 11. The
confidence level of the second-level network is:

confidence(Birdnest) = Pr(Birdnest) s IOU'I‘;irre‘fj“eSl % confidence(Zone)

% P(distribution), = Pr(Birdnest) IOUl];irre‘i{“es‘ % confidence(Zone).

(42)

The bird’s nest prediction expectation in the interest
domain is:

it o CRU < . t / I

Fig. 11 Cascade network-second-level network prediction

s B
E(birdnest) = Z Z Pr(birdnest) * IOU"T" 4 confidence(Zone)
hmd fmd pred;
i=0 j=0 !
2 B
=confidence(Zone) * Z Z Pr(birdnest) % IOUPrdnest,
i pred,
i=0 j=0 i
(43)
The expectations of the cascade forecast are:
. BS? x I(birdnest) * IOUy; g BS? * I(Zone) * 10U,
E(birdnest) = * -
I(zone) I(image) 44
(B2 « I(birdnest) # I0Up; ey * 10U, 0 44)
- I(image) ’

where IOU represents the average IOU value of the grid
prediction anchor frame, because the anchor frame size is
given a priori by the data set clustering, and it is positively
correlated with the size of the input image. The closer the
ratio of the object to be detected to the anchor frame, the
larger the average IOU value, so the IOUy; 4. and IOU, .
given in the formula are both greater than the original IOU
cascade prediction precision.

A single-stage neural network’s average prediction pre-
cision is positively correlated with the number of training
samples. Suppose that the average prediction precision of the
neural network is F(Object, Base, n) when the training sam-
ple is labeled Object in the Base image, and the number is 7.

CG-CFDM is expected to have a higher precision than the
single-stage network based on the discussion above:

F(birdnest, Zone, n) * F(Zone,image, n) > F(birdnest, image, n).

(45)
In the data set of catenary bird’s nest, there are very few
sample data sets with bird’s nest annotation, and most of
the images do not contain bird’s nest. However, the num-
ber of samples in the interest domain data set is extremely
large, and the interest domain that has nothing to do with the
bird’s nest of the object to be measured offers information
about the distribution of the bird’s nest, as well as increasing
the overall detector’s precision by training on the interest
domain. Suppose the number of samples in the data set is
M, and the number of samples containing bird’s nests is N.

Then, the overall precision of CG-CFDM is:

P =F(birdnest, Zone, N) * F(Zone, image, M)
(46)

> F(birdnest, image, N).

The interest domain data set is relatively easy to obtain,
M > N. It is possible for the first-level detector to distin-
guish all the interest domains of the image when there are
enough samples.

F(Zone,image, M) — 1. 47)
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In the case of CG-CFDM, the precision reaches the extreme
value after the first-level detector is amplified to the extreme:

P,..x = F(birdnest, Zone, N). (48)

The precision of CG-CFDM is determined by the precision
of the second-level detector. The first-level detector plays a
role in object amplification, and the second-level detector
detects the bird’s nest of the object to be tested in the interest
domain. The average IoU value of the object is significantly
greater than that of the single stage.

5.3 Detection efficiency analysis

CG-CFDM is a two-stage detection network that cascades
two one-stage detection networks. The two-stage detection
has a clear physical meaning: the first level identifies the
catenary, while the second level identifies the damage that
birds cause to the catenary. Therefore, the CG-CFDM detec-
tion process can be flexibly controlled: since the second-
level detector uses the first-level detector’s results, a data
correlation exists between the two detectors, so a detection
pipeline can be developed between the first and second-level
detections.

It is necessary to latch the images recognized by the
first-level detector and the intermediate results of the first-
level recognition because the pipeline structure inevitably
involves latching data. Due to the large amount of data in
the image, the infinite accumulation of latches will cause the
program to consume an excessive amount of memory. The
circular buffer queue can therefore be used to latch the first-
level results. Several second-level detectors retrieve results
from the buffer queue and save the final results after sec-
ondary identification. Using computer clusters, the parallel
calculation of the second-level detector can be implemented
using the OpenMP programming model, or by using the MPI
programming model.

