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ABSTRACT

Wavelet intensity based algorithm developed previously at VirginiaTech has been furthered and
paired with an SVM based classifier. The wavelet intensity algorithm acts as a feature extraction
algorithm. The wavelet transform is an effective tool as it allows one to narrow down upon the
transient, high frequency events and is able to tell their exact location in time. According to prior
work done in the field of signal processing, the local regularities of a signal can be estimated
using a Lipchitz exponent at each time step of the signal. The local Lipchitz exponent can then
be used to generate the wavelet intensity factor values.

For each vertical acceleration value, corresponding to a specific location on the track, we now
have a corresponding intensity factor. The intensity factor corresponds to break-no break
information and can now be used as a feature to classify the vertical acceleration as a fault or no
fault. Support Vector Machines (SVM) is used for this binary classification task. SVM is chosen
as it is a well-studied topic with efficient implementations available. SVM instead of hard
threshold of the data is expected to do a better job of classification without increasing the
complexity of the system appreciably.
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1.0 INTRODUCTION

1.1 Motivation

Transportation is the mainstay of an economy. Rail transport forms an integral part of the
transportation system. This thesis stems out of a need to address the safety in the transportation
sector, with emphasis on rail transport.

Figure 1Human-lives lost due to rail accidents, used under fair use, 2013 [1]
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Figure 2 Financial losses incurred due to rail accidents, used under fair use, 2013 [1]

While advancements in manufacturing technologies have led to better rail track development,
increase in the demands of rail transport, in terms of load carriage, speed and traffic, has
necessitated more frequent replacement of the tracks in concern. Manual inspection, has served
fairly well, however, there has been recognized a need to semi-automate the process of defect
detection. In this regard, many studies have been performed to rectify the situation and aid in
break detection.
Figure 1 shows the loss of lives due to railway accidents over the years. As can be seen from the
trends, a large number of lives are lost every year, with an increase in the toll for 2013, in
comparison to the past semi-decade. Figure 2 depicts the financial losses incurred in the US due
to the railway accidents. Rail track breaks contribute to being one of the top most reasons for
railway derailment accidents. The rail breaks can start out as small cracks and can propagate
within minutes through the breadth of the track, causing increased gap space over a short time
2

span. The propagation of heavy load trains over such cracks can result in massive accidents. The
current systems in use for rail track break detection, vary from manual inspection to on-car
railway monitoring systems. Typical systems use a hard threshold of the data and thus are able to
isolate only peaks of irregularities in the signals generated by the monitoring system while
traversing over the rail tracks. The methodology of this research has been to use the vertical
acceleration data from a system mounted on a rail car and use the data to locate break instances.
A large amount of resources is spent every year by the FRA to ensure a reduction in the number
of accidents. Track derailments due to broken rail cause to be a matter of great concern in the rail
industry, with the highest number of accidents caused due to defect induced derailments. As can
be seen from Figure 3, track derailments can be the reason to which the maximum number of
accidents can be attributed.
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Figure 3 Causes of rail road accidents in 2012, used under fair use, 2013 [2]

3

This thesis is an attempt to address the main causes of accidents further, by providing solutions
to mitigate the problems. The problem statement can be identified as improving the method of
detection of breaks by using a rail break detection algorithm. Algorithms to detect broken rail are
commonly used in the industry. As part of a research collaboration between ENSCO and
VirginiaTech, an algorithm was devised which made use of vertical acceleration data gathered by
sensors moving on railway tracks and compute an intensity factor using continuous wavelet
transform.
The intensity factor was then used to identify the broken rails from test data provided from field
experimentation. As part of research work at VirginiaTech, studies were conducted on a project
to develop a C based code to process, based on an existing cwt based algorithm and detect
defects from track data inputs. While working on the project, there were certain concerns that
were recognized, improving upon which, would aid the process of data understanding and
classification of breaks.

1.2 Research Approach

Break detection is sought by implementation of an algorithm which incorporates continuous
wavelet transform for feature detection and support vector machine based feature classification,
on rail data. The rail data is attained from readings collected by an instrumented car which is
equipped with the accelerometer sensors to measure tri-axial acceleration values. The vertical
acceleration data is extracted from the same and used as input to the code. Training of the
algorithm is achieved by using information on existing breaks made available through industry
and correspondent with the vertical acceleration data provided.
Cross validation of the results is then performed and error is computed. In the original algorithm,
hard threshold was done for feature classification. The technique developed in this research is to
augment the existing algorithm by implementing SVM for classification. The results for the two
are then compared and the benefits of this approach are discussed.
4

1.3 Document Outline

The thesis is divided primarily into six chapters. The Introduction, provides the motivation
behind the research. It also attempts to outline the presentation of this document. Chapter 2 is a
literature review which delves into the ongoing and existing research attempts made in similar
fields pertaining to railway safety. It also seeks to gain a deeper understanding of the tools used
in this research work, such as Support Vector Machines. Chapter 3 deals with the development
of the rail break detection algorithm. The chapter initially covers the past efforts made in this
regard and then goes on to implement the feature classification method that was incorporated.
Chapter 4 deals with the conversion process of Matlab based code to C to be able to be supported
on the real time machines. Chapter 5 talks about the results and findings from the research work
conducted in relation to the topic. It restates the problem statement and then provides details of
the results attained in accordance of the same. The results section deals with the results generated
from both the algorithm outputs as well as outputs which were part of the collaboration work
with ENSCO. Finally in Chapter 6 the scope and probable future work which can be carried on
are discussed.

5

2.0 REVIEW OF LITERATURE

2.1 Introduction

This chapter discusses some of the notable literature pertinent to this research. The section 2.2
discusses the concerns with regards to rail safety. Section 2.3 gives an overview of rail defect
detection in general. It discusses some of the methods currently being used in rail defect
detection and some probable limitations and concerns with those approaches. The final section
deals with the literature related to the tool used specific to this work, that of SVM. SVM is a
relatively newer feature classification technique, which has found its use in many machine
learning problems.

