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ABSTRACT
Railway transport is a type of transport which is commonly
used today. Rail line must be robust due to the heavy structure
of the railway vehicles. Components constituting the rail line
are very important to prevent the disruption of transportation.
In this study, faults are determined by monitoring the rail and
fastening components constituting the railway. Test vehicle
was used to get experimental data. The left and right rails were
viewed from different angles by four cameras placed on the
test vehicle. Status monitoring and fault detection were
performed by applying image processing and particle swarm
optimization methods to the images taken. Rail surface was
determined by taking the right and left images of rail line from
the right and left cameras from different angles. Images taken
from the right and left cameras were assembled for the
detection of faults in the rail surface. Image matching was
performed during the detection of fastening components and
the rail surface. Matching was performed for each image taken
from the camera by taking into account the correlation
coefficient. In the determination of rail surface, template
image and similarity were measured by taking specific
sections on the image respectively. After template image and
similarity ratios of all sections taken from the image were
calculated, the sectional image with the highest correlation
coefficient was determined as the rail surface. Sections were
taken randomly from the image during the detection rail
component. The correlation coefficient of the template image
was calculated with the sections taken. Correlation coefficient
was used as the coherence function in the particle swarm
optimization, and fastening components were determined.
Condition monitoring was performed by combining the
detection results obtained.
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1. INTRODUCTION
Railway transport is an important type of transport used
for many years. It has become a popular type of
transport with the increase of transport quality and
safety and the acceleration of the railway vehicles in

recent years. Components on the railway line should be
monitored at regular intervals to ensure continuous
transport security [1]. Railway components are generally
monitored in two different ways. Structures developed
for contact monitoring method are generally slow and
must be in contact with the railway components [2].
Such methods are not preferred today; instead of this,
non-contact condition monitoring methods are preferred
[3-5]. Railway line is monitored in a non-contact
manner by the cameras used in these methods, and faults
that occur in the railway line are determined by the
developed image processing algorithms [6-10]. Such
methods reduce the workload by working faster. Sun et
al. [11] developed an automatic inspection tool for rail
systems. They examined the pattern and shape of the rail
with a laser scanner. In the method developed, faults
occurring on the rail components were determined and
information such as repair and replacement of rails are
achieved. Contact monitoring method given in the
literature is a non-preferred method due to its cost.
When the studies in the literature were analyzed, it was
observed that non-contact condition monitoring methods
were more preferred, and that many approaches were
presented for the condition monitoring. Quingyong et al.
[12] made real time detection for faults occurring on rail
surface by developing an image processing based noncontact method. Part extraction was made from the rail
images, and rail surface was removed. Surface faults
were found on the rail surfaces removed by contrast
enhancing method. This method finds the surface faults
only by detecting the rail surface. Limin et al. [13]
proposed a method for the detection of faults that occur
in the rail surface using machine vision techniques.
They determined the roughnesses and cracks formed on
the rail surface by image processing. Edge extraction
methods were used for feature extraction on the image.
Trinh et al. [14] proposed a method for the detection of
railway components by using distance measuring
equipment, GPS sensor and 4 cameras. In the method
proposed, image processing based automatic control
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system was developed. Hough determined the horizontal
lines using the transformation for the detection of
connection plates and other components. Edge
extraction was made using sobel edge extraction, and
also fastening components and fastening plates were
determined in the method proposed and their positions
were determined. The general architecture of the method
developed in this study proposed is given in Figure 1.
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fastening components were performed on the images
taken. Rail and sleeper detection was performed using
line segment detector LSD algorithm on the images. The
experimental setup used in the proposed method is given
in Figure 3, and the flow chart of the data processing
module is given in Figure 4.
In the proposed method, detection of the fastening
components was performed by 95.2% success. 57124
images were taken using a 110 km long railway line to
test the proposed method. A total of 399078 fastening
components were determined on the images taken. The
size of the fastening components determined on the
images is 110 x 160 pixels. Results were obtained by
testing in other algorithms used in the proposed method.
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Fig. 1. General architecture of the railway control system in the
literature [14].
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Fig. 2. Flow chart of spalling image processing [15].

