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ABSTRACT 

Rolling stock Examination (RSE) is automated with computer vision sensors and programming models in 
development of a fully automated ARSE model to assist human examiners. Four algorithms are being tested in this work. 
We start with Chan Vese Level Sets (CV_LS); Morphological Differential Gradient based Level Sets (MDG-LS), which 
are global segmentation models. In the next part, we propose shape prior level sets (SP_LS) and Invariance Shape Prior 
Level Sets (ISP_LS), which are local segmentation methods. This work compares these proposed models in the aspects of 
segmentation quality to correctly identify a bogie part and to extract a defective part. Structural Similarity Index (SSIM) is 
the measure to correctly identify a bogie part. Image Quality Index (IQI) measures quality of segmented bogie part form all 
the 4 algorithms. Peak signal to noise ratio (PSNR) tests the ability of the proposed algorithms to identify defects in the 
bogie parts. ISP_LS is the best local segmentation algorithm for both bogie part detection and defect identification on 
rolling stock visual information at 4 different times of the day. 
 
Keywords: rolling stock examination, level sets, shape priors, performance analysis, high speed video segmentation. 
 
1. INTRODUCTION 

Rolling stock examination (RSE) is manual 
checking of bogie parts, when train is moving at 30KMPH 
to identify accident causing defects. Here manual checking 
involves a team of 3 humans putting their eyes, ears and 
intelligence to the limits. Figures 1 and 2 shows the 3D 
view and 2D line diagram of the two different bogies 
currently used in Indian Railways. The system operates on 
all passenger trains at every train station across Indian 
subcontinent. This saves trains from accidents while 
moving at high speeds. This work proposes to replace 
trained human eyes with high speed cameras and 
intelligence with processing algorithms.  

High speed (HS) cameras with a frame rate of 
240fps are used to capture moving bogie videos under 
different ambient lighting environments. Various 
algorithms related to segmentation are proposed by us in 
the past for segmenting the bogie parts for defect 
identification [1, 2]. Six highly trained men save a train for 
derailment using the power of concentration during RSE. 
Even though Indian Railways has a full proof system using 
highly trained humans for RSE, the system suffers from 
human mistakes due to environmental factors, workload 
and shifting focus on long trains. The identified defects are 
passed to the maintenance staff only in the next station. 
The current manual RSE model puts a huge financial 
burden on the system. 
 

 
 

Figure-1. Train under carriage model: FIAT Bogie. 
 

By replacing human eyes with high speed 
cameras for capturing trains moving at 30KMPH with 
motion blur, which makes identification of closely packed 
bogie parts impossible. The best model for extracting 
individual parts in closely packed images is snakes [3-6]. 
Active contours are the most researched convex 
segmentation algorithms on complex natural images [7-
13]. Hence, this work focus on testing 4 level sets for RS 
Video frame segmentation.  

There is an increase an increase in computer 
vision based algorithms for human safety monitoring 
during transit. But most of the research is on waterways, 
airways and roadways. Train rolling stock is one area that 
significantly dominates railway passenger safety which is 
monitored by humans 24 hours across the world. 

Mostly Indian trains on Indian railways use 
Fabbrica Italiana de Automobile Torino (FIAT) train 
bogies as shown in Figure-1. Around 30% of the 
passenger trains use six operational models of FIAT and 
the remaining 70% Indian trains are fitted with Integral 
Coach Factory (ICF) bogies, which are a trademark of 
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Indian Railways Invention as shown in Figure-2.  Figure-3 
shows the manual procedure followed for rolling stock 
examination. 
 

 
 

Figure-2. Train under carriage: ICF Bogie.
 

 
 

Figure-3. Showing manual rolling examination in progress. 
 

Figure-4 shows the recording of rolling stock 
near to a railway station on Indian subcontinent. Using a 
high speed 240fps action camera, a RS video dataset of 20 

trains is created at 4 different times of the day. For this 
work, only ICF rakes are recorded.   

 

 
 

Figure-4. Rolling stock data collection with high speed action camera recording at 240fps. 
 
2. LITERATURE REVIEW 

Computer vision research is currently driving 
most of the software industry giants such as Google and 
Facebook. Research shows face recognition; image search; 
video compression and playback; deep learning algorithms 
are revenue generators for the tech sector companies.  
Vision research has deeply made inroads into automobile 
with autonomous driving cars [14], transportation 
monitoring [15], structural quality assessment[16], 
agricultural [17] and manufacturing [18] industry from last 
decade onwards. Specialized cameras such as high speed, 

laser and hyperspectral cameras are being used for video 
capture for monitoring and testing applications. 

Narayanaswami, et al [19] provides a vision for 
future of transportation in urban environments. The ideas 
discussed in this work help understand the link between 
technology and automation required to save on time and 
finances with focus on avoiding accidents. In [20], Sabato, 
et al uses 3D digital image correlation (DIC) algorithms to 
inspect railroad ties and ballast. Two cameras at a specific 
displacement are mounted on a rail car moving at 60Kmph 
to produce a 3D image. Deformation of railway tracks is 
identified with 3D DIC and pattern projection algorithms. 
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US Federal Railroad Administration data between the 
years 2005 and 2015 show 16000 derailment due to track, 
ballast and rolling stock failure. 