2.2 Rail Safety

Rail safety is a topic of concern due to the extensive amounts of resources which are dependent
on railways for transportation. Rail industry is an important lifeline for any economy due to its
convenience as a means of transport for not only people but also goods. Many processes and
industries rely on rail transport for both, supply of raw materials and then the dispatch of final
goods.

6

Figure 4 Depicting an accident caused by train derailment caused by track break, used under fair use, 2013 [3]

Figure 4 above shows the derailment in 1911 on train near Manchester, NY resulting in the loss
of lives of 29 persons and injuries to 62 others. The cause for the accident was a broken rail. In
August 2010, a broken rail caused 13 cars of the total 79 cars on a train to get derailed, in
Baltimore Maryland [4] . In May 2011 an Amtrak train derailed in the East River Tunnel in New
York. This accident caused severe losses in terms of property and rail track [5].

2.3 Rail Defect Detection Procedures

Rail defect detection is a process for which many different detection techniques have been
studied and implemented. In general, for a defect detection system, the following need to be
7

made available: a system of sensors which traverses the rail tracks, a data acquisition system, an
algorithm to process the data and classify the signals as those arising from a break or no break
and finally a means for notifying the GPS position of the break to authorities so that necessary
action may be taken. Figure 5 discusses the flow of the process of fault detection and
remediation in case of rail break instances.

Figure 5 Consequences of Rail Break Detection, used under fair use, 2013 [6]

IFC (instrumented freight cars) are one means to collect the track information. The
Transportation Technology Center Inc. owns such machines, which can be used to attain
information about the railway tracks.
There are several methods for rail defect detection. The FRA enlists the four types broadly as[7]:
Portable Test Process, Start Stop Test Process, Chase Car Test Process and Continuous Test
Process.
8

The portable test process involves a mobile test device being carried over the rail at a walking
pace by a data collector. The operator stops to manually and visually verify any indications of
flaw by the detector. The Start-Stop process is for vehicles meant for rail break detection purpose
which have been equipped with the sensor system. The rail vehicle traverses over the tracks at a
speed of 25mph. Once a flaw is detected, the vehicle stops and manual inspection is done of the
location.
The chase car system implements use of two cars. The first vehicle is a car body equipped with a
sensor. This might be a normal train car equipped with the desired sensors. The lead car houses a
transmission unit which then sends a signal to the chase car which is right behind the initial car.
The operator of the chase car is responsible for inspection of the flaw which has been detected
and reported by the first car. The continuous test process has the sensors mounted onto trains
which regularly traverse the route. The train traveling at high speeds continually takes the data
and send it to a remote location where the data is processed. Once the data is processed, in the
vent of a flaw detection, reports are sent to the operators responsible for the local track area. The
last method is very efficient as tracks in the range of a hundred miles can be analyzed on a daily
basis without the need for human interference.

2.4 Machine Learning Implementation: SVM

Machine learning has been implemented for classification problems in many applications.
Machine learning can be seen as a process which allows a system to learn from an existing data
set, then applying the same to classify by generalization. Generalization refers to a process by
which the system is able to classify new data sets into a given sector, with information of the
feature from existing data set. SVM (Support Vector Machines) is a popular tool to implement
the above classification.
Support Vector Machine is a non-probabilistic binary linear classifier, developed by Vladimir N
Vapnik and Corinna Cortes in 1995 [8]. Basically the working mechanism of SVM is such that
9

for a given input data with known labels, it predicts which of the two classes the points of the
data would belong to.
Classification of data, given a training data set, such that there is an existing label which
determines which data would be classified under which type, can be used to train the algorithm
which can then be used to classify unlabeled data. Thus data exists labeled as belonging to either
a given class or another. SVM creates a model based on this input and predicts the classification
of the data based on a particular feature set.
Once the classification is achieved for the training data set, the model can be used to predict the
behavior of other data sets. Thus SVM has an advantage over hard threshold, given that the
thresholds need not be created for each data set manually. This feature of SVM is made use of in
this research. SVM can be seen to yield classification that are non-affected by the model, in
general. Studies have been performed to show that SVM can yield good classification as
compared to other classifiers [9]. SVM works by creating a hyper plane to separate the
dispersion of data points in space. Thus, if a data point can be viewed to have a given n -number
of points, we should be able to classify them with the use of (n-1) hyper planes. For optimal
stability, the hyper plane which has a maximum distance from it to the nearest data point, is
chosen, if it exists.

Figure 6 Showing the working of an SVM binary classifier model, used under fair use, 2013 [10]
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The Figure 6 above shows how a set of data points have been binary classified by the SVM
model. The margin is the minimum distance that exists between the hyper plane separating the
two classes and the nearest data point on either side. In order to get the best model, it is hoped to
optimally place the classifier such that the margin is the greatest. As can be seen from the Figure
6, two classes of data exist in the particular data set. The ‘+’ and the ‘-’ signs have been used to
depict the two classes. The hyper plane acts to separate the two classes. The data points
highlighted are the ones that have been misclassified by the classifier model. The objective
function for the soft margin SVM in the primal form is given below. The equations have been
adapted from [11]:
𝑁

1
‖𝐰‖2 + 𝐶 ∑ 𝜉𝑖
2

min

𝐰,𝑤0 ,𝜉𝑖

𝑖=1

Subject to the conditions –
𝑦𝑖 (𝐰 𝑇 𝐱 𝐢 + 𝑤𝑜 ) ≥ 1 − 𝜉𝑖
𝜉𝑖 ≥ 0

∀𝑖

Where,
𝐰: Coefficients determining the classifier (hyper-plane)
𝑤𝑜 : Bias
𝐱 𝐢 : i-th Training Point
𝜉𝑖 : Slack variable for the i-th training point
𝑦𝑖 ∶ Label of the i-th training point
N: Total Number of training Points
C: Constant
11

