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ABSTRACT

The article takes the defect detection and recognition of railroad track as the main research point, and
extracts, preprocesses and corrects the railroad track surface image by introducing image
segmentation algorithm. Gabor function, K-means clustering method and conditional iterative pattern
algorithm are embedded in the original Markov random field model to construct the improved two-
layer graph model for railroad track defect segmentation. The recall, precision, mean average precision,
and loss function of the improved Markov defect segmentation model are significantly better than
those of the original model, and the mean average precision of the defect segmentation model is
increased to 95.7% after the Gabor function, K-means clustering method, and conditional iterative
pattern algorithm are applied. The improved Markov defect segmentation model fused with clustering
features in this paper can better meet the classification and identification of railroad track defects.

Keywords: image segmentation, Markov random field, clustering features, defect segmentation mode,
defect recognition

1. Introduction

As an important transportation infrastructure, railroad is an important part of a country's
comprehensive transportation system, which plays an important role in supporting and promoting the
rapid development of the national economy and society, guaranteeing the security of the national
territory and energy, and providing comfortable and satisfactory travel services for the people [1-2].
With the increasing scale of China's railroad network and passenger transportation turnover, coupled
with the complex and changing environmental factors such as operating weather conditions, the
railroad department's requirements for the railroad safety operation monitoring system in terms of
monitoring capability, early warning and prediction capability have been continuously improved |[3-
5]- At present, most of the railroad lines to implement video surveillance monitoring, the arrangement
of video images obtained by the camera to manually realize the observation, the degree of automation
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is low, often cost a lot of manpower and can not guarantee the reliability of the detection [6-8]. Only
rely on human detection, fixed-point installation of monitoring points can not meet the needs of
society to realize automation [9]. The application of machine vision combined with image processing
technology for track obstacle detection can improve the automation degree of the detection system,
but it is easily affected by the complex environment and environmental changes, and cannot achieve
the expected processing effect, with lower reliability and accuracy [10-13]. And because these image
data are unstructured data, the traditional analysis methods based on structured data are no longer
applicable, while the shallow machine learning methods in the past are not sufficient to mine and
analyze the data, resulting in a large amount of valuable information is not effectively used [14-17].
How to design a segmentation algorithm with good real-time performance and strong robustness is
the key to quickly realize the identification and analysis of railroad track images based on machine
vision.

A large number of scholars have conducted research on how to enhance the railroad safety
monitoring system and improve the collection, mining, analysis, and identification of railroad
operation safety big data. Wang, Y. et al. designed an adaptive railroad track region segmentation
algorithm and used the Hough transform to synthesize the segmented image fragments into localized
regions according to clustering rules to achieve accurate and fast classification and identification [18].
Shang, L. et al. proposed a two-phase railroad track defect monitoring method using image
segmentation processing to generate cropped track images and input them into a convolutional neural
network for classification, which significantly improved the accuracy of track defect monitoring [19].
Wei, X. et al. discussed a multi-objective defect recognition method for railroad track fasteners based
on image processing and deep school technology, introducing variance projection and wavelet
transform to process image data and combining with deep learning algorithms to extract and
categorize image features, which effectively improves the accuracy and efficiency of the model for
defect detection [20]. Gao, H. and He, T. introduced the region of interest delineation method into the
detection of foreign object intrusion on railroad tracks, and used the improved Sobel image edge
detection algorithm to delineate the region of interest of the track image to improve the accuracy of
track image detection and recognition [21]. Wei, D. et al. constructed a railroad track line image
segmentation model (RTLSeg) based on YOLACT and YOLACT++, and at the same time introduced the
attention mechanism to further improve the detection and segmentation accuracy of the railroad track
image, which meets the demand of the railroad track for rapid detection and accurate recognition [22].
The above literature shows that the combination of image segmentation processing algorithm and
deep learning network plays an important role in realizing image recognition, segmentation and
detection in railroad locomotive traveling process and shunting operation scene, and the information
it mines provides support for intelligent analysis and decision-making of railroad operation safety.

In this paper, the image processing method is used on the railroad track to extract and preprocess
the image of the railroad track area. In order to reduce the image error, the railroad track surface image
is geometrically corrected and a projection model is established. Markov random field method is
selected to segment the defects of the railroad track, Gabor preprocessing, K-means clustering and
conditional iterative pattern algorithm are introduced to establish the improved two-layer graph
model, and the improved Markov defects segmentation model fused with clustering features is
constructed. Defect detection experiments are conducted on the improved defect segmentation model
to understand the detection accuracy of the improved Markov defect segmentation model with fused
clustering features. In addition, the defects of railroad tracks are classified and recognized to further
explore the recognition effect of the model in this paper.

