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Railway fastener is an important part of the railway system. Keeping the fasteners effective is essential
to ensure the safe operation of the railway, so abnormal railway fastener detection is a main task of railway
maintenance. With the development of railway system, the traditional manual fastener detection method
has been unable to meet the application requirements, because it is very slow, costly, and dangerous. In this
paper, we propose a novel method for abnormal fastener detection based on computer vision, which can detect
missing and ectopic fasteners automatically. In this method, Minimal Significant Region is extracted in order
to improve the fastener localization accuracy. Then, fastener recognition is operated using local binary features
and Support Vector Machine classifier based on the fastener sub-images which are obtained by fastener
localization. The proposed method is evaluated in our own database which is obtained by railway inspection
system in different environments. The experimental results have shown improved performance against the
state-of-the-art algorithm.
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OG6HapyxeHune pgeceKToB B KINeMMHbIX
KpenjieHnsiX pesibCoB C NCMOJIb30BaHNEM
MMUHUManNbHbIX 3HAYUMbIX obnacren

W JIOKaJNbHbIX OMHAPHbIX LWAaG/IOHOB

©2019r. Honag FaN, Qiang WANG, YUN Luo, BAILIN Li

YcTpoiicTBa KpeNJIeHU I PeJIbCOB K HIMAaJaM — BajKHeHIIasd YacTh KOHCTPYKIIUY 3KeJIe3HOTOPOKHOI0 IIOJI0THA.
Iloanep:xaHue cucTeMbI KPeNJIeHHA B IOPAJKE CYyIIeCTBEHHO I 00ecIeyeHIsI 6e30I1aCHOCTH JBUSKEHNU I, TO3TOMY
oO0Hapy:xeHUe Te(eKTOB KPeNANINX YCTPONCTB ABJAETCA OCHOBHOM 3a/JaUeil B 00CIy;KUBAHUM KeJIe3HOTOPOKHO-
ro myTu. /IJ1g9 pa3BUTHUSA JKeJIe3HONOPOKHOr0 TPAHCIIOPTA TPAJUIIMOHHbIE PyYHbIe MeTObI CTAHOBATCS HEIIPUTO/-
HBIMHU B CHJIy MaJIO IPOM3BOANTEIbHOCTH, BBICOKOI CTONMOCTH U OIIACHOCTH [JIA 00CIy KNBAIOIIETO IIEPCOHAA.
IIpenoskeH HOBBII MeTOH OOHAPYKEeHHUI He()eKTHHIX KJIeMMHBIX KPeIlIeHuil, OCHOBAHHBII HA MCIIOJb30BAHUU
KOMIIBIOTEPHOTO 3PeHHs, MO3BOJISIONIUI OIPeaeaaTh OTCYTCTBYIOIIUE WU CMEIEHHbIe y3JIbI aBTOMAaTUYECKH.
B sTOM MeToe A NMOBBINIEHUST TOYHOCTH JIOKAJIU3AIUH y3Ja BBIAEIsAeTCI MUHNMAJIbHAS 3HAaUNMasi 00JIaCTh.
Jajiee, MPOM3BOAUTCS PaCIO3HABAHME y3Ja KPEIUIEHUS ¢ MCIOJb30BAHHEM JOKAJbHBIX OMHAPHBIX IIA0JIOHOB
H BCIIOMOTaTeJbHOTO BEKTOPHOTO KJacCH(HKATOPa, OCHOBAHHOTO Ha (DparMeHTax U300paKkeHuii y3JI0B KpeILie-
HUS, OJYYEHHBIX CUCTEeMOH HHCIIEKIIUY KeJIe3HOTOPOSKHBIX IIyTell B PA3INYHBIX YCIOBUAX. JKCIIEPUMEHTAIBHO
MOATBEPKAEHBI IPENMYIIECTBA MPEeAI0KeHHOTO MEeTONa II0 CPAaBHEHUIO C TPAAMIIHOHHBIMH aJITOPUTMAaMH.