This primal form can be solved by Quadratic Programming (QP) – a well-researched technique.
Despite the easy availability of the efficient QP solvers, SVMs in practice are rarely
implemented in the primal form. The more popular form is the dual form which is given below:
𝑁

𝑁

𝑁

1
max ∑ 𝛼𝑖 − ∑ ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 𝐱 𝐢𝐓 𝐱 𝐣
𝛼𝑖
2
𝑖=1

𝑖=1 𝑗=1

Subject to the conditions –
𝑁

∑ 𝛼𝑖 𝑦𝑖 = 0
𝑖=1

0 ≤ 𝛼𝑖 ≤ 𝐶

∀𝑖

Where,
𝛼𝑖 : Lagrange Multiplier for the i-th training point. It is important to note here that by solving the
dual form we get 𝛼𝑖 and not 𝐰, 𝑤𝑜 . The relation between them is given by the following
expressions:
𝑁

𝑤 = ∑ 𝛼𝑖 𝑦𝑖 𝑥𝑖
𝑖=1

𝑤𝑜 = 𝑦𝑖 − 𝐰 𝐓 𝐱 𝐢

for any 𝑖 such that C > 𝛼𝑖 > 0

For both the primal and the dual form the hypothesis statement is given by:
𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 |𝐱 = 𝑠𝑖𝑔𝑛(𝐰 𝐓 𝐱 + 𝑤𝑜 )
The dual form is a QP problem with N parameters whereas the primal form had N+d+1
parameters, d being the dimensionality of the feature space. So for low dimensional datasets,
12

primal and dual forms have almost same computational burden. The reason for opting for the
dual form is its connection to the ‘Kernel Trick’ which can be seamlessly incorporated within
optimization problem [12]. ‘Kernel Trick’ refers to the trick of transforming a low dimensional
data into higher dimensional spaces (sometimes infinite) without having the explicit mapping
[13]. The key idea in this method is the existence of special kernel functions which can work on
low dimensional vectors 𝐱 𝐢 and 𝐱 𝐣 to produce a value equivalent to the dot-product of higher
dimensional spaces. The objective function for the dual form can be re-written as –

𝑁

𝑁

𝑁

1
max ∑ 𝛼𝑖 − ∑ ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 𝐾(𝐱 𝐢 , 𝐱 𝐣 )
𝛼𝑖
2
𝑖=1

𝑖=1 𝑗=1

Subject to the conditions –
𝑁

∑ 𝛼𝑖 𝑦𝑖 = 0
𝑖=1

0 ≤ 𝛼𝑖 ≤ 𝐶

∀𝑖

The hypothesis function is modified as follows:
𝑁

𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 |𝐱 = 𝑠𝑖𝑔𝑛 (∑ 𝛼𝑖 𝑦𝑖 𝐾( 𝐱 𝐢 , 𝐱) + 𝑤𝑜 )
𝑖=1

Where,
𝑤𝑜 = 𝑦𝑖 − ∑𝑁
𝑗=1 𝛼𝑗 𝑦𝑗 𝐾( 𝐱 𝐣 , 𝐱 𝐢 )

for any 𝑖 such that C > 𝛼𝑖 > 0
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3.0 RAIL BREAK DETECTION ALGORITHM

3.1

Overview

As discussed previously, the rail industry has sought to implement autonomous track defect
detection algorithms. The algorithm worked upon as part of this research is based on
continuation of work by a researcher previously at VirginiaTech. This chapter highlights the
implementation of the previous code stating its limitations. It then moves onto the current
implementation and talks in detail about the feature classification technique implemented by use
of SVM. The chapter then goes on to discuss the results that were attained from the given
classification and its implementations on test data received from field work done by ENSCO.

3.2 Wavelets in Rail Break Detection

Wavelets provide interesting information about the signal types and the irregularities which
might be involved in the signal. Thus, use of wavelets for defect detection is finding its
popularity in the engineering sphere. Wavelets have made its way into the transportation industry
with researches being conducted worldwide.
In his research, Agarwal S discusses the benefits of wavelet transforms in the transportation
section, due to the usage of wavelets in forming Intelligent Transport Systems (ITS)
[14].Traditional techniques cause losses due to compression inefficiency and redundancy.
14

Wavelets can be used to differentiate the common recurring patterns in a data and make
approximations and assumptions about the data set based off on those. Thus wavelets have been
seen to be effective for feature extraction purposes.
Based on previous work conducted at VirginiaTech, an algorithm was devised which would
implement continuous wavelet transform to detect the rail defects. An explanation of the initial
algorithm is given below [15]. The motivation behind this algorithm was the peculiarity of the
signals for the vertical acceleration data for a broken rail as compared to one without defect.
Subsequently, a C-based code was worked upon by the author, to implement the algorithm in
real time on ENSCO monitors.

3.2.1 Previous Implementation

The C code, developed on the basis of the algorithm, uses wavelet transform to detect broken rail
events within a vertical acceleration signature. The first step is that of defect detection. To start
with, we convolve the vertical acceleration signal with a wavelet. This is called the Continuous
Wavelet Transform (CWT). The vertical acceleration data is available to us. For:
x is the vertical acceleration vector of length N: 𝒙 = [𝑥1 𝑥2 𝑥3 … 𝑥𝑁 ].
i is the index for this vector, so xi denotes the ith entry in the x vector.
t is the time vector of length N: 𝒕 = [𝑡1 𝑡2 𝑡3 … 𝑡𝑁 ].
i is the index for this vector, so ti denotes the ith entry in the t vector.
h is the wavelet vector of length M: 𝒉 = [ℎ(−𝑀+1)/2 … ℎ−2 ℎ−1 ℎ0 ℎ1 ℎ2 … ℎ(𝑀−1)/2 ]
j is the index for this vector, so hj denotes the jth entry in the h vector.
The vertical acceleration, x, will be convolved with the wavelet, h, for some number of scales
(i.e., frequency bands).
15