2. Railway track surface area extraction and image pre-processing

Image segmentation technology is a key step from image processing to image analysis, which plays an
increasingly important role in remote sensing, military, meteorology and other fields. In this paper, it



RESEARCH ON RAILWAY TRACK IMAGE ANALYSIS AND 6593

is applied to the railroad track to detect and recognize the defects of the railroad track. The original
image collected on site contains noise and interference areas (track, gravel, weeds, etc.), if the defective
target is detected directly from the original image, it will inevitably be interfered by the gravel on both
sides of the track or weeds, etc., and these interference areas not only increase the difficulty of
detecting defective targets, but also increase the detection time. For this reason, we should first
separate the interference region and the rail area, extract the rail surface area (generally known as the
rail surface area), and then pre-process the extracted rail surface area to attenuate the interference of
noise and enhance the contrast of the image, to provide a good condition for the subsequent rail defect
image segmentation, defective feature extraction and so on.

2.1.  Track surface area extraction

Analysis of the collected original images shows that: the surface area of the rail is high and more
uniform due to long-term friction with the train wheels, while the interference area usually includes
the side part of the rail, the gravel or weeds on both sides of the track, which has a lower brightness.
Based on this, this paper proposes a maximum brightness and rail surface area extraction method
based on RGB color model, which is not only applicable to the rail surface extraction of color rail images,
but also can be accurately extracted for grayscale images, has the advantages of wider applicability
and fast speed, and can quickly and efficiently extract the rail surface area from the original image
which contains the surface area of the rail and a large number of interference areas.

The rail surface extraction algorithm based on the maximum brightness sum is extracted according
to the brightness value of the rail surface region in the captured original image is greater than the
brightness value of the non-rail surface region. The specific process is as follows:

Step1: Calculate the maximum luminance sum of each column of the input image to generate the
maximum luminance sum curve. Let the captured original image be / ,the maximum luminance sum
ofimage / incolumn ~ is sum(x),and the formula for sum(x) is:

sum(x) = ZF(X, V) (1)

Where, H is the height of image /, F(x,») is the maximum luminance value of image / at
position (x,¥),ie. F(x,y)=maxX(f,, [, f3), (fzoSs-f5) isthevalue of (R,G,B) at (x,y).

Step2: Coordinate transformation. The vertical coordinate of the maximum brightness and curve is
sum(x), and the horizontal coordinate is the width of the rail image #, when the rail image and the
maximum brightness and curve are superimposed, it is not possible to display the maximum
brightness and curve in the captured rail image, (the size of the captured image is 480pixel x 640pixel,
then its height is 640pixel, and the maximum brightness and the maximum brightness of the column
is the sum of the values of the 640 max(R,G,B), which is much larger than 640). This value is much
larger than 640), so the following transformation of the vertical coordinates needs to be done, and the
new vertical coordinates are sum (x):

sum' (x) = sum(x)/ 255 (2)

Step3: Determine the start point BY and end point BY2 of the track surface boundary. Since the
brightness of the surface area of the rail is greater than the mean value of brightness in Image f , the
start and end values of the boundaries can be determined by automatically finding boundaries whose
brightness is greater than the mean value:

Psum /255 zisuml(x)/(Wx H) 3)

x=1
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Where Psum is the average value of luminance of image / . Since Psum is smaller than the
luminance value of the rail surface, the first column greater than Psum is set as the starting boundary
value BY, and the last column greater than Psum is set as the end value of the rail surface boundary
BY2, and finally the rail surface region is extracted based on BY and BY2.

2.2.  Rail surface image pre-processing

2.2.1. Rail Image Filtering. In the process of image acquisition and transmission, due to the
performance of the CCD sensor, image acquisition card and the influence of the external environment,
the captured pictures often contain noise, such as pretzel noise and Gaussian noise, etc. These noises
will not only cause blurring of the details of the image and reduce the quality of the image, but also
bring a lot of difficulties to the image processing, which will have a direct impact on the image
segmentation, feature extraction and so on. Therefore, it is necessary to preprocess the extracted rail
surface area. In this paper, different templates of mean filter, Gaussian filter, and median filter are
selected to filter and analyze the extracted rail surface area, and finally the filtering algorithm suitable
for this paper's data set is selected. Considering that the color image processing is more time-
consuming, the complexity of the algorithm is higher, in order to consider real-time, the extracted rail
surface image needs to be converted into gray-scale image for subsequent processing.

