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ABSTRACT 

 
To maintain safety in railroad tracks, thousands of miles of railroad tracks must be assessed twice weekly by human assessor. A 

computer vision system, consisting of field acquired video and subsequent analysis, could improve the efficiency of the current 

method. The challenges are addressed: the detection, segmentation and defect assessment of track components such a system is 

prototyped in which the emergence vary across different tracks and identification and inspection of special tracks areas such as 

track turnouts. An algorithm that utilizes the periodic manner in which track components repeat in an inspection video is 

developed. Algorithms can potentially provide a more objective assessment of track conditions than human inspectors. Spectral 

estimation and signal processing methods are used provide strong detection of the periodically occurring track components. 

Results are demonstrated on field-acquired images and video. 

Index Term-  Image Processing, railroad track inspection. 

 

1. INTRODUCTION 

Safety in railways is one of the key issues for the public 

transportation companies and a fast and efficient inspection 

system is important to ensure the safety of railways. 

Traditional rail inspection methods include destructive 

techniques, such as coring, and non-destructive techniques, 

such as hammer sounding. But these methods can just “cover 

limited area and have limited effectiveness in identifying 

possible sites of deterioration”(Delatte et al., 2003). As the 

Rail track inspection is a necessary task in railway 

maintenance and is required to periodically inspect the rail 

track by trained human operator, who is walking along the 

track & searching for defects. Such type of monitoring system 

is unacceptable for slowness and lack of objectivity. This 

inspection will take too much time to recover from faults. 

Hence to reduce delay our propose system deals with 

automatic Visual Inspection of Railway track and devoted to 

numbers of tasks. Automatic vision based inspection systems 

is enable to analyze the stipulation of rail track. In this way 

system increases the efficiency of inspection, reduces the 

required time and giving a more accurate and frequent 

information of the railway track. To provide the real time 

monitors and structural condition for railway track using 

“vision based” and “vibration based” method for safety 

purpose. In this way we can boost accuracy, efficiency and 

reliability. In vision based method our device will capture 

videos of railway track component using vehicle-mounted 

Cameras, image enhancement using image processing and 

assisted automation using a real time tracking algorithms. In 

vibration based method our device will do calibration of the 

rail track by using vibration sensors. Vibration sensors will 

sense the vibration on the track. If the track vibration are in the 

range of predefined standard values it means there is no faults 

otherwise track is defected. Damage component and faulty 

track information will broadcast to the server through wireless 

medium. By using both the method we can inspect the railway 

track in accurately. Our propose system focus on machine 

vision based method to detect irregularities in track and 

defected component such as tie, tie plate, anchor, missing 
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bolts. Inspected data will be stored in digital format that’s why 

analyses of track component condition are possible through 

data processing. But now a days Computer vision has recently 

been applied to several railroad application due to its potential 

to improve the efficiency, objectivity, and accuracy when 

analyzing large databases of acquired video footage and 

images. Algorithms can potentially provide a more objective 

assessment of track conditions than human inspectors. 

However, it is difficult to create an algorithm that is robust to 

numerous unforeseen conditions. Spatial templates and other 

application-specific detection methods can be developed to 

accomplish specific inspection tasks [1]–[8]. However, there is 

great value in creating a general method to inspect components 

without prior knowledge of component appearance. By 

detecting periodic components without prior knowledge of 

spatial appearance, a computer vision system may one day 

perform track inspection over thousands of miles of track with 

minimal human involvement. Periodically occurring 

components are often encountered in infrastructure inspection.  

 

Fig. 1. Track cart 

 

For example, a railroad track is composed of many individual 

ties, and a train is composed of individual railcars. Most 

repeating components are similar to each other but not 

identical due to various manufacturing differences and 

environmental conditions. Railroads are vital to the 

infrastructure of most countries, but many inspection tasks are 

performed manually by a human inspector. Other problems 

involving infrastructure inspection could also benefit from 

computer vision. This paper is organized as follows. Section 2 

presents an overview for all three algorithms for automated 

inspection of railroad components. MUSIC is also introduced. 

Section 3 describes the first of the algorithms, i.e., component 

detection for railroad track. In Section 4, turnout area detection 

is demonstrated. Section 5 describes tie detection in inspection 

video using custom filters based on Gabor textures. In Section 

6, experiments are conducted on a data set collected from the 

track cart for all three algorithms. Section 7 concludes and 

provides future directions for this paper. 