The scale vector is s=[1 2 3… L], where L is the max scale.
k is the index for this vector, so sk denotes the kth entry in the s vector.
The code uses integer values for scales, therefore sk = k
The Wavelet Coefficients are the result of the CWT. The Wavelet Coefficients are denoted by
Wk,i. Therefore, W is an L x N matrix. The Wavelet Coefficients are calculated using the
following formula:

𝑾𝑘,𝑖 =

1

(𝑀−1)/2

∑
𝒙𝑗+𝑖−1 𝒉𝑘,𝑗
√𝑠𝑘 𝑗=(−𝑀+1)/2

Notice that the vector h has both subscripts k and j. This is because there will be a different
wavelet vector for each scale, sk. The values for the wavelet vector can be computed from the
wavelet equation.
The next step is to calculate the Lipschitz exponents for each time step. This exponent is used to
describe the irregularities. An irregularity in the rail surface generates a low value for the
Lipschitz exponent for that value of the vertical acceleration. Noise and other disturbances
generate a negative exponent. The exponents are then used to calculate the intensity factor,
which is then classified using the threshold values for broken rail and impending cracks.
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Figure 7: Plots for Intensity Factor for data provided by TTCI

The plots in Figure 7 are on data analysis conducted from those received from TTCI. The plots
give an idea of the Intensity Factors computed for the four data files. The first three plots
represent the IF plots for the broken weld concrete tiles, while the bottom right plot is for the
chipped rail. For each of the plots, we have the vertical acceleration data from the right and left
frames and the lateral acceleration values from the left and right frames (except in case of the
chipped rail, which has only lateral acceleration values from left frame). In plot one, the vertical
acceleration for the right frame seems to yield IFs which go above 100. In plot two, the Ifs are
significantly high for the vertical acceleration values for both right and left frames. In plot three,
the vertical acceleration values are high for the right frame. In case of the chipped rail, the
vertical acceleration values for the left frame yields high IF values. The intensity factor helps to
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measure magnitude of irregularity for a given Lipschitz exponent. This threshold step is
responsible for distinguishing the irregularities in the signal from other factors, such as process
noise and/or sensor noise.

3.2.2 Explanation of algorithm results

The algorithm explained above, worked by taking the input data from the vertical acceleration
readings supplied by ENSCO, which were collected by running the V/TI over the broken rail.
This was used to generate the IF (Intensity Factor) by first calculating the Lipschitz exponent and
then getting values for the IF.
These Figures 8 a-d show the results from the wavelet intensity factor algorithm developed by
VT for a set of 20 high amplitude signatures collected from the ENSCO V/TI unit at a given
sampling frequency.
From the figure, it can be seen that sample numbers, 7, 12 and 19 which were the broken rail
samples had generated high intensity factor (IF) and hence could be classified as broken rail
based on this significant difference between the IF for normal rail and broken rail, thus setting a
value for threshold using IF.
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Figure 8 Algorithm development data evidence , used under fair use, 2013 [15]
Fig 8 a: Shows the wheel vertical acceleration
Fig8 b: Depicts the local signal regularity, α, which is calculated using a Daubechies wavelet (db4)
Fig8 c: Shows the Intensity factors for the regularities generated
Fig 8d: Shows the type of signature generated. Wherein blue is normal, yellow indicates a broken frog and red indicates a
broken rail.
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3.2.3 Limitations

The previous implementation used a hard threshold for classifying the processed signal as a
break or no break label. In this case, for instance, the Intensity Factor was used as a feature upon
which the threshold was implemented. Thus, an IF of over 70 was classified as an impending or
a probable break while IF readings over 100 were classified as a definite break. This mode of
classification was then used to predict breaks for other readings. In most cases, it was seen that
the algorithm was not able to classify the break data correctly, with the given threshold. This
posed a problem, since manual setting of the thresholds for every instance is a time consuming
role and in most cases would not yield the right thresholds either.

3.3

New Implementation

3.3.1 Motivation

The new implementation works with the IF, from the implementation as discussed earlier and
builds upon it to implement a classification system which learns from the initial data set and then
goes on to test the next set of data and predict breaks without the need to manually set the
thresholds for classification. This implementation thus, works to resolve the limitations of the
previous feature classification and causes an advantage of ease of implementation and further
automates the process.
SVM as discussed earlier is a well-researched and heavily implemented machine learning tool
used for classification. The data received from the rail industry was not linearly separable based
on the intensity factor feature data extracted from the vertical acceleration data set. SVM helps to
automate the threshold process. SVM with kernel trick, is used to convert the 1 dimensional data
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provided and take it to a n dimensional higher space and subsequently offer a threshold or
classification prediction system. SVM being heavily researched, is also extensively documented
in C. As a result, consequent conversion of this code into one for implementation on an
embedded system for real time track break detection system, would be highly aided.

Figure 9 SVM classifier working for linearly separable data, used under fair use, 2013 [16]
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Figure 10 Data points representing linearly not separable data, used under fair use, 2013 [16]

Figure 11 Showing transformation of feature space to higher dimension, used under fair use, 2013 [16]

Figure 9 above shows the instance of a linearly classifiable data in a 2D space. As can be seen
from the figure, a simple line can be drawn to pass between the two data types which would
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enable effective classification. The model can then be made to learn the feature classification and
can be subsequently used to predict the label instances for a new set of data. However, in many
real life situations, the data presented to us is not linearly separable in the given feature space. In
these cases, such as in Figure 10, a linear classifier would not be effective to label the data
correctly.
The advantage of SVM is that it can be used to convert the existing feature space to a higher
dimensional feature space, where classification might be possible. Figure 11 shows an initially
non classifiable not linearly separable data, transforms to being linearly separable in a higher
dimensional space. The kernel trick implemented as part of this research, does the same. It is
thus seen to increase the performance of the algorithm and processing of the raw data made
available. SVM based machine learning is being seen to be better at real world implementations
than its other counterparts due to its ability to construct complex models, while at the same time
being able to be mathematically and computationally easy to solve [16].