In the event that multiple second-level detectors write
to the same memory, errors will occur, but if the circular
buffer queue is set up as a critical resource for mutually
exclusive access, it will also limit the detection rate and
result in greater performance consumption. Therefore, the
asynchronous detection of the second-level detector can be
used to circumvent this problem. We will first describe the
structure of the circular buffer queue. The circular buffer
queue is composed of three arrays: one is the image array,
the result array, and the signal array. The algorithm allows
users to set the number of second-level detectors and set the
number of second-level detectors to k (k limits the number
of first-level detectors to identify the catenary, and generally
does not exceed 10). Its structure is described as Fig. 12
(When k is 3): (When k is 3).
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Resultarray| 0 | 1 | 2 | 3| 4
Signalarray| 0 l 1 | 2 | 3| 4

Fig. 12 The Structure of the circular buffer queue array

Detector
#2

Fig. 13 The structure of the second-level detector

Detector Detector
#0 #1

The image array unit stores the images analyzed by the
first-level detector. The result array unit stores the interme-
diate results produced by the first-level detector, that is, the
location information (x, y, w, k) of the domain of interest and
the type of the catenary. The signal array stores the status of
the result array, which is an integer, O: undetected, 1: invalid
detection, 2: valid detection. In the [ik, (i + 1)k]-th unit, the
validity of its unit is identified by the [ik, (i + 1)k]-th unit
of the signal array. The length of the result array or signal
array is defined as the length of the buffer queue buffersize.
According to the above definition and mapping relationship,
k|buffersize is required to ensure the memory alignment and
the continuity of the resluts. Since k is a variable defined by
the user dynamically, and the number of interest domains
for each image generally does not exceed 10, it can be set as
buffersize = H}=10i = 362880.

With the circular buffer queue structure introduced, the
asynchronous detection of the second-level detector can be
designed: A total of k second-level detectors are used to
analyze the data of the result array, where the number is
0 ~ k — 1, and the i-th detector is responsible for the i, i + &,
i + 2k,..., i + nk data unit detection tasksi = 0,1,2, ...,k — 1.
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Its structure definition description can be represented by
Fig. 13.

It is important to note that in this detection structure, dif-
ferent detectors can only read the same image array, and
write different signal arrays, without conflict or mutual
exclusivity.

The overall description of the pipeline parallel accel-
eration algorithm is given as follows. The signal array is
initialized as undetected, and the first-level detector con-
tinuously reads and analyzes the video stream data. After
reading the i-th frame, the image is put into the i mod
buffersize unit of the image array (mod is the remainder
operation). Then the image is analyzed, and q valid results
are generated. If g < k, the analysis result (x, y, w, h) is
stored in ik +j mod buffersize(j =0, 1,2, ...,q — 1) of the
result array. The ik + j mod buffersize(j = 0,1,2,...,q — 1)
unit setting of the signal array has been checked, and the
ik + j mod buffersize(j = q — 1, ...,k — 1) setting is invalid.
If g > k, the first & results are taken according to the con-
fidence level of the first-level detector’s detection results,
and they are treated as g < k. The x-th second-level detec-
tor initially fetches data from the x-th unit of the signal
array, and if its value is not detected, it waits until this unit
is invalid or valid; if this unit is invalid, continue to detect
the x + kth unit x = x + k; if it is a valid detection, take the
intermediate result (x, y, w, k) in the x-th unit of the result
array, take the image matrix in the x div k-th unit of the
image array, and analyze the (x, y, w, h) area; if there is
any problem, record the result of bird damage and continue
to detect unit x + k(x = x + k). According to the pipeline,
the detection rate of the second-stage detector must not
be lower than that of the first-stage detector. In the MPI
computing cluster environment, this algorithm can signifi-
cantly increase the detection rate, with a limit rate close
to the single-stage single-network detection rate, which
can be sufficient to meet real-time detection requirements.

The algorithm description is shown in Fig. 14.

First-stage
detector

Circular buffering
queue

Second Second - Second - Second -
stage stage stage stage
detector #3 detector #4

detector #1 detector #2

Fig. 14 Diagram of the pipelined parallel acceleration algorithm

6 Experimental analysis

This section describes the process and results of construct-
ing the CG-CFDM network data set, and then conducts a
comparison test experiment between different traditional
deep learning networks and the CG-CFDM network.
Finally, the optimal structure of the CG-CFDM network is
explored by changing the structure of the first-level detec-
tor and the second-level detector.

6.1 Experimental environment

The experimental hardware environment of this research is
the Intel Core 19-10900K processor with a main frequency
of 3.70 GHz, RAM is 64GB, Nvidia GeForce RTX 3090
graphics card; The experimental software environment
is Winl0 Professional Edition, Python3.8, Pytorchl.7.1,
CUDA 11.