In the literature given in Figure 1, images were taken
from different locations on the railway using four
cameras. Fastening components were determined by
performing image processing on the images taken from
cameras.
In their study, Liu et al [15] proposed a machine vision
based method for the inspection of rail surface faults.
The proposed method is seen in Figure 2. Spalling faults,
cracks and many other faults formed on the rail surface
were analyzed. Image segmentation and some feature
extraction methods were applied to the railway image.
Dynamic matching was performed by removing the
faulty region from the image. The sizes of the cracks
formed on the rail surface were calculated, and fault
evaluation was performed.
Feng et al. [16] proposed a vision-based method for the
detection of railway fasteners, sleepers and the rail.
Component detection was performed applying image
processing method on images taken from the railway.
The proposed method for three different fastening
components was tested.
In the proposed method, images 560 x 900 pixels in size
were taken using experimental setup. The position
detection, classification and points rating of the

Fig. 3. Experimental setup used in the proposed method [16].
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Fig. 4. Flow chart of the data processing module [16].

In their study, Wohlfeil et al. [17] railway line crossings
detection was performed to prevent the collision of
trains on the railway line. Image of the railway line was
taken from the camera placed on the locomotive.
Railway components were determined from the image
taken, and line crossings were determined. The success
of the proposed method was observed by being tested in
different weather conditions in different regions.
In this study, the railway line was monitored with the
developed algorithms. Through four cameras used, rail
surface and fastening components on the railway line
were determined, and the sizes of faults occurring on rail
surface were calculated. By combining the results
obtained, condition monitoring and inferences of the
railway line were performed. Basic image processing
methods, image matching and particle swarm
optimization algorithms were used in the method
developed. They were matched with the images taken
from the camera using the template images representing
the fastening component and the rail surface. While
matching the rail surface, template image is scanned
over the entire image and the area with high correlation
coefficient is determined as the rail surface. Particle
swarm optimization was used while determining the
railway components. The results obtained by examining
the studies in the literature were compared with the
proposed method.
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2. PROPOSED METHOD

Start

In this study, railway components were determined
using image processing methods. Faults occurred on the
determined rail surface and fastening components were
identified, and condition monitoring was conducted.
Block diagram of the proposed method is given in
Figure 5.
In the block diagram given in Figure 5, images were
taken by four cameras from the railway line. Rail
surface determination was performed for the image
taken from each camera. Images were combined by
considering the rail surfaces determined right and left
camera of the right and left rails, and rail surface fault
determination was performed on the imaged combined.
Also, fastening component determination was performed
using particle swarm optimization. Condition
monitoring was performed on the railway line
combining the results obtained. Flow chart of proposed
method for the determination of rail surface faults and
railway component is given in Figure 6.
Rail surface template image which is in 30x320 size
used in the proposed method is given in Figure 7.a.
Template image was matched with the sections in
30x320 size taken from the railway image in 240x320
size in Figure 7.b. This process is repeated until the last
pixel on the image. The graph indicating the correlation
values of the sections on the entire image is seen in
Figure 7.c. After the matching process, section with the
highest correlation value is determined as the rail
surface [18-22]. The rail image surface determined is
given in Figure 7.d.
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Fig. 6. Flow charts of the proposed method a) Rail surface
determination method b) Rail component determination method.

a)

Fig. 5. Block structure of the proposed method.

b)

c)

d)

Fig. 7. Determination of the rail surface by using correlation
coefficient to the railway image a) Template image b) Railway image
c) Graph showing the correlation value calculated for each section
taken d) Determination of the rail surface on the image.

The operation for finding the similarity of each other by
examining “M, N” image matrices is given in equation 1.
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(3)
The algorithm uses two independent random
sequences, “r1 ~ U(0, 1) ve r2 ~ U(0, 1).” In addition,
“c1” and “c2” coefficients are “0 < c1, c2  2” learning
factors. Here, “w  [0.8, 1.2]” is the inertia weight and
original particle swarm optimization speed update
equation is “w = 1”. Fastening component determination
stages on a sample image using particle swarm
optimization is given in Figure 8.

In Figure 8, stages of the railway component
determination with particle swarm optimization on a
sample image taken from the camera are given.
Template image in 90x75 size used for matching is
given in Figure 8.a. Image in 240x320 size taken from
the camera is given in Figure 8.b. In Figure 8.c, Figure
8.d and Figure 8.e, results obtained during the iteration
in particle swarm optimization are given. Graph
showing the correlation value as a result of 20 iteration
is given in Figure 8.f.

a)

b)

c)

d)