Figure 12 Sample rail break photo of real break site for which vertical acceleration was recorded. Photo by ENSCO
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Figure 13 Sample rail break photo of a site at which there was a generated Rail Break at TTCI testing facility. Photo by TTCi

3.3.2 Feature Extraction

Figures 12 and 13 shown above provide images for sample breaks generated at ENSCO and
TTCi. The vertical acceleration data which was processed, was made available by a sensor
traversing on top of breaks similar to these.
In this particular implementation, the intensity factor has been used as the feature to classify the
rail track data as break or no breaks. The intensity factor extraction from the vertical acceleration
signals works as per the algorithm developed previously. The acceleration signals, each generate
a unique intensity factor. Thus, for each data signal, there is an IF value, from this IF value and
based on the information made available to us, through visual inspection by ENSCO, we are able
to correlate the values for the IF signals which correspond to the break data.
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Figure 14 Intensity Factor Readings for max IF values from data supplied by industry

In the Figure 14 shown, two data sets have been studied. These are instances of the V/TI set up
being installed upon passenger rail vehicles and which have traversed through the country. The
breaks have been identified through visual inspection of the tracks and the GPS locations for the
same have been provided. As can be seen, the values of the Intensity factor vary. There are also
two sets of vertical acceleration data and hence IF, for each data set, one for each track on either
side.
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3.3.3 Feature Classification

As has been discussed earlier, SVM has been used to classify the data set. The SVM forms a
model based on the input labeled nonlinear data set, in form of the IF values and then is able to
predict the break or no break instances based on the hyper plane created. In this particular case,
three implementations have been considered. The first is that of the hard threshold, the second
that of simple SVM, the third of using a kernel based SVM. The Figure 15 shown below is IF
reading for the various files which had known break events. As can be seen the IF signal has
strong peaks in most of the cases. A point to note in this regard, is that although the IF peaks can
be used to correlate with break instances, the hard threshold value determined by mere glance at
the data would result in a large number of false positives.

Figure 15 Intensity factor outputs for 10 sample cases (data courtesy ENSCO)
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In this particular case, the data set is limited, given that exhaustive data is needed to train the
algorithm. Yet, the main motivation behind the implementation of SVM is to be able to automate
the threshold step that was being previously performed.

3.3.4 Processing Data
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Figure 16 Sample Feature space from the data set

As can be seen from the figure 16 above, the feature set, which in this case was the IF computed
from the vertical acceleration data provided to us, was not linearly separable. The graph shown
above plots the maximum IFs from the files supplied as part of the data set and plots them on a
1-D plot with the x axis being the IF value.
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Figure 17 Maximum Intensity Plot for Sample data set

As can be seen, no line can be drawn to separate the region of break from no break, as a result,
hard threshold would fail in either being unable to detect many breaks or giving a large value of
false positives. SVM is able to work on this data set and classify the data into break and no
break. The data had labels and a label comparison was done on the output. It was seen that the
SVM implementation using the kernel trick performed better at classifying the data. The results
section in Chapter 5 discusses in elaborate about the performances of the implementations on
labeled data provided by ENSCO.
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4.0 C- BASED IMPLEMENTATION:
RAIL BREAK ALGORITHM

4.1 Need for C-based implementation

The industry which helped collaborate on this project, was ENSCO. In this regard, it was
necessary to convert the Matlab based algorithm to a C code which would be compatible for real
time testing, given the specifications for the embedded system being used on the ENSCO testing
vehicles.
The most important factor, which is of concern when it comes to the real time systems is the
predictability of the processing system. One wants to be sure of the accuracy of the time
involved in each process and the repeatability of the process for each of the iterations. The C
language, being highly deterministic, makes it an ideal tool for the use in real time systems.
The C implementations, unlike Matlab, are compatible with most operating systems. The process
time for the codes to run are also much slower than those of their counterpart Matlab versions.
With C codes, the ease in processing is aided by the codes need to have the type and size of the
data input to it being pre-determined. As a user, the C program can be worked around such that
the programmer has an idea of exact input and output data types, thus making the C language
with its explicit memory allocation, more deterministic. As a result, estimates can be made for
the real time run time of the code and the processing time for raw binary input to be converted to
labeled classified data sets.

29

4.2 System Specifications: ENSCO

ENSCO was the railway industry with whom a collaboration was done for work on the rail break
detection software. The company used an embedded system with a compiler, Watcom 10.6. The
embedded system used in the ENSCO system was similar to a 32 bit Pentium III testing set up
with 550 MHz and 384 RAM with 86% free space. The run time on this processor for the initial
c-code was 200 points per second, on an average. Readings from some sample runs are given in
the table below.
Data points
8192
4000
1600
400
100

Processing Time (seconds)
67
14
6
1-2
1

Comments
Max data points
10 s at 400 Hz buffer
4 s at 400 Hz
1 s at 400 Hz
0.25s at 400 Hz

Table 1 Sample Run Times

The test done to determine the results above were basic stop watch tests conducted upon the C
code algorithm implementation, performed at ENSCO. Figures 18-20 shown below gives a
schematic of the V/TI unit used by ENSCO. The position of the various sensors are shown. The
equipment location is also shown in the figures following. As can be seen, the monitor is housed
within the rail vehicle.
The axle sensors placed over the wheels traverse the tracks and send raw vertical acceleration
data to the main unit. From here the signals are processed and based on the classification of the
data as yielded by the output, the unit can determine whether or not the rail had a break. On
detection of break, the antennae is used to dispatch information to the concerned officials
reporting the break instance with the corresponding GPS location. The GPS location in this case
would be an approximate location due to the difference in the sampling frequencies of the sensor
and the GPS detection device.
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Figure 18: VTI Monitor as used by ENSCO. Photo by ENSCO, used under fair use, 2013 [17]