1) Mean value filtering. Mean value filtering is a linear filtering algorithm for local spatial domain
processing [23], and its basic idea is neighborhood averaging, i.e., averaging the grayscale of the pixels
in the neighborhood of the image, and taking the average value as the grayscale value of the target
point, so that the impact of the noise point can be shared to the pixels in the neighborhood, thus
reducing the overall impact of noise on the image. Although mean filtering can quickly filter out
granular and Gaussian noise from an image, the blurring of image details increases accordingly as the
radius of the filtering template increases.

The mean filter achieves the filtering process by weighted averaging the pixels in the neighborhood,
let the input image be f(x,»), take a neighborhood S for each pixel point of f(x,»), calculate the
mean value of the gray level of all pixels in S, and use it as the pixel value of the image G(x,y) after
the neighborhood averaging process, viz:

G(x,y)zﬁ S 1G.)) )

(i.))eS

Where, S isthe neighborhood window, M isthe number of points of pixels in the neighborhood,
and G(x,») isthe gray value at (x,») after mean filtering.
2) Gaussian filtering. Gaussian filtering is a simple and fast linear smoothing denoising algorithm [24].
The Gaussian filter gives different weights to different pixels in different locations when processing
the image, with higher weights in the center and lower weights away from the center, the significance
of such an arrangement of weights is that when filtering with this template, the overall gray scale
distribution of the image can be retained more. Gaussian filter has a good filtering effect for white
noise, but the adaptive function is poor due to the neglect of the image local gray scale similarity and
local texture differences. The Gaussian filter is denoted as:

1 xP+y?
G(x,y)= Py GXP{— 20; }(—L <x,y<L) (5)

where ¢ isthe standard deviation and [ is the template size.

3) Median Filtering. Median filtering has been widely used to filter out pepper noise and smooth image
edges [25]. Linear filters (e.g., mean filter, Gaussian filter, etc.) will cause image blurring as the filter
template increases during the smoothing and denoising process, while median filtering, as a typical
nonlinear filtering technique, can avoid the problem under certain conditions. The principle is to sort
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the pixel values in the sliding window and replace the center value of the window with the sorted
median value, the median filter is defined as:

g(x,y) = Median{f (k,1)} (6)

Where Median represents the operation of taking the median value, f(k./) is the gray value of
pixel point (k,/) within the window. The size of the window is usually odd, if it is even, the median
gray value of the center point of the window is equal to the average of the gray values of the middle
two pixels.

2.2.2. Image contrast enhancement. Scientists have done a lot of research on the information
processing mechanism of human visual system from biology, anatomy, neurophysiology, etc. Research
shows that the human eye has a certain adaptive regulation of light intensity, but the visual system is
not sensitive enough to the absolute brightness, and it needs to rely more on the luminance difference
between the target and the background to make a judgment. Therefore, in order to better segment the
track surface image, this paper introduces the gray scale contrast map algorithm to enhance the
contrast between the background and the defects. The grayscale contrast map algorithm converts the
grayscale map into a grayscale contrast map, and the conversion formula is:

C(x,y) = (R(x,y)-g(x))/ (R(x,y) + g(x)) (7)

where C(x,y) represents the generated grayscale contrast map, and R(x,y) and g(x) represent
the gray value at (x,») and the average gray value in column =~ of the grayscale image, respectively.

3. Orbital image correction

Since the camera cannot take pictures right above the track, we need to correct the position of the
pictures taken. Use appropriate methods to minimize measurement errors.

3.1.  Geometric Transformation Processing of Orbital Images

An image geometric transformation is a transformation of the spatial location of an image [26], which
maps a coordinate position in the original image to a new coordinate position in another image. The
key when we work with orbital images is to determine this mapping relationship, as well as to find the
parameters of the transformation during the mapping process.

The geometric transformation of the track image does not affect the gray value of the image, which
is good for identifying the defects of the image, the geometric transformation only changes the position
of the elements in the image. The geometric transformation requires two parts of the operation: firstly,
the mapping relationship in the image, for example, angular transformation or translation, determines
the calculation method of the original image and the output image. In addition, attention needs to be
paid to the distortion that is brought to the processed image when the interpolation algorithm is
applied in the calculation process, because by performing the image transformation calculation, the
pixel coordinates of the original image may be non-integer coordinates in the output image. This
requires a difference calculation.

Let the original image f(xo,yo) be geometrically transformed to produce a target image of
g()q,yl). The transformation relation in this space can be expressed as:

X =5(Xp, 1) (8)
N =1X, %) 9)
where S(xo,yo) and t(xo,yo) are the coordinate transformation functions from f (xo,yo) to

g(x, ).

The formula is as follows:
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S 0 0
[x » =[x » 1] 0 S, 0 =[xo”‘S)C Yo *S, 1} (10)
0 0 1

The magnification factor of the image in the x-axis directionis S, and the magnification factor in
the J-axis direction is Sy . The magnification of the image is performed by setting their values.