Correlation value

In equation 1, “r” represents the correlation coefficient,
“σI” and “σs” represent the standard deviation of gray
values in template and search window, “σIS” represents
the covariance of gray values in search windows, “gI”
and “gs” represent the gray values in template and
search window, “ğI” and “ğs” represent the average gray
values, “R” and “C” represent the number of rows and
columns in the search window. Similarity between two
images will be more to extent how much nearer is the
correlation coefficient between the two images to 1 [23].
It is compared with the sections on the image taken from
camera by using a template image in the determination
of railway component. In the determination of railway
component, particle swarm optimization was preferred
instead of scanning the template image on the entire
image. Faster results are obtained using particle swarm
optimization. This algorithm is a population-based
optimization method to find the optimal results to
nonlinear problems by being inspired by the movements
of birds, fish and other flocks [24]. Particle swarm
optimization firstly generates individuals, each of whom
offers candidate solution, to find the optimal or near
optimal solution. A flock is composed of “N” pieces of
particle moving in “D” dimensional search space. The
position of “i.” at the “t” moment is used in assessing
the quality of the particle for any search or optimization
problem and represent the candidate solution or
solutions. It is represented by “xi(t)= (xi1, xi2, . . . , xiD)”.
Here, “xi,n(t)  [ln, un], 1  n  N ln” and “un” indicate the
upper and lower limits of “n.” dimension, respectively.
Each particle adjusts its position to the best position in
the flock during searching and also benefits from
previous experience. Namely, it adjusts its position
according to two factors: personal best position
indicated as “pi,j = (pi1, pi2, . . . , piD)” (pbest) and the
best position in the entire flock indicated as “pg = (pg1,
pg2, . . . , pgD)” (gbest). The speed in “t.” iteration is
indicated with “vi(t) = (vi1, vi2, . . . , viD)” and limited
with “vimax = (vimax1, vimax2, …, vimaxD)”. The next speed
and position of the particle is calculated according to
equation 2 and equation 3.

Iteration

e)

f)

Fig. 8. Determination of railway component using the particle swarm
optimization a) Template image b) Image taken from the camera c) 1.
Iteration d) 6. Iteration e) 10. Iteration f) Graph showing the
correlation values in 20 iterations with particle swarm optimization

3. EXPERIMENTAL RESULTS
In Figure 9.a, as it is seen in the experimental structure,
four cameras were fixed on the image receiving vehicle
with an angle of 45 degrees. Cameras were connected to
a computer and image transfer was performed. Images
taken were processed by the proposed method, and
condition monitoring results were achieved for the
railway line. The proposed method was tested on two
different railway lines with wooden and concrete
sleepers. Sample images taken from the railway line
with wooden sleepers and the results obtained are given
in Figure 10.
In Figure 10.a, railway images taken from four cameras
are seen. Images were obtained by taking from left rail
left camera, left rail right camera, right rail left camera
and right rail right camera. By applying the proposed
method on these images, railway components and rail
surfaces were determined as in Figure 10.b. Then,
images were combined considering rail surfaces. By
changing binary colour from the gray image of right and
left rail surfaces, faults occurring on the rail surfaces
were determined. The proposed method was also tested
on the railway line with a concrete sleeper. Sample
images taken during the testing process are given in
Figure 11.

International Journal of Computer Science and Software Engineering (IJCSSE), Volume 5, Issue 5, May 2016
O. Yaman et. al

Right rail
right
Camera

Right rail
left
Camera

Left rail
right
Camera
PC

Left rail
left
Camera
Experimental
tool

Left rail

Right rail

93

d)
b)

a)

Fig. 9. Experimental structure and image taking device used in image
taking a) Experimental structure b) Image taking device.

a)

c)

d)
Fig. 10. Images taken from the railway line with wooden sleepers and
the implementation of the proposed method to these images a) Images
taken from four cameras b) Determination of the rail surface and
railway components on the images c) Combining images considering
rail surfaces

Fig. 11. Images taken from the railway line with concrete sleeper and
the implementation of the proposed method to these images) Images
taken from four cameras b) Determination of the rail surface and
railway components on the images c) Combining images considering
rail surfaces.

Fastening components are different in the images given
in Figure 10 and Figure 11. In Figure 10, “K” fastening
type and material were used in wooden sleeper. In
Figure 11, “HM” fastening type and materials were used.
In Figure 12, graph indicating the correlation values for
the determination of fastening component on the railway
line with wooden and concrete sleeper along 100 frame,
and the correlation values for the determination of rail
surface are given.
Correlation values obtained in the determination of
fastening component of railway with wooden sleeper are
given in Figure 12.a. Correlation values were calculated
for 100-frame images taken from four cameras.
Similarly, results in Figure 12.b in the concrete sleeper
were obtained. Additionally, correlation values obtained
also in the determination of rail surface are given in
Figure 12.c. When the graphs are examined in Figure 12,
it is seen that correlation values vary between 0 and 0.8.
In the proposed method, a threshold value was
determined for the determination of fastening
component and the rail surface. The high or low
threshold affects the success rate of the proposed
method. Threshold value table is given in Table 1 for the
determination of fastening component in wooden and
concrete sleepers and also the rail surface.