KnroueBbie cnoBa: KperieHUs Xene3HO[0POXHbIX PeslbCoB, Kiaccupukayms M306,0a)KeHMV7, BMSyaﬂbeIVI KOHTPO/Ib,
MallnHHOe 3PpeHue.
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1. INTRODUCTION

Railway fastener is an important part of the railway
system, which is designed to maintain gage by keep-
ing both tracks firmly attached to the sleepers. How-
ever, the fastener status may become abnormal due
to the vibration generated by rolling wheels or pos-
sibly even by theft. Abnormal fasteners will affect
the smoothness of the train and even threaten the
safety of train operation. Therefore, the inspection
of railway fastener is essential to ensure train safety.
However, traditional manual detection mode is slow,
costly, and can’t meet the high maintenance frequen-
cy of modern high-speed railway. In recent years,
with the development of computer vision technolo-
gy, computer vision has been gradually adopted by
the railway companies as an inspection technology
in some aspects of railway system such as detection
of rail surface defects [1], detection of bird nests in
overhead catenary [2], fault recognition of freight
train [3], diagnosis of isoelectric line in railway [4]
and fastener defects detection [5]. In this paper, our
research focuses on the algorithm for detecting the
ectopic fastener and missing fastener based on com-
puter vision technology. The images used in this pa-
per are captured by two line-scan cameras installed
under the inspection train and the basic railway ele-
ments in the images are shown in Fig. 1.

Since the early 2000s, a number of vision-based
methods for railway fastener inspection have been
proposed. Singh et al. [6] used edge density to locate
the clips and detect missing clips, then detected re-
cently replaced blue clips based on color information
in the located window. References [7-9] detected
hexagonal-headed bolts using two 3-layer neural net-
works running in parallel and both networks took
the 2-level discrete wavelet transform (Daubechies
wavelets and Haar wavelets) as an input to generate
abinary output indicating the presence of a fastener.

Sleeper

Fastener

Track

Fig. 1. Railway image.

Hsieh et al. [10] confirmed the fastener region using
characteristics of grey-level variation and wavelet
transformation, and then they applied a morphologi-
cal approach to obtain the outline of fasteners, which
can inspect fasteners on the concrete or ballasted
track. Ruvo et al. [11] applied the error back propa-
gation algorithm to model two types of fastener and
implemented the detection algorithm on graphical
processing units. Yang et al. [12] extracted the direc-
tion field as the feature descriptor of fastener, and
then the weighted template matching was carried
out based on direction field, finally they detected the
missing fastener by the factor of weighted template
matching. Xia et al. [13] firstly located the fastener
using gray-level and gradient-based techniques, and
then an Ada-Boost approach was followed to deter-
mine the state of the fastener based on Haar-like
rectangle feature by dividing the fastener region
into several parts. Resendiz et al. [14] used texture
classification using a bank of Gabor filters followed
by a Support Vector Machine (SVM) to detect the pe-
riodically occurring track components such as rail,
ballast, tie plate, spike, and anchors. Liu et al. [15] lo-
cated the fastener region according to the geometric
prior information, and then an improved sparse rep-
resentation algorithm was performed to fastener rec-
ognition using the Pyramid Histogram of Oriented
Gradient (PHOG) of the two symmetrical fasteners.
Liet al. [16, 17] located tie plate by detecting its four
edge lines using the Sobel operator, and then applied
a Hough transform to detect the roughly elliptical
shape of spike heads in tie plate region based on edge
features. Feng et al. [18] located the fastener region
by detecting the lines of rail and sleeper using line
segment detector, and then detected partially worn
and completely missing fasteners using probabilis-
tic topic model based on Haar-like features. Khan
et al. [19] used Harris-Stephen and Shi-Tomasi fea-
tures to detect missing rail clips in image by match-
ing errors. Thanawit et al. [20] estimated coarse
regions of possible fastener from the track and tie
using edge density map and then employed PHOG
features and Epsilon Support Vector Regression to
detect missing railway fasteners. Gibert et al. [21]
employed Histogram of Oriented Gradient (HOG) as
the features to detect missing and defective fasten-
ers by training a group of pairs of SVMs with linear
kernel. Later, they improved their approach based on
the features learned by Deep Convolutional Neural
Networks (DCNN) instead of HOG features [22].
However, most of the algorithms cannot detect the
ectopic fasteners and only a few algorithms can detect
partly missing fastener, but the dimension of the fas-
tener features they used is high and often lead to clas-
sifier overfitting. The reason is that they cannot local-
ize fastener precisely and lack of robust description of
fastener due to surface variations that result from il-
lumination changes, weather changes, occlusions and
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Fig. 2. Normal and abnormal fasteners. (a)—(b) Normal fastener, (c)—(d) ectopic fastener, (e)—(f) partly missing fastener,