Automation of Rolling stock is important for 
railways around the world for cutting costs and saving 
trains from derailment. Computer vision processing can be 
used for monitoring rolling stock to identify defects in 
bogies. Hart, et al [21] used multispectral imaging to 
extract bogie segments for inspection. They recorded both 
RGB videos and thermal videos of a moving train with 
processed the frames using panoramic representation and 
correlation. The focus was on detecting high temperature 
regions on the undercarriage parts such as brake shoes, 
axel box, air conditioning blowers and wheel joints. 
However, the work is of great use to rail companies with a 
shortcoming in frame rate as the cameras induce blurring 
which makes it difficult to identify non-heating parts on 
the moving train. 

Kim, et al [22] transforms the rolling stock brake 
inspection problem into image curve fitting problem. The 
methods developed use a database setting of the 
undercarriage of the train bogies and use cure fitting tools 
to identify brake alignments during train movement. The 
cost of the setup poses a big drawback for such a system to 
be implemented in real time. The patent from Sanchez-
Revuelta, et al [23], shows the use of computer vision for 
rolling stock examination two decades prior to our work. 
This patent says artificial vision will be used to monitor 
rolling stock by mounting cameras on the train. The 
captured videos on a moving train call for many fold 
misalignments and more computation power is required to 
again process the same for a closer inspection.  

Kazanskiy, et al [24], proposed a vision based 
computer technology for rolling stock monitoring system. 
The work integrates glare free lighting system, video 
compression models and structured lighting module to 
detect the presence of train on tracks to monitor rolling 
stock. This work reaches close to making rolling stock a 
reality, however there is little mention on evaluating each 
bogie part for inspection. Freid, et al [25] provides an 
undercarriage arrangement with lighting and a camera for 
rolling stock evaluation and processing. They used simple 
edge detection models for extracting axle rod and 
measuring its temperature using thermal camera. The 
model provides a good insight into the importance of the 
problem in automating rolling stock examination. In [26] 
and [27], the authors proposed a 3D reconstruction for 
monitoring contact strips and rolling stock wheel surfaces. 
These methods are effective as the 3D models perfectly 
reconstruct the surface defects in moving parts. These 
methods use lot of computation time and energy for 
processing as it is difficult to model all defective surfaces. 
With all these gaps in rolling stock automation using 
computer vision, we propose a high-speed sensor to 
capture moving trains and advanced state of the art level 
sets formulations to identify bogie parts and defective 
bogie parts. The camera sensor records at 240fps in wide 
angle mode covering the entire bogie in one frame as 
shown in figure 10 with a resolution of 640×480 pixels. 
The bogie parts segmentation is formulated as a convex 

curve fitting problem with pre-information regarding the 
shape of the bogie part. Four different level sets are tested 
in this work, which are a part of our previous segmentation 
modules [1]. Here the algorithms are tested for perfect and 
defective bogie parts with SSIM [28, 29], IQI [28] and 
PSNR [28]. 

From the Indian railway manual 
(http://www.intlrailsafety.com/capetown/3_024_amitabh.d
oc), there are around 10 important and crucial things to be 
checked during rolling examination. This paper reports the 
simulations for extracting and identifying bogie parts as 
defective and non-defective based on the quality of the 
algorithms used. 

The rest of the paper is organized as: section 3 
describes the different Active Contour Level Sets.  Results 
and discussion with various train models and defects is 
presented in section 4 with conclusions in section 5. 
 
3. LEVEL SETS SEGMENTATION ON HS VIDEO 

FRAMES 

 
3.1 Generalize level sets (G_LS) 

Active Contour models first introduced by 
Terzopoulos [30] to modelling shape by using segmented 
images. Evolution of equation in the active contour is 
labelled snake principally was familiarized by Kass [31]. 

Let 2 : AC
XY

F  be observable and controlled by a set 

of positive real numbers in a space holding 2D shapes. The 

subspace target is 2S : AC R , here S F is a subset of 
image. The energy function of active segmentation: 
 

1

0
{ ( ( )) ( ( ))}XYFS I

E E V s E V s ds                                   (1) 

 

Here the snake energy is S
E . The snake’s 

internal energy is I
E and the image energy is XYF

E . Where 
the snake is positioned on the image frame at:  
 

( ) ( ( ), ( ))V s X s Y s
                                                          

(2) 

 

and the internal energy I
E in the snake describes its 

twisting on the image and the XYF
E  image forces push the 

snake onto image boundaries in the deformable curve. The 
I

E is defined as: 
 

2 2
( ( ) ( ) ( ) ( ) )

2
I

s s s s
E

    


                                 
(3) 

 