6.2 Data annotations
6.2.1 Data set for first level interest domain detection

The first level network data set is composed of 3900
images containing catenary, and the interest domain is
automatically marked according to contextual reasoning
and template matching algorithm. Due to the environ-
mental error of the template library, some samples have
marked deviation, which requires manual verification. The
detection frame with matching errors shall be removed,
and the images with less matching quantity shall be sup-
plemented and marked. Figure 15 shows the template
matching results.

Because of the limitations of template matching,
which may not accurately mark all interest regions for
unknown samples. The template matching result after

T 3 1 T 1 ¥ 3 r T T

3817jpg 3818jpg 3819jpg 3820jpg 3821jpg

3 T 3 . > - - -

3823jpg 3824jpg 3825jpg 3826jpg 3827jpg
3829jpg 3830jpg 3831jpg 3832jpg 3833jpg

3835jpg 3836jpg 3837jpg 3838jpg 3839jpg

Fig. 15 Template matching result
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Fig. 16 The template gallery

manual verification is used as the data set of the first level
detector training. The image features of the interest region
are learned by the deep learning algorithm to identify
the interest region of unknown samples. It has strong
generalization ability and can identify all contact network
areas along the railway line that may have bird damage
more accurately.

6.2.2 Data set for second level nest detection

In the test data set, there are 126 images to be tested includ-
ing the bird’s nest, which is the sub-area of interest of the
catenary where the bird’s nest is located. Some of the images
have many environmental background factors, and the envi-
ronmental noise is large, which need to be removed manu-
ally. The manually deleted images constitute the training
data set of the secondary network, as shown in Fig. 16.

6.3 Bird nest detection under different models
6.3.1 Evaluating indicator

Firstly, all candidate boundary boxes of network prediction
are arranged in descending order of classification probability
value for each type of object, then the IOU threshold is set
to filter out the valid bounding boxes. The number of valid
bounding boxes noted denoted as True Positive (TP), the
number of invalid bounding boxes denoted as False Negative
(FN) and the number of undetected objects denoted as False
Positive (FP) will be counted to calculate the precision and
recall. These indicators are defined as follows:

Precison = x 100%, (49)

_TIP
TP + FP
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TP

Recall =——
TP + FN

% 100%. (50)
The precision is measured by the ratio of predicted true posi-
tive samples to the total number of positive samples. The
higher the precision, the less false detection of the mode.
The recall is the ratio of the number of predicted true posi-
tive samples to the total number of true positive and false
negative samples. The higher the detection recall, the less
missing detection of the model.

To ensure real-time detection Recall while maintaining
a relatively high detection precision, the detection speed
of the model should be increased as much as possible. To
measure the speed of detection, the number of processed
images per second (FPS per second) is generally used.

6.3.2 Testing process and results

The data set of the first-level detector is 3900 images, and
the target detection algorithm based on deep learning, such
as Faster R-CNN, YOLOvV3-spp, and YOLOV4, is used to
identify and train the interest domains along the railway.

The data set of the second level detector is 126 images,
and the bird nest in the interest domain obtained by the con-
textual reasoning algorithm is recognized and trained by
using Fast R-CNN, YOLOv3-spp, YOLOvV4 and other target
detection algorithms based on deep learning.

In addition, Faster R-CNN, YOLOv3-spp, YOLOv4, and
other deep learning-based object detection algorithms are
used to directly detect and recognize bird damages along
the railway. The experiment contains 400 images of bird’s
nests, of which 240 + 80 = 320 are taken as the training
set and the validation set are used for deep learning model
training, and the remaining 80 test images are obtained by
data enhancement and other methods to obtain 126 images
as the test set for testing the model.

6.3.3 First-level detector training

The first-level detector uses Faster R-CNN, yolov3-spp and
yolov4 detection models for training interest domain recog-
nition. Different network structures are used to detect inter-
est domains.