(g)—(h) completely missing fastener.
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Fig. 3. Flow chart of proposed abnormal fastener detection method.

other elements in the outdoor environment, thereby in-
creasing the difficulty of followed fastener classifica-
tion. To handle these problems, we propose a novel fas-
tener localization method using Minimal Significant
Region (MSR), which can provide accurate fastener
region and then simplify the followed fastener classifi-
cation that only need low-dimension features.

In this paper, an algorithm for abnormal fastener
detection of high speed railway is proposed based on
minimal significant region and local binary feature,
which can effectively recognize the abnormal fasten-
ers (Ectopic, completely missing and partly missing,
as shown in Fig. 2) in different environments. As il-
lustrated in Fig. 3, there are four main components in
our approach: MSR extraction, fastener localization,
local feature extraction and fastener classification.

2. PROPOSED FASTENER

LOCALIZATION APPROACH

In order to make the fastener localization more ro-
bust, the proposed method uses MSR in the vertical
direction to represent fastener. Then, an optimiza-
tion fastener template is generated for the localiza-

tion of all other fasteners as the standard template.
Finally, template matching is implemented to get the
precise position of fastener.

2.1. MSR feature Extraction

The salient region of a target is an important feature
of the target, which can represent the target robustly
when the external environment changes. As railway
fastener is always exposed to the external environ-
ment, image quality is greatly affected by the envi-
ronment and the weather. After analyzing the char-
acteristics of fastener image and in order to repre-
sent fastener stably in a changing environment, we
propose a new MSR extraction algorithm, which only
compares the gray levels of central pixel to its neigh-
bors in vertical direction and makes a Boolean oper-
ation on the results. Formally, the MSR extraction at
a given center pixel is defined as:

MSRn (c):s(gc,n—gc)S(gc+n—gc), (1)
where
@={5, it +<0 @
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and where g, and g, , are the grayscale values of the
central pixel P, and its neighbors P, , respectively.
Fig. 4 represents 2n + 1 vertically ordered pixels.
When calculating the MSR value of pixel P,, only
three pixels (P,, P,_,, P,,,) are used.

MSR extraction algorithm only has one parame-
ter n and its impact on the accuracy of fastener local-
ization will be analyzed later. Fig. 5 illustrates five
examples of extracted MSR of fastener in different
environment (The upper half is a part of original
image and the lower half is the corresponding MSR
map). It can be seen that MSR extraction pays more
attention to the clips of fastener. As the external en-
vironment and illumination changes, the fastener
appearance has undergone strong changes, but MSR
can still be stably extracted.

ctn

Fig. 4. Neighborhood structures of MSR extraction.

(b)

2.2. Fastener template generation

In order to localize fastener by template matching al-
gorithm, a standard template is required. According
to prior knowledge, a fastener sub-image is manually
cropped from one fastener MSR image as coarse tem-
plate, as shown in Fig. 6a. Then, in order to easily ob-
tain a large number of fastener sub-image examples,
the template matching algorithm (Section 2.3) is ex-
ecuted using the coarse template. However, some
of the fastener sub-images that are obtained by the
coarse template may not be accurate as the wide vari-
ance of appearances between the coarse template and
sub-image, so we remove the imprecise sub-image ex-
amples manually. Finally, to get the standard tem-
plate, the average of the sub-images examples is com-
puted and converted into a binary map by a thresh-
old, the formula is as follows:

1 N
Tstandard = Fle > THtemplate’ )
i=1

where T, is the sub-image example obtained by coarse
template, N is the total number of sub-image exam-
ples and TH,oppiate 18 @ predefined threshold. In this
paper, N is equal to 3000, TH,,,, ., is set to 0.6.
Once the standard template is determined, it will be
used as a constant for the localization of all the fas-
teners. The standard template used in this paper is
shown in Fig. 6b.