In the process of calculation, it is sometimes necessary to perform the inverse operation on the
image, and its inverse operation formula is as follows:

L 0 O
SX
1 Xy
[x % 1]=[x y] 0 — 0 ={—1 =L l} (11)
0 0 1 1 Sy S, Sy
0 0 1

[t can be seen from the transformation of the image, the main work is to find out the relational
equation of the transformation, and then the data processing in the process of transformation, this
chapter through modeling to transform the image of the track, first of all, through the Matlab pairwise
comparison of the image with the standard image, to obtain the coefficients in the transformation, in
the data processing, for the non-integer coordinates of the point, the interpolation algorithm, the
fitting instead. Finally, VC is applied to the program to correct the image.

3.2.  Interpolation Algorithm

There are two methods for realizing geometric operations. The first is known as the forward mapping
method, which is based on the principle of transferring the grayscale of the input image to the output
image pixel by pixel, i.e., calculating the coordinates of the target image from the coordinates of the
original image: g(x;,),)=f(a(x,,¥,),b(x,,¥,)). Simple transformations of an image (transformations
such as translation, mirroring, and so on) are generally performed in this way. The other is called the
backward mapping method, which is the opposite of the forward mapping calculation method for
image transformations, where a raster of pixels in the output image is first created and then
corresponded one by one to the pixel coordinates in the original image. In this thesis, the camera is
not mounted directly above the track and the image needs to be deskewed, the second mapping
method is used.

In the backward mapping, interpolation calculation is needed, and the more commonly used
methods are nearest difference, bilinear interpolation, and higher order interpolation. Nearest
difference is simpler compared to other interpolation methods, where the value of the output pixel is
determined by the pixel value of its nearest neighboring sampling point.

Nearest interpolation can be expressed as:

f(x,y) = g(round(x),round(y)) (12)

Bilinear interpolation is a more accurate algorithm for processing the two-dimensional orientation
of an image. Itis obtained by interpolating the grayscale of a series of points around a pixel. The general
form is the closest 2x2 neighborhood, and the weighted average of the other points is calculated to
determine the value of that point.

Given that the point mapped back to the original image is known and is not at an integer coordinate
position, and that the four points closest to that point are unit squares f(0,0), f(1,0), £(0,1), and
S(,1), use the above method to compute the value of point f(x,») inside the square.

The first two points at the upper end of the square are calculated to obtain:
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S (x,0)= f(0,0)+x[ /(1,0)- /(0,0)] (13)
Calculate again for the two points at the lower end:

S = f0,D)+x[ /(1,1 - f(0,1)] (14)
Finally, the calculation is obtained in the vertical direction:

Sy = fLy)+yLf (D) - f(x,0)] (15)

Organize the equations above:

Sfe,y)=1f1,0)+ £(0,0)]x +[£(0,1) - £(0,0)]y
HAALD+£(0,0)- £(0,1) - £ (1,0)]xy + £(0,0)

Higher order interpolation is a more computationally cumbersome method. In image processing,
bilinear interpolation utilizes linear transformations of gray levels that degrade the details of the
image, and the slopes of the changes in the gray values may be discontinuous, which can produce
effects we don't want, such as image distortion. These problems can be solved by higher order
interpolation, which operates through convolution. The value of the output pixel is arrived at based on
the value of other point pixels in the 4x4 field closest to it. In this way the image details are better
preserved, but the computational effort increases considerably during image processing.

The results obtained by the recent interpolation method are worse for the boundary, and a
comparison of the three interpolated images shows that the jaggedness of the boundary decreases in
order as the order increases. The boundary of the recent interpolation is clearly not as good as the
other two, while a comparison of the higher order interpolation with the bilinear interpolation shows
that the difference between the two is not very significant. Higher-order interpolation is better
because there are more sampling points, and the effect of more points is more accurate, but the
number of points involved in the calculation increases the complexity of the calculation. In the process
of running the program, the higher-order interpolation time is obviously longer than the other two
methods, here we use the bilinear interpolation method. This method can satisfy the accuracy and save
the calculation time at the same time.

(16)

3.3.  Modeling the projection

In the previous section, we have briefly introduced the image transformation, in the process of image
correction, the key is to find the transformation relationship between images, once the transformation
relationship of the image is determined, the image can be programmed according to the algorithm
mentioned above to transform the image. Let the original image be f(xo,yo) , through the mapping
transformation, the obtained image is g(%;,),). In the actual operation, it is not easy to get the
mapping relationship. In addition, it is also difficult to determine the parameters of the transformation.

