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Abstract 
The rail surface status image is affected by the noise in the shooting environ-
ment and contains a large amount of interference information, which in-
creases the difficulty of rail surface status identification. In order to solve this 
problem, a preprocessing method for the rail surface state image is proposed. 
The preprocessing process mainly includes image graying, image denoising, 
image geometric correction, image extraction, data amplification, and finally 
building the rail surface image database. The experimental results show that 
this method can efficiently complete image processing, facilitate feature ex-
traction of rail surface status images, and improve rail surface status recogni-
tion accuracy.  
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1. Introduction 

The adhesion force formed when the rolling stock wheelset and the track contact 
each other will directly affect the effective performance of traction performance 
[1] [2]. Therefore, if you want to improve the traction capacity, you must make 
full use of the adhesion force between the wheel and rail. Due to the complexity 
of wheel-rail contact behavior and strong nonlinear coupling, the wheel-rail ad-
hesion characteristics are complex and changeable, random, and have a large 
range of changes [3]-[6]. Even the adhesion characteristics at the same location 
will change significantly due to different environments, the corresponding real-
time adhesion coefficient and adhesion peak point will also change accordingly. 
For example, when there are condensates such as ice, snow, oil, water, and fallen 
leaves on the rail surface, the adhesion characteristics will be significantly reduced 
[7]-[11]. To this end, the visual information under different rail surface conditions 
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is researched and analyzed, and then the visual features of different rail surface 
conditions are extracted, so as to effectively identify the rail surface conditions, 
thereby improving wheel-rail adhesion utilization and vehicle operation efficiency 
[4] [12] [13]. The researchers first used the average method to grayscale the rail 
surface image, used the median denoising method to remove noise, used the Ra-
don transformation method to perform geometric correction of the image, then 
extracted the rail surface area, and finally used mirror transformation, added 
noise. The rail surface image is amplified by brightness changes, and finally stand-
ardized to obtain a rail surface image data sample set, which lays the foundation 
for the research on rail surface state identification methods. 

2. Acquisition of Rail Surface Image Data 

The research object is to track surface images in different states (dry, wet, and 
oily), which are randomly captured using a CCD camera. After image prepro-
cessing, three typical rail surface state images are finally obtained as image data 
sample sets for rail surface state identification experiments. Some rail surface pic-
tures are shown in Figure 1. 
 

 

Figure 1. Partial rail surface image. (a) Dry rail surface; (b) Wet rail surface; (c) Oil stained 
rail surface. 

3. Image Preprocessing 

Affected by noise such as the shooting environment, the rail surface state image 
contains a large amount of background information and other interference fac-
tors, so the rail surface state image needs to be preprocessed. The image prepro-
cessing process mainly includes image grayscale → image denoising → image geo-
metric correction → image Extraction → data amplification, finally forming a rail 
surface image database, which facilitates the research of image feature extraction 
and identification methods. 

3.1. Image Grayscale Conversion 

Color in life can be seen as the combination of pixel values of the red channel R, 
green channel G, and blue channel B. The value of each channel pixel ranges from 
0 to 255. The purpose of image grayscale is to convert a three-channel color image 
into a single-channel image according to certain rules, that is, convert the pixel 
values of the R channel, G channel, and B channel of an image into a single-chan-
nel image with a pixel value of 0 - 255. In order to reduce the computational load 
of the rail surface state image, the RGB three-channel color image of the rail 
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surface needs to be grayscaled. Grayscale processing methods mainly include 
weighted average method, average method and maximum method. 

The average method is to average the pixel values of the RGB three channels in 
a color rail surface image. The result of the calculation is the gray value, which is 
converted into a single-channel grayscale rail surface image. Its conversion for-
mula is as Formula (1): 

 ( )1 3I R G B= + +  (1) 

Among them, R, G, and B represent the pixel values of the three channels, and 
I represents the pixel value of the gray-scale rail surface image. The results of gray-
scale processing of dry, wet, and oily rail surface images based on the average 
method are shown in Figure 2. The storage space of the converted grayscale rail 
surface state image is 1/3 of the original, while reducing the computational load 
of rail surface image data extraction and improving operating efficiency. 
 

   
(a)                      (b)                      (c) 

Figure 2. Grayscale image processed by average value method. (a) Dry rail surface; (b) Wet 
rail surface; (c) Oil stained rail surface. 