Where ( )s is the first order derivation of ( )s
which tracks curve length variations and ( )s provides 

degree of tightening in all directions. Correspondingly, 

( )s is the second order derivation of ( )s with respect 

to s and ( )s normalizes snake boundary in the direction 

of snake curvature movements. External image force is 
modeled as magnitude squared gradient function: 
 

http://www.intlrailsafety.com/capetown/3_024_amitabh.doc
http://www.intlrailsafety.com/capetown/3_024_amitabh.doc
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2
( , )xyF

E F x y                                                  (4) 

 

3.2 Chan Vese level sets (CV_LS) 

The Chan Vese Level Setsin [32] is arithmetically 
expressed by minimizing energy function defined by: 
 

   , min ( , )chan vese I I chan vese
E E


    

                           
(5) 

 

Here the initial contour is  and the resulting 

contour shape I is to be discovered. The object borders 
in an image are discovered by the initial contour 

2 : CF   to ( )I and ( )E regions as contour interior 

and exterior to . The energy function of the Chan Vese 
Level Sets is minimized by using Mumford-shah [33] 
piece wise linear function. 

The equation of the minimization function 
defined as: 

 

   2 2 ( ) ( )
1 2

1 1
( , ) ( , )

2 2I E

chan vese I E
E ds F x y dxdy F x y dxdy 

  

 
     

  
  

                                                               

(6) 

 
In this above equation, the initial term points to 

the arc length  1
min( , )

arg ( )l
 

  , which provides the 

consistency of throughout the curve evolution and ( )l 
is contour perimeter. The next term in equation 6 is a 
combination of integrals. The first integral force pushes 
the contour  to the image objects and next integral 
guarantees the differentiability of the contour  . The 
integral is evaluated on the internal and external contour 
regions defined by  and I E  respectively. 

In Equation 6 the weights are positive real 

numbers 1 2, 0   . The Chan Vese level set is 

formulated using Mumford-shah distance function as: 
 

 2 
1 2

internal( )

( , ) ( , )chan vese
E ds F x y x y dxdy 

 

   
   

(7) 

 

The Chan Vese level sets model considers area of 
pixels inside and outside of the contour given by. 
 

 

( )

( )

,  ( , )lies inside 

1
                  ( , )

,
,  ( , )lies outside 

1
                 ( , )

I

E

I

I

E

E

where x y

F x y dxdy

x y
where x y

F x y dxdy







  
   



  







    (8) 

 
Chan Vese Level Sets model evaluates and finds 

the values of  , on the image ( , )F x y with the energy 

model defined as 

 

     2 2 ( ) ( )
1 2

1 1
, ( , ) ( , )

2 2I I E

chan vese I E
E ds x y dxdy F x y dxdy F x y dxdy  

   

 
       

  
   

                                

(9) 

 
The initial two relations provide regularization 

for length and area of the contour to control its size using 

the parameters 1 20, 0 and 0     . The next two 

terms make the model  ,x y adjust to the ( , )I x y . The 

above equation 9 to create a global minimizing problem in 
image segmentation. 

By using the level set models in [34] to solve the 
minimizing problems in equation 9 and the modified 
equation of the level set function as 

 

 

 

( ) ( )

 ( ) ( ) ( ) 2

2

, ,

( ) 2

1

( , , ) min ( ( , ) ) ( , )

                                               ( ( , ) ) (1 ( , ) ) ( ( , ))

I E

chan vese I E I

E

I

E

E F x y x y

F x y x y dxdy x y dxdy


  





       

        









 
                                                              (10) 

 

Here Heaviside function is ( )  . The level set in 

equation.10 is updated iteratively by minimizing the 

gradient descent model defined as to arrive a minimum 
value for ( , )x y : 

 

( ) 2 ( ) 2
1

( , )
( )(( ( , ) ) ( ( , ) ) .

( , )
t I E x y

F x y F x y
x y

  
        


                                                                            (11) 
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Here the pixel locations in the image are denoted 

as x and y. the delta function is ( )   and iterative 

adaptations are initiated using the equations of ( )I and 
( )E as 

 

( )

( , ) ( ( , ))

( ( , ))

I

F x y x y dxdy

x y dxdy





 
 

 




                                

(12)        

 

( )

( , )(1 ( ( , )))

(1 ( ( , )))

E

F x y x y dxdy

x y dxdy





 
 

 




                         (13) 

 
Figure-5(a) shows the full segmentation of the 

rolling frames using the Chan Vese Level Sets Model. The 
resolution of the video frame is 760×1080 and the CV_LS 
takes around 750 iterations for achieving the desired 
segmentation. The next method is used to improve the 
speed and segmentation accuracy of ultrasound medical 
images [28]is being tested for rolling stock segmentation.  
 
3.3 Differential gradient based level sets (MDG-LS) 

The previous Chan Vese level set algorithm uses 
image gradients to detect object regions. Image gradients 
are prone to rapid brightness variations as can be found in 
the rolling stock video frames. Due to brightness 
inconsistency the contour spread takes in large iterations 
as pointed out in[35]. The challenging task for rolling 
stock frame segmentation is in decreasing the computation 
time with optimal bogie segmentations for quick 
maintenance. 
 