For the orbit correction in this topic, we already have a suitable analytical is to describe it, i.e,
modeling by bilinear equations:

X, =8(Xy, 1) =CX, +C,Y, XV, HC, (17)
WV =HX0, ) =CsX) +CeYy HEX0 Y, H6 (18)

4. Improved Markov defect segmentation model incorporating clustered
features
4.1.  Application of Markov Random Fields to Machine Vision

In rail surface defect segmentation applications, the rail surface image can be considered as a two-
dimensional grid, where each grid point (either the result of the super-pixel segmentation can be
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considered as a grid point or each pixel point in the pixel matrix of the image can be considered as a
grid point) corresponds to a pixel. Each grid point can have different states, such as normal, cracked,
worn, etc. Accurate detection of rail surface defects is achieved by constructing a Markov model that
utilizes the spatial correlation between grid points to infer the most probable state of each pixel point.
The advantage of Markov random field in image segmentation task is that it can handle complex scenes
and local details in images well, and more accurate segmentation results can be obtained by training
and optimizing the model.

4.2.  Segmentation modeling of rail defects

4.2.1. Gabor preprocessing. The recognition effect of rail defect images may be affected by a variety
of external environmental factors, including the rail's own environment as well as lighting conditions.
Referring to the role of convolutional layer in deep learning, the Gabor function convolution process is
introduced into the model and this is used as the input preprocessing step for detecting defective
datasets. Gabor function is a kind of linear filter [27], which can extract the features of the image in
multiple directions and frequencies, by applying the Gabor function to the pre-processing of rail defect
images, it can effectively reduce the influence of reflections and shadows of the rail track surface on
the image quality, highlight the useful feature information, and make the features of the processed
image more obvious, while the dimensionality of the data has also been reduced. Convolution kernels
have different directions and frequencies, which can comprehensively cover various features of the
image. By applying these convolution kernels to an image, the feature information of the image in
different directions and frequencies can be extracted.

The impulse response of the Gabor function is defined by the product of a sinusoidal wave and a
Gaussian function, and its frequency and directional properties are similar to those of the human visual
system. Therefore, it is often applied to analyze the presence or absence of content of a particular
frequency and direction at a specific point or region. Using the Fourier transform, the response of the
Gabor function can be expressed as the result of the convolution of the Fourier transforms of each of
the sinusoidal and Gaussian functions. In addition, the Gabor function contains real and imaginary
components representing orthogonal orientations, which can be combined into a complex form or
used individually.

The complex expression of the Gabor function is shown in equation (19):

’2+ 2.1 !
g(x,y,1,0,9,0,7) = eXP(-%} eXp(i(27rx7+ wj) (19)

Where, x'=xcos@+ysinf, y'=-xsinf+ycosf . x ¥ denote the pixel coordinate positions,
respectively. A is the wavelength. 6 is the direction. ¢ is the standard deviation of the Gaussian
factor. 7 is the spatial aspect ratio. ¢ is the phase offset. At ¢ =0, the Gabor function returns the

T
real part, as shown in equation (20),and at ¢ = > the Gabor function returns the imaginary part, as

shown in equation (21):

x’2+ 2.1 x'
g(x,y;/l,e,co,cf,y)=eXp[—#j008[2ﬂ7+ (/)J (20)

XVZ +]/2y’2 x'
g(x,y;/‘tﬁ,(p,a,y)=e><p(—Tjsin(2ﬂ7+¢j (21)

When the inputimage X e R™" isgiven,theimage X isconvolved with the Gabor filter as follows,
which is calculated as shown in equation (22):

F,,=X®g(x,y,2,0,0,7),,€R"” (22)
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where Exﬁ is the convolution result to get the feature map.

4.2.2. Fusion clustering features. Given that it is difficult to accurately determine the parameters of
the superpixel segmentation in the traditional Markov segmentation method, and that superpixel
segmentation will have the problem of ignoring the information of the small-size defects in the rail
surface defect image, these problems may lead to the results of the superpixel segmentation to be
affected. In order to overcome the effects of the above problems, the improved Markov defect
segmentation method in this paper decides to use the K-means algorithm to perform a preliminary
cluster analysis of the pixel matrix. In contrast to hyperpixel segmentation which often only clusters
pixel points in the surrounding domain, the K-means algorithm, a widely used clustering method in
the field of data processing, determines the optimal category attribution for each data point by
calculating the similarity between the data points.

The central goal of the K-means clustering algorithm is to find a set of clustering centers, the number

k of which is predetermined by the need. By matching these centers with data samples X,X,...X , the
algorithm minimizes the objective function by partitioning the data set into & clusters. This process
makes the distance between each data point and its cluster's clustering center C,C,..C; as small as
possible, resulting in efficient and accurate data classification.