Figure 19: V/TI monitor equipment location. Photo by ENSCO, used under fair use, 2013 [17]
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Figure 20 Axle sensor mounting, used under fair use, 2013 [17]

4.3 Algorithm Conversion

The first task identified was to study the library dependencies of the compiler, with the libraries
intended for the code. In this particular case, wavelet toolbox feature of Matlab was being used,
and hence a corresponding library was necessitated.
However, the system was resolved by implementing the code conversion process by using
Matlab based MEX files and then subsequent conversion of that code to C. In this case, there
were no external library dependencies and hence the converted code was found to be compatible
with any Windows or Linux platform, giving results for the intensity factor readings, similar to
those generated by Matlab, with minor changes in fourth decimal place.
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The process of algorithm conversion [19] can be seen below. The following is an adaptation of
the developers notes passed on to ENSCO for field trial [20]. The code was compiled using gcc
version 3.4.6 20060404 on Red Hat 3.4.6-11. No errors are expected to occur when compiling
using WATCOM. The data file is specified by path within the code, and thus must be modified
depending upon where the data file is stored. The change must be made at the "fopen" call in the
first few lines of the code. The code takes ‘len’ number of points (currently 16000), and this may
be changed too. The current input file is set to "data200.txt" and current output file is
"output200.txt" within the “Archives” folder in the same directory as the source.
We describe the sample implementation by explaining each portion of the code. This provides a
basic understanding of Library API too :Arrays and variables such as the length of the signal were defined in the beginning.
int len = 16000;
emxArray_real_T*

signal_struct

=

emxCreate_real_T((int32_T)1,

(int32_T)len);

emxArray_real_T* output = emxCreate_real_T((int32_T)1, (int32_T)len);
real_T* signal = signal_struct->data;
Retrieval of data is from a text file “data.txt” and stored in a character array. It retrieves a
maximum of 16000 points which may be set using the variable 'len'.This is a variable which is
preset, and may be changed by the user as and when needed.
FILE *f = fopen("./data.txt", "rb"); fseek(f, 0, SEEK_END);
long pos = ftell(f); fseek(f, 0, SEEK_SET);
char *signal_t = malloc(pos); fread(signal_t, pos, 1, f); fclose(f);
int i = 0; char* temp;
temp = strtok(signal_t," "); for(i=0;(i<len)&&(temp!=NULL);i++) {
33

signal[i] = (atof(temp)); temp = strtok(NULL," ");
}
The intensity factor function is called with the signal array and an output array as arguments.
intensity_factor(signal_struct,output); The output array is stored into a file “output.txt”. The
code adds labels within the output file which indicate the whether the intensity factor for each
point is within normal range, whether a crack is probable, or whether a crack is impending.
real_T* outputp = output->data;FILE *fw = fopen("output.txt", "w"); int j = 0;
for(j=0;(j<len);j++) {
for(j=0;(j<len);j++) {
if(outputp[j] != 0) {
fprintf(fw, "%f, ",outputp[j]);
}}
fclose(fw);
The code then calls emxDestroyArray_real_T to remove the memory allocation for the signal
and output arrays. This step may be skipped to improve code speed - the same arrays may be
used repeatedly to reduce time spent in allocation and reclamation.
emxDestroyArray_real_T(signal_struct); emxDestroyArray_real_T(output);
There are a number of functions and data types available, but for the purposes of 1 dimensional
input signals such as ours, we have used the following in the sample implementation :-emxArray_real_T
-emxCreate_real_T
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-intensity_factor
-emxDestroyArray_real_T
-emxArray_real_T is a structure which encapsulates an array of a specified type and size, and is
defined in intensity_factor_types.h
typedef struct emxArray_real_T
{
real_T *data; int32_T *size;
int32_T allocatedSize; int32_T numDimensions; boolean_T canFreeData;
} emxArray_real_T;
This structure encapsulates together a pointer to a real_T array, the size of the array, its
dimensions and associated flags such as canFreeData.
int32_T :

is

basically

the

int

type,

and

is

defined

in

rtwtypes.h

typedef int int32_T;
emxCreate_real_T : function returns a pointer to an allocated structure instance of
emxArray_real_T.
emxArray_real_T *emxCreate_real_T(int32_T rows, int32_T cols);
The code takes int arguments for the number of rows and columns the returned emxArray will
have.
intensity_factor function computes the intensity factors for a given signal and stores the output
to an array passed as an argument
extern void intensity_factor(const emxArray_real_T *data, emxArray_real_T *INTENSITY);
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It takes an input array pointer data and a pointer to an output array INTENSITY.
emxDestroyArray_real_T reclaims memory allocated to an array encapsulating structure
instance of the type emxArray_real_T.
extern void emxDestroyArray_real_T(emxArray_real_T *emxArray);
It takes a pointer to the array to be reclaimed as input.
The Intensity factor library in made up of a number of files which provide data structures,
variable types, and function definitions. Brief descriptions of files present in the library are as
follows :-rtwtypes.h - It defines the basic types used in the library such as real_T and int32_T.
-intensity_factor_types.h - It defines the basic structures required by the library
-intensity_factor.c - It contains the main implementation of the intensity factor algorithm along
with the accompanying functions for the additional computations.
Some important functions within intensity_factor.c were :intensity_factor - This is the main API handle to the intensity factor library. It manages all
necessary data structures (mainly initialization and reclamation of arrays), generates wavelet
transform coefficients for the signal, and computes the intensity factors on the result. This
function has many avenues for optimization - through precomputation, removal of redundancy
and memory re-use.
void intensity_factor(const emxArray_real_T *data, emxArray_real_T *INTENSITY)
daub_cwt - This function generates wavelet transform coefficients for a given signal SIG to an
array 'coefs'
static void daub_cwt(const emxArray_real_T *SIG, emxArray_real_T *coefs);
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conv - array convolution used outside daub_cwt. It convolutes an array B with precomputedcoefficients describing the Daubechies waveform
static void b_conv(const emxArray_real_T *B, emxArray_real_T *C);
b_conv - convolution within inside daub_cwt. It computes the convolution of an array A and an
array B. The result is stored in the array C. The dimensions of A need to passed explicitely to the
function, while the dimensions of B are encapsulated within B, along with B’s data.
static void conv(const real_T A_data[1023], const int32_T A_size[2], const emxArray_real_T
*B, emxArray_real_T *C);
cumsum - generates sum of elements for the given array static void cumsum(emxArray_real_T
*x)
The int32_T and real_T types are used as the basic units in the code. typedef double real_T;
typedef int int32_T;