The Chan Vese technique is a capable model for 
many segmentation problems, we proposed to replace the 
Chan Vese model’s image gradient in equation (11) with a 
Morphological Differential Gradient (MDG) term. A video 
frame 2:xy

F D  in space D, we apply dilation and 
erosion morphological operators on the grey scale rolling 
frame with a line structuring mask having m rows and n 

Columns
2: , , { ,...., }mn

L D m n M M   defined as 

 
,{max( | ,  to }xy xy mn x m y n mn

d
F F L F l m n N N

      
 
(14) 

 
,{min( | ,  to }xy xy mn x m y n mn

e
F F L F l m n N N      

  
(15) 

 
Here mn

L  represents line structuring element of 

size M. Four different line angles { / 4,  / 2,  3 / 4,  }     

with single region overlapping pixels’ are used to create 
the structuring element mn

L . In dilation d and in erosion
e  are morphological gradient operators respectively. In 

equation 11, .
xy

xy

O

O





is replaced with MGD term as 

   . .
d xy e xy

d e

d xy e xy

O O

O O

 
 

 
.  This minor changes in 

image energy is visibly noticeable in Figure-5(b).  
As shown in Figures 5(a) and (b) the arrows point 

to the locations where there is a considerable change in 
segmentation accuracy between CV_LS and MDG_LS. 
During experimentation it was noticeable that MDG_LSis 
44% faster than CV_LS model for rolling stock 
segmentation. 

 

 
 

Figure-5. (a) Segmentation with CV_LS Model [32] (b) segmentation with MDG_LS[36]. 
 

In the above two methods identification and 
extraction of each bogie for checking is difficult. Even 
though the regional segmentation improved in quality and 
speed, the model is still not suitable for vision based 
rolling examination. The following two techniques use 
shape priors and shape invariance of each bogie part for 
extraction and defect identification at a faster rate. 
 
3.4 Shape prior level sets (SP_LS) 

Adding to existing Chan Vese (CV)[37] level set 
in equation 10 is the shape prior model proposed in [38] 
producing an energy function characterized as 

  ( ) ( ) ( ) ( )( , , ) ( , , )chan vese shape chan vese I E Shape I E

S S
E E E

        
 
(16) 

 
Form equation 10 the primary term represents the 

data term from Chan Vese level set in equation 16 and the 
later shape prior energy function is defined as  

 

      2
( ) ( )( , , ) , ,Shape I E

S S S
E x y x y dxdy



       
 

(17) 
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Figure-6. Curve evolution in SP_LS. 
 

Here the shape prior term   ,
S

x y  is 

dependent on the position of objects in the image. The 
energy term for multiple shape priors is  
 

    2
( )

2

,

 ( ) 2

1

1
log

S jd
N

chan vese shape n

j

E e
N



    
    



 
    
 
   (18) 

 
For using equation.18, the number of shape priors 

should be limited and apprehending the statistical shape 
from a few different shapes is a difficult task. Hence, we 
preferred single object extraction with single shape prior 
by simulating equation 16. The shape prior level set 
evolution on a frame of rolling stock is shown in figure 6. 
In this figure the shape prior is fixed for this specific frame 
of the bogie. The position of the shape changes will affect 
the segmentation outputs. 
 
3.5 Invariance shape prior level sets (ISP_LS) 

The previous SP_LS focuses on a bogie part for 
segmentation resulting in good quality bogie parts for 
classification. However, the initial contour must be 
manually shifted to the bogie interest part for extraction 
making the process time consuming and precision 
oriented. The solution in [39] introduces a signed distance 
function for shape encoded level sets making the 

segmentation process independent of object positions, 
orientations and scales in the images. To create a unique 
connection between its adjacent level set  and a pre-

defined shape model
Shape , it will be assumed that

0,  inside Shape  , 0,  outside Shape  and 1 
everywhere else. There are many ways to define this 
signed distance function [40, 41], out of which we use the 
most commonly used with constrains towards rotation, 
scaling and translational properties. In this work we 

propose to use   as the initial contour and 
Shape  is the 

shape prior contour to compute level set area difference as 
in [42]. 
 

        2
2 , Shape Shape

d H x H x dx   


             (19) 

 
In this work, around 20,000 frames of a train are 

used to identify parts with only one shape prior of a bogie 
part. As the train moves either to the left side of the frame 
or to the right side of the frame, the bogie has a side 
movement in only x-direction. The shape invariance of the 
shape prior is handled by  

 

          2
2

0 0,Shape Shape Shape
E d H x H s x t dx     



                                                                                     (20) 

 
Here the shape scale and translational values are 

represented with s and t . Local energy minimization 

between  0 , Shape  , maximizes the possibility of finding 

precise shape in the densely-packed bogie objects in the 
rolling stock frame. The curve evolution expression is 
obtained by applying Euler-Lagrange equation on (20),  

      0
0 02 Shape

H H
t


   


  


                           (21) 

 

Here delta function is    and artificial time 

step 1st. Finally joining equation.20 shape prior energy 
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term and equation 10 CV level set function produces a 
total level set energy function defined by 
 

(1 )T C Shape
E E E                                                   (22) 

 

Here shape prior energy on the image is controlled by . 