YOLOv3-SPP has 225 layers and 62.5 million param-
eters, while YOLOv4 has 327 layers and 64 million param-
eters. There is little difference in the backbone network
structure between YOLOv3 and YOLOv4, and YOLOv4 has
optimized and improved the training process: The prediction
box regression of YOLOv3 uses GIOU-Loss, which does
not distinguish the relative position relationship of objects,
while YOLOvV4 uses CIOU-Loss, which takes into account
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Fig. 17 10U curves: a Yolov3-GIOU, b Yolov4-GIOU

0 100 200 300 400 500 600 700 800
step

(b)

(b)

Fig. 18 Result comparison: a YOLOv3-spp, b YOLOv4-spp, ¢ Faster R-CNN

Table 2 Comparison of the number of interest domain detections in
the first-level network model

The first-level network The number of detections of inter- FPS
model est domain

Faster R-CNN 570 5
YOLOV3-spp 485 68
YOLOv4 521 43

the scale information of the center point of the bounding
box and the aspect ratio of the bounding box on the basis of
GIOU-Loss, which greatly improves the prediction precision
of the box regression.

The IOU curves during YOLOv3-spp and YOLOv4 train-
ing are as shown in Fig. 17.

The Fig. 17 illustrates that when the training progress
is the same, the CIOU of YOLOv4 is much larger than the
GIOU of YOLOV3. In addition, it provides more information
about the center position and size of the interest domain, as
well as better information about the regional characteristics
of the interest domain.

Faster R-CNN compares the YOLO series with two-stage
detection. The algorithm generates candidate regions first,
generates more prediction frames than the YOLO series

network, and then classifies and regresses the candidate
frames. In contrast, the one-stage algorithm of the YOLO
series directly classifies and regresses the input image with-
out generating candidate regions. Thus, Faster R-CNN has a
lower error rate and missed recognition rate, but its recogni-
tion speed is slower than the one-stage algorithm.

The interest domain recognition of different models is
compared as Fig. 18.

A total of 126 images of the catenary test data set along
the railway were examined. The prediction results of differ-
ent network models are as shown in Table 2.

The first-level network uses the Faster R-CNN detector
to identify the interest domain most accurately. On 126 test
set images, all interest domains on the contact web could
be accurately marked and the first extreme condition of the
network could be reached. It can be seen that the number of
candidate frames for Faster R-CNN interest domain detec-
tion is greater than that of the YOLO series network. There
is a large number of interest domains in the data set, and
their shapes are standardized and easy to identify. Although
the Faster R-CNN network performs better in identifying
interest domains, its detection speed is slower. As the FPS of
the cascade detector is only affected by the first-level detec-
tor, it is difficult to meet the conditions for real-time detec-
tion. As a first-level detector, YOLOv4 has a high degree
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Fig. 19 Label condition: a missing label, b mislabeling

Table 3 Comparison of direct recognition results of different models

Recognition model Recall Precision
Faster R-CNN [28] 61.71% 83.54%
YOLOvV3-spp [29] 77.48% 100%
YOLOV4 [30] 63.51% 97.24%

of precision and can meet the needs of real-time detection.
Therefore, it is an ideal choice as the first-level detector.

6.4 Result comparison of catenary bird’s nest
detection

6.4.1 Direct detection

If the data set is small, both one-stage algorithms, such as
the YOLO series, and two-stage algorithms, such as Faster
R-CNN, are limited in their ability to recognize small tar-
gets. In addition, the catenary bird’s nest has a single body

feature that is difficult to differentiate from environmental
samples, and it is difficult to train and test.

When using Faster R-CNN with small training samples,
it is difficult to learn the overall characteristics of the bird’s
nest sample due to its small size. There is a lack of expres-
sion ability, and it is prone to missing the label, which affects
the detection rate. In comparison to the Faster R-CNN net-
work, the YOLO series network is capable of multi-scale
object recognition. The bird’s nest, however, has relatively
simple physical characteristics, making it easy to confuse it
with environmental samples and prone to mislabeling, which
reduces the detection precision. Examples of missing and
incorrect labels are shown in Fig. 19.

Recent major representative models such as Faster
R-CNN, YOLOv3-spp and YOLOv4 [28-30] are used for
bird nest recognition, and the results are as shown in Table 3.

Based on the table, it is evident that, whether it is a two-
stage network, such as the YOLO series, or a one-stage net-
work, such as Faster R-CNN, when the bird’s nest data set is
small, the volume is small, and the physical characteristics
are single, the network has a poor learning effect, and it is
difficult to determine whether the bird nest exists. Bird’s
nests on catenaries along railway lines cannot be accurately
identified.