3.2. Image Denoising 

Due to various noise interference, the rail surface state image is distorted, appear-
ing as a bright spot or a dark spot. In order to avoid such problems, the rail surface 
image needs to be denoised. Commonly used methods for denoising include mean 
denoising, median denoising, and Gaussian denoising. The method of mean de-
noising is to take a point in the image as the center and average the pixel values of 
all points around this point. This value replaces the gray value of the center point. 
The calculation formula is as shown in Equation (2): 

 ( ) ( )
( ),

1, ,
i j M

g i j f i j
N ∈

= ∑  (2) 

Among them, f(i, j) represents the gray value of the center point, g(i, j) repre-
sents the gray value after the average operation, M is the set of pixel values of all 
points around the center point, and N represents the total of all points around the 
center point.  

The method of Gaussian denoising is to use a Gaussian filter template to scan 
each row and column of the image, and obtain the new gray value of each point 
in the image through a convolution operation.  

The method of median denoising is to arrange the gray values of points near 
the noise point in the image in ascending order to obtain a new sequence, and 
select the median of the new sequence as the new gray value of the noise point. 
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The counting formula is shown in Formula (3): 

 ( ) ( )
1

2

1 2

1
2 2

, is an old number

, , , , 1 , is an even number
2

n

n

n n

f n

g i j med f f f
f f n

+

+


= =   
 +    

  (3) 

Among them, { }1 2, , , nf f f  represents the sequence of gray values of points 
near the noise point from small to large, g(i, j) represents the new gray value after 
denoising the median value of the noise point, n is the total number of pixels in 
the image. 

3.3. Geometric Correction of Images 

The image shooting angle is not vertical, resulting in geometric distortion of the 
rail surface image. Geometric correction of the image is required to facilitate the 
extraction of rail surface data. At present, Hough transform method and Radon 
transform method are often used to perform geometric correction of images. 
Hough correction is performed by finding the angle of the largest overlap point in 
the parameters. The Radon algorithm obtains the image tilt angle based on the 
projection angle of the superimposed positioning direction. Taking the dry image 
of the rail surface as an example, Figure 3(a) is the effect after Hough correction, 
and Figure 3(b) is the effect after Radon correction. It can be seen from Figure 3 
that the effect of Radon geometric correction is the most ideal. 
 

   
(a)                     (b)                      (c) 

Figure 3. Geometric correction diagram of rail surface image. (a) Original image; (b) Image 
after Hough transform; (c) Image after Radon transform. 

3.4. Rail Surface Area Extraction 

After the rail surface image has been grayscaled, median denoised, and geometri-
cally corrected, there is still a large amount of non-rail surface background infor-
mation, which will affect the recognition accuracy of the rail surface state, so the 
rail surface area needs to be extracted. Rail surface area extraction process: first 
use the Canny second-order differential edge detection algorithm to obtain the 
shape of the rail surface area, then filter out non-rail surface areas through image 
morphology processing, and finally obtain the coordinates corresponding to the 
rail surface area to realize the extraction of the rail surface area. The extraction 
process of dry rail surface is taken as an example to illustrate the rail surface image 
extraction process, as shown in Figure 4. 

1) Extract the rail image based on the Canny algorithm, as shown in Figure 
4(b). 
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Figure 4. The results of rail surface image extraction. (a) Original image; (b) Canny edge 
extraction; (c) Closed operation; (d) Second erosion operation; (e) Opening operation; (f) 
Rail surface image. 
 

2) Perform closed operation, the operation operator is [25, 25], the result is 
shown in Figure 4(c). 

3) Perform an erosion operation to remove the noise information in the non-
orbital range, using the column vector [1, 1, 1] as the operator. The result is shown 
in Figure 4(d). 

4) Perform the opening operation, using [25, 25] as the operator, and the result 
is shown in Figure 4(e). 

5) Finally, delete areas with pixels less than 2000 to filter out non-rail surface 
areas. And it is segmented according to the coordinates of the rail surface area, 
and finally the rail surface image in Figure 4(f) is obtained. 

3.5. Amplification of Rail Surface Image Data 

In order to meet the image data quantity requirements for image recognition, the 
rail image data needs to be amplified. The amplification methods include mirror 
transformation, superimposed Gaussian noise, brightness transformation, etc. 