Fig. 5. Fastener images and their corresponding MSR images in different environments. (a) White fastener, (b) new

railway, (c) old railway, (d) rainy, (e) low illumination.
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Fig. 6. Fastener templates. (a) Coarse template, (b) stan-
dard template.

2.3. Fastener template matching

To obtain the precise region of fastener, fasten-
er template matching is conducted using the stan-
dard template. To perform template matching, sim-
ilarity between standard template and sub-window

Fig. 7. Examples of fastener localization results.
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of searching image is evaluated through SAD (Sum
of Absolute Differences) metric. The reason we
chose SAD is that for binary images, SAD equates
to the Hamming distance and can be calculated
easily. The SAD template matching formula is as
follows:

1 M N
A P 4
R, j) MxN;;|S(l+s Lj+t—1)=T(s,t) (4)

where S(x, y) is the searching image with the size of
mxn, which has been operated by MSR extraction.
T(x, y) is the fastener standard template with the size
of MxN.

After the template matching is completed, a co-
efficient matrix R is obtained. We only need to find
the smallest element of matrix R to determine the
exact location of fastener. For instance, if R(i, j) is
the smallest element of the similarity matrix R, then
the position of sub-window obtained by matching
is (i, j), that is, the exact location of the fastener in
the search image. Fig. 7 shows some examples of the
template matching results, in which we replaced the
MSR image with the original image to show clearly
and the rectangle indicates the fastener sub-image.
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3. ABNORMAL FASTENER DETECTION

In this section, abnormal fastener detection will be
performed based on the fastener sub-image which
is obtained by fastener localization approach. First-
ly, the ectopic fastener is detected based on the po-
sition of the fastener in original image. Then, in or-
der to make the detection of the partly missing fas-
tener and completely missing fastener more robust,
the Uniform Local Binary Patterns (ULBP) fea-
tures are extracted only in the key parts of fasten-
er. Finally, recognition of missing fastener is carried
out using linear SVM classifier based on the ULBP
histogram.

3.1. Fastener local binary feature extraction

The Local Binary Patterns (LBP) encoding meth-
od and its variants are widely used in target recog-
nition because of its simple algorithm, the ability to
capture the microstructure information and the illu-
mination invariance. We use ULBP to describe the
key parts of fastener, as there is no rotation variance
and scale variance to railway fasteners. The ULBP
is a variant of the original LBP and it has a lower
feature dimension than original LBP. The original
LBP operator, proposed by Ojala et al. [23], compares
the central pixel and the surrounding neighborhood.
Formally, the original LBP operator at a given center
pixel is defined as

N-1
LBPy p= > s(g,—g.)2", (5)
n=0
where
1, if x>0
) ={5, it 520 ©

and where g. and g, are respectively the grayscale
values of the central pixel p, and its neighbors p,
n=0,1,...,N-1).

Ojala et al. [23] also found that certain local bi-
nary patterns, which represent the fundamental
properties of texture, provide the majority of all
the patterns. The U value of the LBP pattern is de-
fined as the number of spatial transitions (bitwise
0/1 changes):

N-1

U(LBPN’R): 3
n=0

@

S(gn - gc)_s(gmod(n+1,N) _gc)’

where the function mod (& () is the modulus of &
to C. The patterns with a U value below or equal to 2
(U <£2)aredefined as “uniform” patterns and the oth-
ers as “nonuniform” patterns. So the uniform LBP
reduces the dimensionality of the basic LBP with
2N bins into only N(N — 1) + 3 distinct values. For an
image, after computation of ULBP patterns for each
image pixel, the image texture is represented by the
histogram of the patterns.