4.4 Code Result Testing

Post conversion of the code to C, there was found a need to validate the results of the code to
those of the initial Matlab based algorithm. There were several tests conducted which were able
to determine the accuracy of the C-code in determining the IF values in a range which was
identical to ones developed from the Matlab code, close to second decimal place. The process of
hard threshold was implemented, post generation of the IF values, to gather the values for the
break-no break labels.
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Figure 21: Intensity Factor readings for generated vertical acceleration data available from rail model, used under fair use,
2013 [15]

In order to understand whether or not the code generation had indeed been done properly, several
validations were done by both VT and ENSCO. Some of the validations, like the one in the
Figure 21 shown above, were performed on generated vertical acceleration data sets. Brad
Hopkins as part of his research at VT had developed a rail wheel interaction model [15]. The
data for the above graph had 16000 vertical acceleration values, for which IF was calculated
using the C code as well as the Matlab implementation. It was found that the results for the two
were same, given few differences in digits after the second decimal point.
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5.0 Results and Discussions

5.1

Results

In this section the results from the SVM and the hard threshold have been compared. The results
were from computations performed on 22 GB worth of real raw data supplied by ENSCO with
vertical acceleration values for various GPS positions. The labels of the data were made on basis
of visual inspection post data collection.
The research seeks to implement SVM based prediction of the classification as a means to
automate the process further. In earlier instances of hard threshold, the data points which had IF
greater than 100 were correspondent to breaks. The problem with the hard threshold lies in the
fact that the thresholds need to be manually decided, based on the deciphering of the graph.
However, in case of the SVM based implementation, this step can be done away with.
Cross validation errors for the SVM are significantly low and it is hoped that with further
training data, the error could be lowered further upon optimization of parameters for the
algorithm implementation. In the results discussion, two sets of data have been compared. Both
these data sets have been procured from field test done by ENSCO. For each test, the intensity
factor reading is shown, based on the IF reading, the hard threshold based breaks are predicted
and compared to the true break instances The entire step

is then repeated for the SVM

implementation and the SVM with kernel implementation.
The SVM kernel implemented in this case was a Gaussian kernel with sigma=1. Sigma being the
scale parameter. As we can see, the data is not linearly separable. The SVM implementation
without the kernel had a lower classification accuracy when it came to the detection of true
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breaks as breaks. The Gaussian kernel transforms the one dimensional data to an infinite
dimensional feature space and the classification is done in that space. Thus, the kernel
implementation can be seen to aid the process of classification further.
Data One: Interpretations
The Figure 22 shown below shows the IF computed for the data set. This is the result of the
feature extraction step. In the next step, the feature space is defined. As can be seen from the
Figure 23, the feature space is a 1D not linearly separable data set. Normal SVM classification
would not be able to work adequately in this instance and hence a Gaussian kernel was
implemented to transform the feature space to an infinite n dimensional feature space where the
data becomes adequately linearly separable and the model yields results superior to hard
threshold method. The results can be seen in the form of the confusion matric in the tables 2-4
given below.
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Figure 22 Showing the max IF readings for the data points
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Figure 23 Showing the feature space: not linearly separable data set

Data One: Old implementation: Hard Threshold
No Breaks (Hard threshold)

Breaks (hard threshold)

No Breaks (true data)

138

0

Breaks (true data)

28

44

Table 2 Confusion Matrix: Hard threshold

Data One: New implementation: SVM

No Breaks (true data)
Breaks (true data)

No Breaks (SVM)
130
39

Breaks (SVM)
8
33

Table 3 Confusion Matrix: SVM

N fold CVE: 0.2238
Data One: New implementation: SVM (kernel)
No Breaks (SVM)

Breaks (SVM)

No Breaks (true data)

125

13

Breaks (true data)

15

57

Table 4 Confusion Matrix: SVM (kernel)

N-Fold CVE = 0.2522
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Data Two: Interpretations
Similarly, this section is the result of the feature extraction step in Figure 24 for the second data
set. In the next step, the feature space is defined, as done before. As can be seen from the Figure
25, the feature space is a 1D not linearly separable data set. Normal SVM classification would
not be able to work adequately in this instance and hence a Gaussian kernel was implemented to
transform the feature space to an infinite n dimensional feature space where the data becomes
adequately linearly separable and the model yields results superior to hard threshold method. The
results can be seen in the form of the confusion matric in the tables 5-7 given below.
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Figure 24 Max IF values for the points on the data set
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Figure 25 Showing the feature space not linearly separable data set

Data Set Two: Old Implementation Hard Threshold
No Breaks (hard threshold)

Breaks(hard threshold)

No Breaks (true data)

178

0

Breaks (true data)

21

31

Table 5 Confusion Matrix: Hard Threshold

Data Set Two: New Implementation: SVM

No Breaks
Breaks

No Breaks
178
36

Breaks
0
16

Table 6 Confusion Matrix: Hard Threshold

N-Fold CVE = 0.187
Data Set Two: New Implementation: SVM (kernel)
No Breaks (SVM)

Breaks (SVM)

No Breaks (true data)

170

8

Breaks (true data)