a)
a)

c)

c)
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d)
Fig. 12. Determination of fastening component for the railway line
with wooden and concrete sleepers, and the correlation values for the
rail surface a) Wooden sleeper b) Concrete sleeper c) Rail surface
Table 1: Change of threshold value and the success rate in the
proposed method

Treshold
Treshold
values
wooden
sleeper
Treshold
values
concrete
sleeper

for

for

Treshold
values for rail
surface
detection

0,2
0,3
0,4
0,5

Success Rate (%)
Average
Standard
Deviation
89,4
3,16
79,4
3,65
63,4
3,27
52,8
4,36

0,2
0,3
0,4
0,5

80,1
73,8
62,2
41,0

3,2
3,7
3,7
4,9

0,2
0,3
0,4
0,5

98,1
92,3
82,5
52,5

1,3
2,9
3,5
4,1

As it is seen in Table 1, success rate increases to the
extent how small is the threshold value selected.
Determining the threshold value as 0.2 means that
determination has been performed. Threshold value was
selected as 0.4 for the proposed method. When the
threshold value was selected as 0.4, determination of
fastening component was successful by 63.4% for
wooden sleeper, determination of fastening component
was successful by 62.2% for concrete sleeper, and
determination of fastening component was successful by
82.5% for the rail surface. Due to the fact that ballasts
are on sleeper during the determination of fastening
component and are excessively affected by
environmental conditions, success rate is lower than the
determination of rail surface. When the threshold value
is applied, „Logic 1‟ fastening component could not be
determined for fastening component determination, and
'Logic 0' means that fastening component has been
determined. While condition monitoring is performed,
the number of black pixels in the image is taken into
account by converting rail surfaces to binary-based
image. Results obtained in the proposed method for the
combination of results and condition monitoring are
given in Figure 13.

In Figure 13, 16 pieces of undetectable fastening
components were found for 100 frame images "in the
determination of left rail and left camera", and 84 pieces
of determined fastening components were found. The
number of undetectable fastening component for "the
determination of left rail and right camera" is 12, it is 4
for "the determination of right rail left camera, and it is
22 for "the determination of right rail right camera". In
addition, rail surface fault ratio in each frame of the
determined rail surfaces is seen in Figure 13. Rail
surface faults formed along 100 frame are within the
range of 0% to 10% in the left rail surface condition and
the right rail surface condition graphs. These values
show that there is no excessive fault on the rail surface
and that the rail surface is robust.
In this study, the proposed method was tested in a
computer with intel i7 processor, 2.00 GHz speed, 8 GB
of RAM and 64 operating system. Working hours of the
method proposed for the determination of fastening
component and the rail surface are given in Table 2.

Fig. 13. Combination of results and condition monitoring.
Table 2: Working hours of the method proposed

Method
Tie
component
detection
method
Rail surface detection method
Tie
component
detection
method
and Rail surface
detection method

Average
time (ms)

Standard
deviation
(ms)

313,39

2,26

113,76

2,07

427,15

2,16

4. CONCLUSIONS
In this study, rail surface faults which are one of the
important faults that occur in the railway line and the
fastening component elements were investigated. Many
types of faults occur on the rail surface. When these
faults are not determined earlier and repaired, bigger
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faults occur and this leads to the occurrence of accidents.
Also, it causes rails to be fixed to sleepers as a result of
the dislodgement or loosening of fastening components.
Thus, railway vehicles may be derailed many major
accidents may occur. In the proposed method, rail
surface and fastening components are monitored to
avoid the occurrence of accidents occurring on the
railway and troubles in transportation. A test vehicle
was developed for this, and four cameras were placed on
them. Determination of rail surface and fastening
components were performed by taking images from four
cameras while moving on the railway line with the test
vehicle. Image matching was performed in the proposed
method. Using template images representing the rail
surface and the fastening component, rail surface and
the fastening component were determined by image
matching. Correlation values were used for image
matching process. Rail surface determination was
performed by comparing the sections obtained from
image taken from the camera and the template image. In
the fastening component determination, the process of
determination was accelerated using particle swarm
optimization. When the available studies in the literature
were analyzed, it was seen that while rail surface
determination was performed in some studies, fastening
component determination was performed in some
studies. In this study, railway line was monitored as a
whole by using four cameras and taking images from
different angles. In addition, the proposed method
determines both the rail surface faults and fastening
components.
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