To represent the fastener more effectively, the
feature extraction is operated only in the key parts
of the fastener. Since our images are acquired by
line-scan camera, there are no differences in view-
ing angles and scales for different fastener sub-
images. So we can define the key parts as two fixed
regions in the fastener sub-image. The key parts
need to cover the top and bottom elastic clip of the
fastener and Fig. 8 shows the key parts defined in
this paper. Finally, the features of the two key parts
are concatenated to form the entire fastener feature
vector

f= ftop + fbottom’ (8

where ftop is ULBP histogram of the top key part and
Tbottom 1S ULBP histogram of the bottom key part. In
this work, eight neighbor points and a 2-pixel radius
around the center pixel are set for ULBP parameters.
So the feature dimension of each fastener is 59x2 and
59 is the dimension of ULBP feature. Fig. 9 demon-
strates the ULBP feature histograms of three fas-
tener sub-images, in which two of them are missing
while the other one is normal.

3.2. Fastener classification

To recognize the ectopic fastener, the deviation of
horizontal position is computed and then compared
to a threshold which is obtained according to the pri-
or positional relationship of fasteners. The deviation
D, is computed as follows

D =|X;-X,| ()

where, X is the horizontal coordinate of the fasten-
er i, as the Fig. 10 shows. X, is a dynamic value and
updated by calculating the average horizontal coor-
dinate of the five nearest fasteners that have been
identified as normal ones. A threshold is then ap-
plied to the deviation D, to determine if the fastener
i is ectopic or not. The fastener i is considered as ec-
topic when the deviation D, is higher than or equal to
the threshold TH,

ectopic *

Top key part

Bottom key part

Fig. 8. Illustration of fastener key parts.
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Fig. 9. The statistical histograms of ULBP for missing and normal fastener. (a) Fastener sub-images, (b) ULBP feature
maps, (c) statistical histograms of ULBP.

To recognize the missing fastener, the local bi-
nary features f computed in section 3.1 are fed into a
trained linear SVM classifier. In the training datas-
et, fasteners are only labeled as two classes including
missing fasteners (partly missing and completely
missing) and normal fasteners.

3.3. Algorithm of proposed abnormal
fastener detection

Algorithm 1. Abnormal fastener detection

Inputs: Original images, Standard fastener template;
Outputs: Abnormal fasteners;
Algorithm:
for Each original image i
Extract Minimal Significant Region of original image;
Localize fastener using template matching;
for Each fastener j in original image i // Each original
image has three fasteners for detection. //
Fig. 10. Illustration of ectopic fastener. Compute the deviation D; using equation (9);
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if Di 2 THectopic

Fastener F; is labeled as abnormal fastener (ectopic);

else

Extract local binary feature of the key parts fij using equa-
tion (8);

Classify fij using linear SVM classifier;

if fij is classified as negative

Fastener Fij is labeled as abnormal fastener (partly miss-
ing or completely missing);

else

Fastener Fij is labeled as normal fastener;

Update X,

end for

end for

4. EXPERIMENTAL SETUP

4.1. Database and parameter
Database:

The database used in this paper is our own da-
tabase, which is obtained by railway inspection
systems in China high-speed railway from Wuhan
to Guangzhou. The database consists of data A and
data B.

Data A is used to test the algorithm of fastener lo-
calization and ectopic fastener detection. Data A con-
sists of 10,000 original images which are obtained in
different external environments, including new rail-
way, old railway, rainy day, low illumination and so
on. Each image has one rail and 6 fasteners on two
sides of the rail, as shown in Fig. 11. In this work,

Fig. 11. Original images for fastener localization.

we only detect the fasteners on left side, so there are
30,000 fasteners to test in data A, including 200 ec-
topic fasteners.

Data B is used to test the algorithm of missing
fastener detection and consists of 4,000 original im-
ages which are obtained by railway inspection system
in different external environments. The total number
of fasteners to be detected in Data B is 12,000, includ-
ing 10,000 normal fasteners, 1000 partly missing fas-
teners and 1000 completely missing fasteners. Each
image has three fasteners to be tested and contains
at most one defective fastener. Some examples of fas-
tener sub-images are shown in Fig. 12.