We develop segmentation model for single shape priors 
with the energy functional used from evolution equations 
in equation (10) and equation (21) as 

 

            2 2

. ( ) ( ) 2 1 Shape
I x C I x C H H

t

      


                        
                                            (23) 

 
Were C

 and C
 are updated iteratively using 

the expressions in equation.13. The curve evolution of 
shape invariance level set is as shown in Figure-7. The 
shape prior model is specified as red contour and 

transformed shape prior is showed as yellow contour. The 
green contour evolve son the frames for finding the bogie 
parts.  

 

 
 

Figure-7. Curve evolution in ISP_LS model. 
 
4. RESULTS AND DISCUSSIONS 

The above discussed 4 models are extensively 
tested for accuracy and speed of segmentation methods on 
10 different bogie parts on a train moving at 30KMPH. A 
high-speed camera captures the transit bogies at 240fps to 
evade motion blur. The camera is additionally equipped 
with a wide-angle capture lens to record the whole bogie 
in one frame as shown within the Figure-8. Four 
completely different trains having similar configuration 
and recorded parts at different time variations for 
experimentation. These trains in Asian Country (India) are 
stacked with 15 to 20 compartments. Every compartment 
has 2 per compartment, making it 30 to 40 bogies per 
train. Every bogie video records for around 80 frames. 
Extracting every part for damage assessment is the 

foremost task of vision based rolling stock examination. 
The results are quantified based on algorithms ability to 
extract parts correctly, identify defects and use the 
extracted parts for classification.  

The experimentation with level sets will help to 
arrive at a decision on their ability to produce desired 
bogie parts correctly. The key computer vision results 
estimation procedures are visual and analytical. The visual 
estimate of resulted segmented bogie part quality uses 
human observation of the bogie part for acertain minimum 
interval of time i.e. 2s. The responses from 3 trained 
rolling stock personnel are recorded for evaluating the 4 
level sets. In all 10 parts are evaluated by three personal 
separately. Figure-8 shows the 10 bogie parts used for 
testing the methods for parts segmentation. 

 

 
 

Figure-8. 10 Bogie parts for detection and testing the level sets algorithms. 
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Video capture in the regular condition with 

unrestricted lighting induces brightness artefacts during 
each capture. The proposed algorithms are gradient 
controlled and hence are dependent of light exposure 
during video capture. This is tackled using brightness 
preserving contrast enhancement method used in [43]. The 
method uses effective video frames of dissimilar masses 
shaped from a single frame and wavelet transform fusion 
results in a high contrast image keeping a uniform 
brightness. The figure 9 shows sample video frames 
captured at different times of the day. Highly contrasted 
frames are given as input to the methods CV_LS, 

MDG_LS and SP_LS.  ISP_LS is found to have developed 
independence from enhancement. 

The subjective analysis task is visual testing of 
the methods CV_LS, MDG_LS, SP_LS and ISP_LS by 
railway personnel. Figure-10 shows the results of the 
comparison shown to them for visual assessment. The first 
two methods CV_LS and MDG_LS are applied on the 
complete frame and next two methods SP_LS, ISP_LS are 
focused close to the part of interest. The CV_LS and 
MDG_LS methods the parts are separated for judgement 
with the remaining two algorithms manually. The ten parts 
extracted from the 4 methods used for rolling stock 
examination as shown in Figure-10. 

 

 
 

Figure-9. Rolling stock frames under different timings of the day with contrast enhancement. 
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Figure-10. Subjective assessment with 10 bogie parts extracted from 21st bogie. 
 

The ground truth (GT) parts are extracted with 
the approval from an expert rail engineer are shown in first 
row of figure 10. The reaming rows 2 to 5 shows the 
segmentation output for the proposed algorithms CV_LS, 
MDG_LS, SP_LS and ISP_LS. Visually the last row parts 
find faithfully matching to that of the ground truth images. 
We found that there is strong decrease in the number of 
iterations between MGD_LS to CV_LS. The resulted 
outputs from CV_LS and MDG_LS algorithm as shown in 
Figure-11. Robust testing with a train video sequence 

resulted in MGD_LS model using 44% less iterations 
compared to CV_LS. 

For a train with 30 bogies having 10 parts each 
makes for 300 parts per train. The personnel will have a 2s 
window to determine the part correctly. ISP_LS model 
segmented bogie parts were the most widely identified 
bogie parts with an average recognition of 94%. The 
second best was SP_LS with 78% and the remaining two 
CV_LS and MDG_LS were close to 55% and 59%.   

 

 
 

Figure-11. (a) CV_LS segmentation (b) MDG_LS segmentation. 
 