For K-means clustering of the Gabor convolution processed feature maps, E,ﬁ in the previous step,

the feature maps, F,;ﬁ satisfy F,;,ﬁ =(x1’1,x1’2...xaﬁ), the number of cluster centers is specified to be
positive & and the objective function is minimized by separating the samplesinto % clusters, and the
objective function of the K-means clustering algorithm is shown in equation (23):

k

SSE=Y>(C,—x)’ (23)

i=l xeC;

The partial derivatives are obtained for the objective function as shown in Eq. (24) and the
simplified result is shown in Eq. (25):

d o &
4 ssp=% C—x)2=0
o 8Ck;§’,(' X) (24)
C—LZx
o (25)

where 7 is the number of points in the cluster and C. denotes the mean vector of points in the

group. The model is iterated by updating the mean vectors of the cluster classes, and the model is
constructed when the mean vectors no longer change, making the distance between the data and its

closest cluster center (,C,...C, as small as possible.

4.2.3. Conditional Iterative Mode Algorithm. When the Markov two-layer graph model contains
more variables in the labeled layer S, the computational cost of both the exact a posteriori inference
method and the MAP inference is large, and in order to reduce the occupancy of computational power
in the computational process of the model inference, the conditional iterative mode algorithm (ICM)
can be introduced into the process of the model inference [28].

ICM is a deterministic algorithm based on local conditional probability, and its core idea is to
optimize the energy function through iterative updating until it reaches a preset value of the minimum
energy function value or the number of iterations. During each iterative update, the ICM algorithm
selects the label that is adjacent to the current label and can lead to the greatest improvement in
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segmentation quality as the new label based on the surrounding pixel point similarity and
neighborhood information.
First initialize all nodes based on conditional chaining law and Markov condition there:

N
p(x1C) =], 5% 0 p¥)
i=1
N (26)
=[1pxIN,.C)
i=1

The conditional probability of labeling layer S approximates the factorization of the conditional
probability of X, s such that independent MAP estimation can be performed for all, X, ; as shown
in Equation (27):

x:;,ﬂ = arg max p(xa,ﬂ | ]meﬁ b C’l) (27)
A MAP estimate for labeled layer S can be obtained as shown in equation (28):
x ={xi1,xi2,...,x;ﬂ} (28)

Update each node value according to the current value of the other nodes, keep iterating until x”
converges, and the part of the label labeled as defective for the final iteration classification is used as
the final classification result.

4.2.4. Improved two-layer graph modeling. In the first three sections of this chapter, the improved
part of the improved Markov defect segmentation model is introduced respectively, and the improved
Markov defect segmentation model can complete the task of rail defect segmentation well on the
results of rail surface area localization in Chapter 2, and the algorithmic architecture of the improved
Markov defect segmentation model is shown in Fig. 1.

//

Capture image — —
Gabor
. K-means
function .
. clustering
convolution
Characteristic g qjon  Clustering
map clustering result
¢ features ¢
ICM ¢ Image layer
// // // - // <_Characteristic
X = (5% 505X, ) ( map
Inference result
l A N A / < Clustering
/ result
Segmentation Marker layer

result MRF double-layer graph model

Fig. 1. Improved Markov defect segmentation model algorithm architecture
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The process of segmentation of rail surface defects by the improved model is as follows: the rail test
dataset after rail surface area localization is processed by Gabor convolution and then converted to
grayscale image, and the result is taken as the image observation layer of the bilayer model, and at the
same time, the initial clustering is completed by using the K-means clustering algorithm, and the result
of the clustering is taken as the image marking layer of the bilayer model, which together form a
Markov bilayer model, and then the ICM algorithm is used to perform model inference. Then the ICM
algorithm is used for model inference, in the process of model inference, the ICM algorithm updates
and iterates the label value in the image labeling layer corresponding to the current pixel in the image
observation layer according to the similarity between the current pixel and the surrounding pixels and
the neighborhood information until convergence or the maximum number of iterations is reached, and
when inference is finished, we get a biclassified labeling matrix and transform the inference result into
a binary image, which is the improved Markov defect model. is the result obtained from the improved
Markov defect model.

5. Identification and analysis of railroad track defects

5.1.  Railway track defect detection

In order to verify the effectiveness of this paper's algorithm, the proposed algorithm is compared with
the original Markov defect segmentation algorithm (MRF) in the same railroad defect sample database,
and the comparison results are shown in Fig. 2. Figures (a), (b) and (c) show the comparison of model
recall and precision and average precision mean before and after the improvement of the target
detection algorithm, and Figure (d) shows the loss function comparison.