Parameter settings:

Size of input image — 820x360,

Size of template — 90x64,

Threshold for ectopic fastener detection:

THectopic =5.
4.2 Evaluation Method
If the location obtained by fastener localization
is less than 3 pixels from the true position (as de-
termined manually) in both horizontal and verti-
cal directions, then it is defined as correct location.
Localization rate is used to evaluate the fastener lo-
calization algorithm and it is defined as follows:

Lr-C, (10)
M

where C is the number of fasteners located correctly
and M is the total number of test fastener samples.
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Fig. 12. Sub-images for fastener recognition.

Precision and recall are used to evaluate the de-
tection of abnormal fasteners and they are defined
as follows

Recall = 2, (11)
N
Precision = L, (12)
TP+ FP

where TP is the number of correctly classified sam-
ples for a class, FP is the number of unexpected sam-
ples classified to this class, and N is the total number
of the test samples for this class.

For ectopic fastener detection, TP is the number
of correct alarm for ectopic fastener, FP is the num-
ber of normal fasteners classified to ectopic fastener
and N is the total number of ectopic fastener.

For missing fastener detection, TP is the number
of correct alarm for missing fastener, FP is the num-
ber of normal fasteners classified to missing fasten-
er and N is the total number of missing fastener.

5. EXPERIMENTS AND RESULTS

5.1. Fastener localization analysis

In this experiment, fastener localization method us-
ing different n values is firstly evaluated on data
A. Then the ectopic fastener detection is evaluated.
Table 1 shows how the MSR’s parameter n influences
the accuracy of fastener localization.

Table 1. Results of fastener localization

Parameter Localization rate
n=3 83.34%
n=4 97.78%
n=>5 99.96%
n==6 99.98%
n="17 96.67%
n=28 96.24%
n=10 95.52%
n=12 93.84%

It can be seen from table 1 that the highest local-
ization rate is achieved when n = 6, after which the
localization rate became lower. The reason is that
when n is equal to 6, the minimal significant region
can be completely extracted without introducing in-
terference since the height of the minimal area of
clip is approximately equal to 6 pixels.

Table 2 shows the ectopic fastener recognition re-
sult which is obtained based on the best localization
result (n = 6). It can be found that the ectopic fas-
tener recognition method achieves a good precision—
recall performance. The precision and recall are not
very high, because the total number of normal fas-
teners is far greater than that of ectopic fasteners in
the test set and the localization of ectopic fastener is
more difficult than normal fastener. In fact, 191 out
of 200 ectopic fasteners are correctly detected and
7 normal fasteners are falsely classified.

5.2. Missing fastener detection

under different environments

In this experiment, missing fastener detection meth-
od is evaluated on data B. In order to evaluate the ro-
bustness of our method, we test our missing fasten-
er detection method using 10-fold cross-validation.
The dataset is divided into ten parts, in which one

Table 2. Result of ectopic fastener recognition

Precision

92.3%

Parameter Recall

n==6 95.5%

Table 3. Results of missing fastener recognition using
different methods

Feng‘s Thanawit’s Gibert’s

Method [7] [20] [21] Ours
Features for Lines Edge CNN MSR
localization density
Features for Haar-like = PHOG CNN ULBP
classification
Recall 99.42% 98.25% 99.50% 99.90%
Precision 96.14% 84.56% 98.27% 99.18%
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part is selected as the test set and the others com-
bined as the training set. Then, linear SVM classifier
is executed on the training set and test set. Ten tests
are carried out and the average result is compared to
that obtained by other three state of the art methods
based on our image database, as shown in Table 3.

It can be seen that our method outperforms the
others in both recall and precision. There are two
main reasons: 1) other methods cannot get the fasten-
er region as precisely as our method and 2) our method
only extracts the features in the key parts of the fas-
tener, however the other methods extract the features
of the entire fastener. Although the performance of
our method is only slightly better than Gibert’s, the
computational complexity and the feature dimension
of our method are significantly lower than Gibert’s.

6. CONCLUSIONS

The detection of abnormal fasteners is an impor-
tant task in railway maintenance. In this paper, an
abnormal fastener detection method based on min-
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