 

 

 

2. OVERVIEW 

This paper presents three algorithms: one for component 

detection in railroad track (see Section 3), one for turnout 

detection (see Section 4), and one for tie detection (see Section 

5). These algorithms all follow the three steps outlined in Fig. 

2 

 

Fig. 2. Algorithm overview 

 

The specific image-to-signal conversion and the final 

periodicity detection or classification varies for each 

algorithm. I(x) is the input image or video to the image-to-

signal conversion, y(m) is the 1-D signal that will be used for 

MUSIC, and J(ω) is the power spectrum of periodicities 

detected, where the peaks correspond to strong evidence of 

periodicity at that frequency ω (where ω = 2π/T for a period 

T). In the final step of periodicity detection or classification, 

the algorithms will do one or more of the following: Detect 

that periodicity occurs based on the strength of J(ω) (as in 

Sections 3 and 4), or use the periodicity estimate T to spatially 

localize components (as in Sections 3 and 5). 

 

3. ALGORITHM FOR DETECTING  AND 

SEGMENTING PERIODIC OCCURING 

COMPONENTS 

In railroad inspection, periodically occurring components are 

often encountered. MUSIC detects both dominant and less 
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dominant periodicities, which is useful since many large 

components are themselves made of smaller periodically 

repeating components. For simplicity, the algorithm is applied 

only to images with repeating components in the horizontal 

direction, but it could also be applied along other orientations. 

Each image I(x) is decomposed in blockwise manner. Each 

blockwise row is referred to as r, and there are R such rows. 

This  algorithm which shown in Fig. 3. Builds off  of the basic 

structure in Fig. 2. 

  

Fig. 3. Component Localization algorithm as it relates to the 

main algorithm in Fig. 2. Each image I(x) is decomposed in a 

blockwise manner. Each blockwise row is referred to as r, and 

there are R such rows. This algorithm, which is shown in 

Fig.3, builds off of the basic structure in Fig. 2. 

 

An additional fourth step of component localization has been 

added once a strong periodicity is detected in each of the 

panorama rows. The Gabor features from [10] were used for 

their discriminative abilities. The output of the MUSIC 

algorithm provides an estimate for dominant periodicity of 

each image row Tr but no component localization.  

 

3.1.  Nondominant Periodicity Detection 

The MUSIC algorithm detects multiple periodicities. In this 

application, the dominant frequency will produce two peaks in 

J(ω) since input y is real. The methodology in Section II can 

be performed on non dominant frequencies by setting L > 2 

and detecting a third peak in J(ω). After isolating the 

component with primary periodicity (with L = 2), the 

algorithm is rerun to detect the less-dominant periodicities. 

 

3.2.  Component Detection Example 

Components are detected in panoramic images, which are 

formed from video data that were acquired from the hand 

pushed cart in Section 1. Panoramic images were created by 

stitching the video frames together using the computed 

displacement. The resulting panoramas were Ny = 360 pixels 

in height and between Nx = 1000 and Nx = 2000 pixels wide. 

The image was decomposed into overlapping blocks of size 

Nb = 64 in each dimension, and these blocks were then Gabor 

transformed. The blocks overlap with their neighboring blocks 

by (N/2) pixels; therefore, for every row, M = Nx/(Nb/2).  

 

Fig. 4. Turnout detection as it relates to the 

main algorithm in Fig. 2 

 

A lower frequency is detected which contains both the tie and 

the neighboring ballast as one unit. There is no ground truth 

for a correctly localized component since the algorithm may 

detect a part of an object that is not a complete object. 

 

4. ALGORITHM FOR TURNOUT    

INSPECTION 

Turnout detection is done according to Fig. 4, which is a 

modified version of Fig. 2. The input signal is the rail web or 

the middle part of the rail when viewed from a lateral 

viewpoint. y(m) is the blockwise Gabor transform of the rail 

web (shown in Fig. 4 as a 1-D signal). The output is a 

threshold detector for J(ω). To inspect a turnout, one must first 

verify that certain frames of an inspection video contain a 

turnout. A signal processing based method is introduced for 

detecting periodic components indicative of turnouts, such as 

frog bolts or joint bar bolts and estimating that period T. The 

lateral viewpoint inspection video is converted along the rail 

web into a panoramic mosaic. The periodicity of the 

components in the panoramic mosaic is then estimated and the 

components subsequently localized. The MUSIC algorithm 

outputs a frequency analysis, in which the input signal’s 

frequency response J(ω) is computed. Once the turnout area 

has been isolated in the inspection video, the heel of the switch 

has a strong gradient that is perpendicular to the rail and is 

easily detected with spatial templates. The switch point is 

found using spatial templates on frames that are obtained from 

both the over-the-rail and lateral viewpoints. The frames are 
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aligned by synchronizing the videos and maintaining an 

accurate tie count, which is possible using the algorithm in 

Section 5. 