From Fig. 2(a) it can be seen that MRF reaches about 0.8 recall after 30 rounds of training and 0.85
after 80 rounds, while after algorithmic improvement recall also goes to about 0.89 after 20 rounds of
training and 0.91 after 40 rounds. Finally after improvement recall is increased by 6%. MRF in Fig. 2(b)
reaches an accuracy of about 0.8 after 20 rounds and stabilizes to 0.86 after 60 rounds. After
improvement, the accuracy stabilizes to about 0.9 in 40 rounds, and also stabilizes to about 0.95 after
50 rounds of training, which is an improvement of 8%. After analysis, it can be seen that the improved
Markov defect detection model focuses on more neglected semantic information.

In Fig. 2(c), the average precision mean reaches a stable value after training and reaches about 0.95
after 40 rounds, which shows that the mAP value before and after the improvement is obviously much
higher, proving that the algorithm can detect the target more accurately after the improvement. After
analysis, it can be seen that the MRF downsampling multiplier is larger, and the deeper the feature
map is, the less likely it is to learn the feature information of the target, and after the improvement,
according to the depth of each feature map, it can capture more useful information, resist unnecessary
regional responses, and obtain more complex semantic representations. As can be seen in Fig. 2(d),
the MRF reaches a loss value of about 0.04 only after 40 rounds, and eventually stabilizes to about
0.041. With the improved loss function, the initial loss value is around 0.08 and eventually stabilizes
to 0.023, and at 8 rounds, the loss value has been reduced to under 0.04, which proves that the
improved prediction frame can quickly approximate the real frame, reduce the regression loss of the
prediction frame, and improve the regression accuracy.
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Fig. 2. The comparison of the primary algorithm and the improved algorithm

In order to verify the effect of each improvement separately, ablation experiments were conducted

on the same railroad dataset. Gabor image processing, K-means clustering, and conditional iterative
mode are added to the original model in turn. The results of the ablation experiments are shown in
Table 1,and the “ v ” in the table is to add the improvement.

As can be seen from Table 1, when the Gabor function is added to the network, it reduces the impact
due to environmental issues and improves the image contrast, which leads to an increase in the mean
average accuracy by 1.6%. When K-means is introduced the mean value of average accuracy is
increased by 2.8%, and the experimental results show that the K-means clustering method is able to
improve the recognition of defective targets in complex environments and enhance the focus on
defects. When the ICM method is added the average accuracy mean is improved by 1.8%. Finally after
all the improvements are applied, the average accuracy mean can reach 95.7%, but the detection rate
is not much different and has good real-time performance.

Table 1. Improved ablation experiment results

Gabor K-means ICM Precision mAP Recall FPS
0.915 0.893 0.864 46

N 0.929 0.909 0.849 41

N 0.932 0.921 0.867 30

N 0.905 0911 0.865 36
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J | J | J | 0925 0.957 0.967 44

5.2.  Identification of railroad track defects

The defective images of railroad tracks are classified and recognized using the improved Markov defect
segmentation model of this paper. Before classification, the defects are first characterized. Rail defects
are divided into two categories, crack defects and scar defects, to find out the eigenvalues that can
distinguish between the two, the selection of eigenvalues should be differentiated, for example, crack
defects present elongated shape, while scar defects present circular or elliptical shape, after analyzing
the roundness rate, rectangularity rate, and slenderness ratio as the classification features. To calculate
the above three features it is necessary to get the minimum outer rectangle of the defects, and the
calculation of roundness rate, rectangularity rate, and slenderness ratio needs to get the geometrical
features of the minimum outer rectangle of the cracks and scars.

Before classification first determine the training samples, 30 railroad track crack scar images as
training samples, in this paper defect segmentation model input training samples, 3 types of features,
2 types of defects, the number of samples 30, to 1 that the type of defects for the crack, 0 that the type
of defects for the scar, the training error is set to 0.01, the training samples feature value information
as shown in Table 2.
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Table 2. Training samples
Number Round rate Rectangular rate Spindle ratio Expected output
1 0.235 0.4184 4.2024 0
2 0.7294 0.447 17.1428 1
3 0.682 0.5716 10.5438 1
4 0.1364 0.4428 9.0689 1
5 0.0406 0.3657 6.4377 0
6 0.0414 0.3632 10.0369 1
7 0.2088 0.7358 6.7886 0
8 0.1825 0.4439 17.4309 1
9 0.1749 0.8082 4.6928 0
10 0.3666 0.3306 2.5418 0
11 0.0312 0.4536 13.6438 1
12 0.1259 0.6608 9.1282 1
13 0.6539 0.5243 4.2008 0
14 0.3556 0.5385 9.7597 1
15 0.7534 0.3539 9.7746 1
16 0.3608 0.6086 5.7573 0
17 0.0286 0.5768 3.1455 0
18 0.6487 0.5123 16.4931 1
19 0.5074 0.5941 5.7327 0
20 0.3082 0.7713 11.9807 1
21 0.0066 0.6836 18.3055 1
22 0.3532 0.5162 4.5884 0
23 0.3351 0.3636 14.5547 1
24 0.6138 0.4029 5.1927 0
25 0.4032 0.3797 49575 0
26 0.0421 0.7313 8.1271 1
27 0.4312 0.7291 5.8067 0
28 0.3758 0.6358 6.9437 0
29 0.6437 0.3707 11.3411 1
30 0.1804 0.3434 3.8375 0