SP_LS and ISP_LS, the number of iterations are 
low as the initial contour is near to the object of interest. 
The SP_LS and ISP_LS average iterations are 75 and 90 
respectively. ISP_LS uses more iterations on the 
adjustments for compensating position, rotation and scale 
variations among the principal segmentation result and 
shape prior term. Figure-12 shows the average calculation 

time on the 10 bogie parts in 80 frames. In the image 
frames the bogie parts taken average time in CV_LS and 
MDG_LS model. For regular structures the algorithms 
iterative times are close when compared with twisted 
parts. SP_LS is faster but fails to give clear segmentation 
train bogie parts. 
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Figure-12. Mean iterative rates of algorithms for 10 bogie parts. 
 

To quantify the outcomes in the visual round with 
mathematical validation for objective evaluation, we 
choose structural similarity index measure (SSIM)[28], 
image quality index (IQI) [28] and peak signal to noise 
ratio (PSNR) [28] on the extracted bogie parts from 
proposed algorithms and ground truth (GT) models. The 
calculation of SSIM, IQI and PSNR use reference ground 
truth models in Figure-8. 

SSIM calculates the similarity is shape between 
the extracted bogie part E

S and ground truth bogie part 
GT

S . SSIM calculations are based on literature in [29] 
given as 
 

    
  2 2 2 2

2 2
,

E GT E E GT GT

E GT E E GT GT

S S S S S SE GT

S S S S S S

C C
SSIM S S

C C

  

   

 


   
    

(24) 

Where ,E GT
S S

C C are contrast information for the segments 

given by  2
C KL for 1K and L is the dynamic 

range of pixels in the image. To obtain correct 
measurements for SSIM, the binary segmented images of 
bogie parts are transformed into unsigned 8-bit integer 

class before applying equation.24. E
S

 and GT
S

 are mean 

values of pixels in the respective bogie parts. E
S

 and GT
S



are variances of pixels and E GT
S S

 is the covariance 

matrix.  SSIM calculations will help in making decisions 
on the similarity of the bogie part extracted and help in 
identifying the correct bogie part during testing.
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Figure-13. SSIM, IQI and PSNR for 4 parts with 4 segmentation algorithms for 80 frames. 
 

Image Quality Index (IQI) is SSIM with 0E GT
S S

C C  . 

This parameter is useful in determining the pixel 
variations between the extracted and ground truth image. 
With no contrast terms in our case, indicates that the 
correlation between the pixels in the images. Finally, for 
defect identification PSNR in db plays a vital role, as it is 
difficult to predict the type of defects in real time. PSNR 
provides a value that tells the deviation in the detected 
defective from the perfectly working part. Since we used 
simulated defects for experimentation, the value of PSNR 
must be high for better Level set algorithm. 
 

  
 10

max max
10log

,

E

E GT

S
PSNR

mse S S

 
 
 
 

                              (25) 

 

SSIM values vary between 0 and 1. 0 represents the no 
similarity and 1 represents full similarity. IQI values tells 
the quality of the resulting image when compared to 
ground truth ranging from 0 to 1. PSNR gives the 
relationship between black and white pixels compared to 
ground truth. PSNR values indicates in dB changes from 3 
to 13 dB for all bogie parts. For calculating small size of 
parts the PSNR value is small. 
Figure 13 shows the testing results of 2 regular and 2 
twisted structures in 80 frame bogie video. The two simple 
parts are bellow rod and right rod-1. Left spring and center 
rod are complex structures used for testing. Figure-13 
shows all the analytical results for the 4 parts segmented 
form 4 algorithms. The proposed methods are color coded 
in all the plots. In Figure-13 every vertical column 
characterizes SSIM, IQI and PSNR. 
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Figure-14. Rolling defects introduced in bogie parts using photoshop for testing the robustness of the proposed algorithms. 
 

Plots in Figure-13 show a loss in value during 
first and last frames related to central frames. This is due 
to the reference frame used in the extraction of ground 
truth part. All the central frames were used for creation of 
ground truth parts. ISP_LS performs better compared to 
the other three models. SSIM and IQI touched 0.953 for 
ISP_LS and no other algorithm of the three reached that 

score. PSNR for ISP_LS is around 12.93dB, which is 
again highest of the 4 segmenting algorithms.   

Table-1 gives mean values for all 4 methods with 
SSIM, IQI and PSNR for a full train at 4 different times of 
capture. They are Train-1 at 12.30PM, Train -2 at 6.30PM, 
Train-3 at 6.30AM and Train-4 at 4.30PM. 
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Table-1. Mean SSIM, IQI and PSNR calculations for 4-trains at different timing of the day using the proposed 
level set models 

 