1) Mirror transformation 
The effect of rail surface image mirroring change is shown in Figure 5. Figure 

5(a) is the original image, Figure 5(b) is the effect after horizontal mirroring of 
the image, and Figure 5(c) is the effect after vertical mirroring of the image. 
 

 

Figure 5. Effect diagram of rail surface image mirroring. (a) Original image; (b) Image after 
horizontal mirroring; (c) Image after vertical mirroring. 
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2) Addition of noise 
Adding Gaussian noise to the original image can improve the robustness of the 

training model. Gaussian noise signal is also called a normal distribution signal, 
and its probability density function satisfies Equation (4): 

 ( ) ( )2 221 e
2

h np h σ

σ
− −= −

π
 (4) 

In the formula, h represents the Gaussian noise signal, and σ represents the 
standard deviation of h. σ2 represents the variance of h. 

The result of adding Gaussian noise to the rail surface image is shown in Figure 
6. Figure 6(a) is the original image, Figure 6(b) is the Gaussian noise image with 
σ2 added as 0.01, and Figure 6(c) is the Gaussian noise image with σ2 added as 
0.05. 
 

 

Figure 6. The result of adding Gaussian noise to the rail surface image. (a) Original image; 
(b) Mean 0, variance 0.01; (c) Mean 0, variance 0.05. 
 

3) Brightness transformation 
The brightness of an image represents how light or dark the image. f(i, j) rep-

resents the pixel grayscale of the original rail surface image, and the pixel grayscale 
after image brightness transformation is g(i, j), then 

 ( ) ( ), ,g i j f i j b= +  (5) 

In the formula, b represents the brightness factor, b > 0, the image becomes 
brighter, b < 0, the image becomes darker. The image brightness transformation 
effect is shown in Figure 7. Figure 7(a) is the original image, Figure 7(b) is the 
image darkening effect when b is −5%, and Figure 7(c) is the image brightening 
effect when b is +5%. 
 

 

Figure 7. Rail surface brightness transformation effect diagram. (a) Original image; (b) b 
= −5% image; (c) b = +5% image. 
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4. Construction of Image Data Sample Library 

After preprocessing, the rail surface status image can form an image data sample 
library, which is convenient for rail surface status identification. However, stand-
ard sizes need to be unified. The specific steps are as follows: 

1) Use the Prewitt algorithm to detect the edge of the rail surface image. Let the 
image outline be P and the rail surface state image be f(i, j), as shown in Equation 
(6): 

( ) ( ) ( ) ( ) ( ) ( ) ( )
( ) ( ) ( ) ( ) ( ) ( ) ( )

1, 1 1, 1, 1 1, 1 1, 1, 1

1, 1 , 1 1, 1 1, 1 , 1 1, 1

G i f i j f i j f i j f i j f i j f i j

G j f i j f i j f i j f i j f i j f i j

= − − + − + − + − + − + + + + +      

= − + + + + + + − − − + − + + −      
 (6) 

 ( ), i jP i j G G= +  (7) 

Among them, Gi represents the gray value above and below the image point (i, 
j), Gj represents the gray value left and right of the image point (i, j); P(i, j) is the 
rail surface state image outline. 

2) Calculate the width W and length L of the rail surface status image outline P, 
and compare the sizes of W and L. If W > L, the image is scaled horizontally to 
256 pixels. If W < L, the image is scaled vertically to 256 pixels. After the above 
processing, image P1 is obtained. 

3) Place the P1 image in the center of a 256 * 256 image to perform short-side 
black filling on the image. A total of 240 rail surface images were taken on site, 
including 80 images of dry rail surface, 80 images of wet rail surface, and 80 images 
of oily rail surface. After image preprocessing, the number was increased to 1885, 
and the images were standardized to establish an image recognition database. 

5. Conclusion 

The researchers collected rail surface state images, then preprocessed the rail sur-
face images to extract rail surface area images, and finally standardized them to 
obtain rail surface image data sample sets. Experimental results show that this 
method is fast in extracting rail surface area images. With low cost and high accu-
racy, an ideal image sample database can be obtained, laying a foundation for the 
research on rail surface status identification methods. 
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