 

 

 

 

5. ALGORITHM FOR TIE DETECTION 

IN RAILROAD TRACK 

Tie detection is done according to Fig. 5, which is a modified 

version of Fig. 2. The input signal is the video (either lateral or 

over-the-rail). y(m) is a 1-D signal formed after filtering each 

Gabor-transformed video frame with a binary tie detection 

mask.  

 

Fig. 5. Tie detection as it relates to the main algorithm in Fig. 

2 

 

The ties are detected as the peaks of the 1-D signal, and for 

this algorithm, the detected T is just used to constrain the 

search window for peak amplitudes. The 1-D signal y(m) is 

obtained by performing texture classification on individual 

video frames, followed by spatial filtering with a user-created 

binary filter. 

 

Fig. 6. (a) Original lateral image.  (b) Binary texture 

classification mask for lateral image, where black is “non 

ballast” and white is “ballast”. (c) Original over-the-rail image. 

(d)Binary texture classification mask for over-the-rail image. 

 

For example, Fig. 6(a) contains a tie. A binary mask is created 

by dividing the image into blocks and classifying each block 

as ballast and non ballast, as shown in Fig. 6(b). To do this, 

each image block is Gabor transformed using the same Gabor 

filters and the resulting d-dimensional signal for each block is 

used to classify the block using a d-dimensional support vector 

machine (SVM) [11]. Two manually labeled images from a 

different railroad track were used to train the SVM. The over-

the-rail viewpoint in Fig. 6(c) is similarly decomposed into 

blocks and classified, and the resulting mask is shown in Fig. 

6(d).  

 

Fig. 7. (a) Lower half of the binary texture classification mask 

for lateral viewpoint. (b) Template that the lateral mask is 

compared against. (c) Lower half of the binary texture 

classification mask for the over-the –rail viewpoint. (d) 

Template that the over-the-rail mask is compared against. 

 

Fig. 8. Response of binary classification mask to template as a 

function of frame number 

 

Only the lower half of the lateral and over-the-rail masks are 

examined, as indicated in Fig. 7(a) and (c). These are 

subtracted with the tie detection masks for lateral and over-the 

rail [see Fig. 7(b) and (d), respectively]. From this, the 1-D 

signal is formed. This results in a signal that is sinusoidal with 

respect to time when the inspection video is acquired at a 

constant speed, as shown in Fig. 8.  

 

6. EXPECTED OUTCOME 

 In component detection our goal is to detect the dominant 

periodicity, in pixels, in the lower half of the panorama. The 

estimate for T was obtained, and then, error was computed 

from the ground-truth estimate of the tie periodicity within that 

panorama.  In turnout detection our goal is to identify turnout 

images from a collection of panoramic images of the lateral 
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viewpoint. The periodic detection used for turnout detection 

occurs along the rail, and the assumption is that non turnout 

panoramas have a smooth rail area, whereas turnout 

panoramas have some component repeating. Since there are a 

variety of bolt configurations on the turnout area. For the tie 

detection the method presented here for the lateral and over-

the-rail viewpoints.  

 

7. CONCLUSION AND FUTURE SCOPE 

The future of railway inspection lies in developing automated 

rather than manual methods. It has been suggested by the latest 

research that modern railway trucks will use image analysis as 

a core method of inspection in the near future, especially as it 

becomes possible to handle large amounts of data in real-time. 

This could lead to an autonomous system that could inspect 

thousands of miles of track without human supervision by 

automatically adjusting spatial detection filters as the track cart 

travels on previously uninspected track. 

Computer vision can be used to create railroad track inspection 

algorithms that are objective and provide a reliable assessment 

of track conditions.  Video containing track inspection data 

will inherently contain periodically recurring components. 

MUSIC is a valuable signal processing technique that extracts 

periodic signals from a 1-D signal, and its robustness to noise 

allows it to effectively estimate periodicity in real-world 

inspection video and images. Future railroad track inspection 

technology should incorporate automatic detection and 

segmentation of periodically occurring objects to achieve a 

more robust system.  
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