Train Parts 
SSIM IQI PSNR 

CV_LS MDG_LS SP_LS ISP_LS CV_LS MDG_LS SP_LS ISP_LS CV_LS MDG_LS SP_LS ISP_LS 

Train-1 

Left Rod1 0.615 0.669 0.768 0.871 0.611 0.673 0.771 0.876 4.61 5.93 9.15 12.74 

Left Rod2 0.638 0.675 0.781 0.882 0.641 0.681 0.774 0.872 4.83 6.01 9.27 12.59 

Left Up 0.617 0.659 0.756 0.848 0.621 0.652 0.761 0.851 4.08 5.78 8.81 12.46 

Left Spring 0.591 0.651 0.749 0.857 0.602 0.649 0.746 0.864 3.92 5.61 9.26 12.57 

Center Rod 0.602 0.647 0.752 0.887 0.606 0.653 0.759 0.891 4.65 5.78 9.38 12.49 

Right 
Spring 

0.599 0.661 0.759 0.862 0.593 0.663 0.763 0.861 4.06 5.27 9.29 12.65 

Right Up 0.627 0.663 0.761 0.851 0.631 0.639 0.752 0.858 4.87 5.24 8.92 12.38 

Right Rod2 0.631 0.679 0.774 0.879 0.639 0.671 0.781 0.877 4.97 5.58 9.09 12.29 

Right Rod1 0.6232 0.6723 0.778 0.873 0.625 0.676 0.773 0.876 4.72 5.99 9.21 12.56 

Bellow Rod 0.625 0.669 0.761 0.871 0.631 0.676 0.778 0.881 4.69 6.04 9.51 12.93 

Train-2 
(Night) 

Left Rod1 0.231 0.291 0.401 0.581 0.238 0.304 0.405 0.584 2.15 2.97 6.91 10.12 

Left Rod2 0.257 0.317 0.424 0.596 0.249 0.326 0.431 0.605 2.26 3.12 7.01 10.26 

Left Up 0.223 0.287 0.398 0.571 0.237 0.294 0.401 0.569 2.03 2.86 6.96 10.04 

Left Spring 0.217 0.279 0.381 0.554 0.231 0.291 0.385 0.563 1.97 2.88 6.89 9.98 

Center Rod 0.271 0.326 0.427 0.607 0.286 0.311 0.431 0.614 2.36 3.43 7.12 10.46 

Right 
Spring 

0.219 0.298 0.411 0.594 0.213 0.301 0.403 0.602 2.14 3.13 6.99 10.01 

Right Up 0.227 0.281 0.394 0.569 0.246 0.294 0.405 0.572 2.19 3.27 7.14 10.17 

Right Rod2 0.249 0.302 0.417 0.599 0.261 0.299 0.424 0.611 2.48 3.38 7.07 10.31 

Right Rod1 0.237 0.309 0.412 0.604 0.249 0.314 0.416 0.609 2.39 3.28 7.12 10.24 

Bellow Rod 0.281 0.337 0.436 0.635 0.295 0.348 0.445 0.647 2.56 3.47 7.34 10.39 

Train-3 
(Morning) 

Left Rod1 0.457 0.493 0.612 0.784 0.459 0.491 0.615 0.793 3.27 4.09 8.12 11.22 

Left Rod2 0.463 0.507 0.622 0.796 0.469 0.512 0.621 0.799 3.31 4.12 8.19 11.31 

Left Up 0.455 0.501 0.602 0.775 0.461 0.509 0.609 0.764 3.19 4.07 8.07 11.19 

Left Spring 0.431 0.485 0.597 0.781 0.429 0.481 0.604 0.792 3.14 4.02 8.01 11.12 

Center Rod 0.471 0.517 0.646 0.805 0.474 0.521 0.637 0.801 3.28 4.24 8.28 11.45 

Right 
Spring 

0.444 0.491 0.601 0.779 0.451 0.501 0.599 0.785 3.16 4.01 8.06 11.05 

Right Up 0.447 0.489 0.609 0.784 0.444 0.484 0.612 0.789 3.11 4.09 8.14 11.12 

Right Rod2 0.453 0.498 0.618 0.801 0.459 0.506 0.624 0.807 3.34 4.16 8.21 11.29 

Right Rod1 0.451 0.501 0.619 0.792 0.458 0.499 0.613 0.804 3.29 4.14 8.19 11.26 

Bellow Rod 0.487 0.516 0.639 0.813 0.496 0.524 0.646 0.824 3.42 4.34 8.32 11.49 

Train-4 
(Evening) 

Left Rod1 0.438 0.487 0.602 0.769 0.441 0.493 0.609 0.764 3.13 3.97 8.04 11.13 

Left Rod2 0.441 0.493 0.607 0.773 0.449 0.491 0.616 0.782 3.26 4.07 8.07 11.18 

Left Up 0.431 0.487 0.601 0.767 0.437 0.489 0.608 0.771 3.21 4.09 8.01 11.08 

Left Spring 0.427 0.474 0.591 0.754 0.421 0.482 0.597 0.759 3.09 3.95 7.96 11.01 

Center Rod 0.458 0.507 0.642 0.781 0.466 0.512 0.638 0.787 3.19 4.14 8.19 11.27 

Right 
Spring 

0.429 0.481 0.595 0.751 0.431 0.484 0.602 0.763 3.11 3.99 8.02 11.03 

Right Up 0.436 0.484 0.599 0.773 0.442 0.489 0.605 0.771 3.24 4.01 7.99 11.07 

Right Rod2 0.439 0.491 0.611 0.771 0.437 0.487 0.609 0.778 3.21 4.1 8.11 11.21 

Right Rod1 0.434 0.49 0.609 0.765 0.439 0.495 0.614 0.775 3.19 4.02 8.09 11.17 

Bellow Rod 0.456 0.509 0.629 0.792 0.468 0.513 0.637 0.801 3.31 4.25 8.26 11.26 
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The table gives mean values per part for the 
whole train. Every train consists of 15 coaches with 30 
bogies. All the values are averaged per train. Comparing 
the 4 segmentation algorithms from the scores show a 
clear winner in the form of ISP_LS (Invariance Shape 
Prior Level Sets). The reason for its success depends on 
the control the model has over the sub-space of the shape 
model.  