The values in the table are calculated based on the above feature values, by inputting training
samples to the defect segmentation model of this paper for network training, at this time the network
has reached the training purpose and meets the error of 0.01. Inputting classification samples to the
trained network, the classification samples are classified, and the results are shown in Table 3. By
fusing the clustering features of the improved Markov defect segmentation model classification can be
observed that the actual results are the same as the defect results, defect classification is reliable. This
model satisfies the classification requirements.
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Table 3. Classification of classified samples

Number Round rate Rectangular rate Spindle ratio Clasrsii;;ittion Real result
1 0.4146 0.5437 6.6357 0 0
2 0.2502 0.6679 3.1058 0 0
3 0.5629 0.3542 15.728 1 1
4 0.5427 0.6413 13.4146 1 1
5 0.2797 0.2648 14.8631 1 1
6 0.4709 0.3794 2.1663 0 0
7 0.2139 0.6479 12.3613 1 1
8 0.8116 0.6058 3.8476 0 0
9 0.4452 0.5232 4.8542 0 0
10 0.7062 0.5933 9.8543 1 1
11 0.7726 0.6557 4.9348 0 0
12 0.2595 0.5123 9.2174 1 1
13 0.5026 0.3049 9.8566 1 1
14 0.4513 0.6705 6.0049 0 0
15 0.4615 0.6379 13.0772 1 1
16 0.4995 0.4814 2.7345 0 0
17 0.4848 0.4394 7.0152 1 1
18 0.7706 0.4362 5.8459 0 0
19 0.5282 0.5756 15.5923 1 1
20 0.2065 0.6907 9.3813 1 1
21 0.2269 0.7044 2.3001 0 0
22 0.6625 0.6687 11.1322 1 1
23 0.3406 0.5889 3.5199 0 0
24 0.6479 0.3456 4.3995 0 0
25 0.6982 0.7415 10.2429 1 1
26 0.5198 0.3274 4.1266 0 0
27 0.7129 0.7193 7.1538 1 1
28 0.4715 0.3056 7.3942 1 1
29 0.3796 0.3546 4.0378 0 0
30 0.6954 0.6702 4.9723 0 0

In this paper defect segmentation model for railroad track defect classification and recognition, the
conditional iterative mode algorithm is used. For this reason, when discussing the relationship
between the learning rate, the number of hidden layer nodes and the recognition rate, an initial value
is selected for its learning rate, and then the number of its hidden layer nodes is changed, and the
relationship between its learning rate, the number of hidden layer nodes and the classification and
recognition rate is obtained by training and learning of segmentation for many times, as shown in
Figure 3.

From Fig. 3(a), it can be seen that when the number of hidden layer nodes of the model network in
this paper is 10, the recognition rate of the network for crack defects and scar defects gradually
converges to 1 with the increase of the learning rate, i.e., the recognition rate increases with the
increase. From Fig. 3(b), it can be seen that when the initial values of the learning rate are taken as
0.003 and 0.001, respectively, the network has the best classification and recognition ability when the
number of implied layer nodes is between 8 and 16, and when the number of implied layer nodes is
further increased, its classification and recognition rate instead shows a decreasing trend.
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6. Conclusion

The author performs region extraction, preprocessing and correction on the railroad track images and
improves them by adding Gabor function, K-means clustering and conditional iterative pattern
algorithms on the basis of the original Markov random field model in order to improve the image
recognition.

Comparing the original Markov random field method with the improved Markov segmentation
model, it is found that the recall and precision of the improved model are increased by 6% and 8%
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respectively compared to the original model. The improved loss function is stabilized at 0.023, which
is lower than the pre-improvement loss function of 0.041. The mean average precision of the original
model is improved by 1.6%, 2.8%, and 1.8% after adding the Gabor function, K-means, and ICM alone,
respectively. After all the improvements were applied, the mean average accuracy was increased to
95.7%. In the classification of crack defects and scar defects of railroad tracks, the improved Markov
defect segmentation model incorporating clustering features can meet the needs of identification and

classification.
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