6.4.2 Second-level detector training

For the second-level detector model, 126 bird’s nest images
were trained from the template library. The detection task
of the second-level detector is to identify bird’s nests in the
domain of interest. The images in the data set are amplified
by bilinear interpolation. Even small bird’s nests can occupy
a large area in the image, and it effectively eliminates the
interference factors of environmental noise, and it has a very
strong anti-interference capability. By enlarging the bird’s
nest through bilinear interpolation along with the original
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Fig.20 IOU comparison: a YOLOv3-spp GIOU, b YOLOv4 GIOU
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Table 4 Performance comparison of different cascaded models

First-level detector Second-level detec- Recall Precision FPS
tor
Faster-RCNN Faster-RCNN 85.13% 98.95%  3.89
Faster-RCNN YOLOv3-SPP 98.13% 9591%  4.43
Faster-RCNN YOLOv4 90.99% 66.23%  4.29
YOLOv3-SPP Faster-RCNN 84.68% 99.47%  5.93
YOLOv3-SPP YOLOv3-SPP 92.79% 96.711% 3291
YOLOv3-SPP YOLOv4 89.64% 7595%  26.17
YOLOv4 Faster-RCNN 86.49% 99.48%  5.69
YOLOv4 YOLOv3-SPP 93.69% 97.65%  26.05
YOLOv4 YOLOv4 92.79% 70.55%  21.11

image, the trained IOU value has also been enhanced. The
comparison of IOU values of the same detection model with
the same training progress is shown in Fig. 20.

In the curve, it can be seen that the detection model under
the same YOLO series has a higher IOU value for the bird’s
nest amplified by bilinear interpolation, and can more accu-
rately locate the bird’s nest.

A total of 210 bird’s nests were detected in 126 images
in the test set using different first-level detectors, testing the
detection performance of second-level detector and calculat-
ing serially using both first and second-level detectors. The
test results are shown in Table 4:

According to the table, the worst detection Recall of the
cascade results of the CG-CFDM is 84.68%, still higher than
the best result 77.48% of existing direct detection shown in
Table 3.

The first level of the network induces and recognizes an
interest domain a priori, and the second level recognizes
the bird’s nest of the object to be tested within the interest
domain, and the distribution of the bird’s nest within the
interest domain is relatively straightforward. It can reduce
the interference caused by other environmental samples,
improve the discrimination of the bird’s nest, and simplify
the training process. The cascaded network is therefore not
highly dependent on the data set of the second-level object
to be measured, and only a few images are required to learn
the characteristics of the distribution of the bird’s nest.

The first-level detector uses Faster-RCNN to detect the
largest number of interest domains, and so it can reach the
extreme conditions of the cascade network, making it the
detector with the highest detection rate. Despite this, Faster-
RCNN has a low detection rate, and the detection rate of the
overall detector is limited by the first-level detector, which
cannot provide real-time detection. As a result, the expres-
sive ability of the YOLOv4 network is greater than that of
the YOLOV3, and it’s able to perform well in the recogni-
tion training of interest domains where there are many sam-
ples and the features of the objects to be measured can be

Table 5 Comparison of bird nest recognition results of different mod-
els

Recognition model Recall % Precision
%

Faster R-CNN [28] 61.71 83.54
YOLOV3-spp [29] 77.48 100
YOLOvV4 [30] 63.51 97.24
HOS+HLS [31] 88.42 62.15
PWA+RWP+PF+IBF [32] 91.38 88.69
CG-CFDM(YOLOV4 + YOLOV3-spp) 93.69 97.65

distinguished easily. In training, however, the precision of
performance is not high because the number of samples is
small and the characteristics of the samples are not clearly
evident. As shown in Table 5, the cascaded YOLOv3-SPP
network of YOLOV4 offer a higher recall and precision, as
well as a relatively higher frame rate, which can detect real-
time video along the railway.

7 Conclusion

In this paper, a solution based on machine vision is pro-
posed for the bird nest detection on the catenary of high-
speed railway. Based on the artificial priori, the possible
interest regions of the bird’s nest can be found through
the context-inspired reasoning algorithm, which greatly
reduces the search scope of foreign object detection. In
addition, the template matching algorithm is used to mark
the position of the interest region in the data set to obtain
the data set for in-depth learning, so as to improve the
generalization ability of the interest region recognition.
Then, the second-level detector is used to locate the bird’s
nest in the domain of interest. For a few data sets con-
taining bird’s nests, the detector cascades two one-stage
detection models to explore the parallelism of detection
algorithms at different stages, and realized the rapid and
accurate detection of the bird nest on the catenary of high-
speed railway.
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