Our final study tries to estimate the robustness of 
the proposed methods on defective part segmentation. 
During the data capture phase, we could not locate any 

defective components on the trains. Hence to test our 
segmentation models, we induced 9 defects in various 
critical parts using Photoshop software on the video 
frames. The 9 defects are shown in Figure-14. 

The resulting segmented frames from the 4 
algorithms are tested against the corresponding ground 
truth images. Defect identification with the proposed level 
set models is evaluated using SSIM, IQI and PSNR per 
video frame. Figure-15 gives evaluation plots for the 4 
level set models with respect to SSIM, IQI and PSNR per 
defective part frame for 4 different defects.  

 

 
 

Figure-15. SSIM, IQI and PSNR for four defective parts. 
 

Plots in Figure-15 show ISP_LS performs better 
for defective part segmentation which is same as healthy 
parts. The figure shows two simple defects on rods and 
two complex defects on springs. All the experiments using 
ISP_LS use non-defective part to segment the defective 
part. This is done by reducing the value of , which 

controls the shape energy of the level set. For defective 
parts having simple structure such as rods, the value of 

0.23  produced an average SSIM of 0.9332. This value 

is constant during the bogie movement from one end of 
the frame to the other. However, for complex spring 
structures the value of 0.18  is used for propagating the 
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contour on the image plane to extract the defect. The 
average SSIM in the case of complex structures like 
springs is averaged to 0.9001. This is due to self – 
occlusion during the train movement in the video frame. 

SSIM, IQI and PSNR show CV-SI superiority in 
producing quality segmentations of defective parts during 
bogie transit. 

 

 
 

Figure-16. Mean iterative rates for 9 induced defective bogie parts. 
 

 
(a) SSIM                                              (b) IQI                                                  (c) PSNR 

 

Figure-17. Average (a) SSIM, (b) IQI and (c) PSNR for 4 segmenting algorithms used on 9 induced 
defective bogie parts. 

 
The average CPU time in seconds for 80 frames 

of 9 defective parts are shown in figure 16. CPU times 
vary based on the structural complexity of the part. From 
figure 16, the average CPU time for ISP_LS model is 
150sec for simple rods in the bogie and 350sec for 
complex structures such as springs. Finally, figure 17 
shows averaged SSIM, IQI and PSNR for the entire train 
captured at different times of the day with induced 
defective bogie parts. The 3D plots indicate that the 
complex parts like springs and the defects in them are 
segmented effectively using ISP_LS from a moving bogie 
compared to CV_LS, MDG_LS and SP_LS. Shape 

invariance level sets are helpful in extracting defective 
parts irrespective of the type of defect or the location of 
defect in the bogie part. 

This experiment demonstrates the use of level 
sets for train rolling stock segmentation and bogie part 
extraction problem. The global LS models are good at 
extracting all parts in a single run of the program with 
large running time. Whereas the local LS models with 
shape priors are faster and are fully automated. When 
super pixels [43] and graph cuts [44] are used for bogie 
part segmentation, the results were unfavourable. This is 
due to fixed pixel characteristics used to define super 
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pixels and impossible manual selection of foreground and 
background pixels in graph cuts due to closely packed 
pixels in a bogie part. 
 
5. CONCLUSIONS 

In this work, we try to find a workable 2D model 
to extract train bogie parts for computer vision based 
inspection of rolling stock. The methods used are Chan 
Vese level sets (CV_LS), Morphological Differential 
Gradient (MDG_LS), Shape Prior (SP_LS) and Invariance 
Shape Priors (ISP_LS) based level sets for rolling stock 
segmentation. The first two methods are global 
segmentation modules and the second two are local 
segmentation techniques. SSIM, IQI and PSNR are the 
parameters used to test the effectiveness of the models in 
extracting perfect bogie parts and defective bogie parts. 
Our findings show that, global segmentation on bogie 
parts using CV_LS and MDG_LS are slow and a manual 
identification is required to extract and identify each part. 
However, SP_LS and ISP_LS are faster and fully 
automated in extracting the bogie parts. ISP_LS is better 
than SP_LS in removing a constraint on the position, scale 
and alignment of the bogie part in the video. ISP_LS is 
robust in detecting defective parts compared to other three 
models. The local segmentation has a problem of part by 
part extraction of the train bogie there by reducing the 
speed of the algorithm for real time maintenance jobs. 
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