15

37

Table 7 Confusion Matrix: SVM kernel

N-fold CVE = 0.361
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As can be seen from the data above, an n fold cross validation was done upon each of the data
sets in order to test the data for the break/no break scenario, post training of the same. The code,
subsequent to being trained upon the two data sets, were tested on data from TTCi for vertical
acceleration feed from tests being conducted, wherein the track was manually cut by specific
depth and information collected from the same, subsequently. The kernel implementation
seemed to work in this scenario, successfully detecting the breaks in the track. The following
figures show the feature: intensity factor and the low magnitude of the same. Given a hard
threshold based classification, these would never have been classified as breaks.
Case One a: Cut Thru Head and 100% base
Method

Left Rail

Right Rail

Hard Threshold

No

No

Linear SVM

No

No

Kernel SVM

Yes

No

Table 8: Brake detection: Case One a
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Figure 26: Plot showing Intensity Factor
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The graphs shown are for the two cases with the features extracted. The features, in this case,
like that of the training data is the intensity factor computed on the basis of the vertical
acceleration data input. From the graphs, it can be seen that the intensity factors show a very low
numerical value. Had hard threshold be used for the purpose of classification, it would not have
been possible to detect the breaks, which in this case are known. However, kernel SVM is able to
detect the break on the left rail, unlike the hard and linear SVM classifiers. This shows an
improvement over the classification step.
Case One b: Cut Thru Head and 100% base
Method

Left Rail

Right Rail

Hard Threshold

No

No

Linear SVM

No

No

Kernel SVM

Yes

No

Table 9: Break detection Case One b
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Figure 27: Plot showing intensity factor
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Case Two a: 0.5inch head and 0.25inch base
Method

Left Rail

Right Rail

Hard Threshold

No

No

Linear SVM

No

No

Kernel SVM

Yes

Yes

Table 10: Brake detection: Case Two a
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Figure 28: Plot showing intensity factor

The plots for case Two a&b show the intensity factor values for the left and right rails computed
using the feature extraction algorithm. The low values are an indication that the hard thresholds
set previously will not rightly classify the breaks as true breaks by the algorithm. However, as
can be seen for this case, the kernel SVM is able to achieve a 75% accuracy for detection, able to
detect 3 out of the 4 true break cases from the data.
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Case Two b: 0.5inch head and 0.25inch base
Method

Left Rail

Right Rail

Hard Threshold

No

No

Linear SVM

No

No

Kernel SVM

Yes

No

Table 11: Brake detection: Case Two b
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Figure 29: Plot showing intensity factor
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Case Three a: 1 inch head and 1 inch base
Method

Left Rail

Right Rail

Hard Threshold

No

No

Linear SVM

No

No

Kernel SVM

Yes

Yes

Table 12 Brake Detection: Case Three a
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Figure 30 Plot showing intensity factor

The plots for case Three a&b show the intensity factor values for the left and right rails for one
inch head and one inch base cuts made on the rails and IF computed using the feature extraction
algorithm. The low IF values are an indication that the hard thresholds set previously will not
rightly classify the breaks as true breaks by the algorithm. However, as can be seen for this case,
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the kernel SVM is able to achieve a 75% accuracy for detection, able to detect 3 out of the 4 true
break cases from the data.
Case Three b: 1 inch head and 1 inch base
Method

Left Rail

Right Rail

Hard Threshold

No

No

Linear SVM

No

No

Kernel SVM

Yes

No

Table 13 Brake Detection: Case Three b
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Figure 31 Plot showing intensity factor
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Case Four a : 2 inch head and 2 inch base
Method

Left Rail

Right Rail

Hard Threshold

No

No

Linear SVM

No

No

Kernel SVM

Yes

Yes

Table 14 Break detection: Case Four a
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Figure 32: Showing intensity factor plots

The plots for case Two a&b show the intensity factor values for the left and right rails computed
using the feature extraction algorithm. The low values are an indication that the hard thresholds
set previously will not rightly classify the breaks as true breaks by the algorithm. However, as
can be seen for this case, the kernel SVM is able to achieve a 75% accuracy for detection, able to
detect 3 out of the 4 true break cases from the data.
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Case Four b: 2 inch head and 2 inch base
Method

Left Rail

Right Rail

Hard Threshold

No

No

Linear SVM

No

No

Kernel SVM

No

Yes

Table 15 Brake Detection: Case Four b
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Figure 33 Plot showing intensity factor

Thus, the results shown depict that the SVM with kernel is able to predict break occurrence for
most of the break cases, given that the rail was manually cut in the instances depicted. This is
despite the fact that the intensity factor is in fact a low number for all these cases and under usual
circumstances, would not be detected as an anomaly by hard threshold values.
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5.2

Discussions

From the results shown, it can be seen: The SVM performance is comparable to the original
classification based on hard threshold. However, in this particular instance, the hard thresholds
were set based on a visual look at the data, scanning for irregularities and peaks. Thus, any
unusually high IF values from the data set were termed as breaks. The threshold used in this case
was 100. The SVM also works to set up a threshold, however the process in this case is based on
the training that it receives and hence the process is automated.
This section discusses the results in form of consolidated confusion matrices which compares the
performances of the three classification implementations on two sets of data. It can be reasoned
that the purpose of the algorithm improvement lies in increasing the number of ‘true breaks
detected as breaks’, while reducing the number of ‘true breaks not detected as breaks’.
In the following comparisons, in Figure 30 and 31, for both the data sets, it can be seen that the
SVM with kernel implementation, outperforms both the other classifiers in these two regards, for
both the data sets under observation, in this case. The confusion matrices in tables 8 and 9 give
the numeric comparisons for the data.
Thus the implementation of the classifier can be seen to have been beneficial in both regards that
of automating the threshold process, while also being able to truly classify the breaks as break
instances. Both the data sets are represented as below, the bar charts give a pictorial
representative idea of the comparison of the performances to the true value.
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Non Breaks (Hard threshold)

Breaks (hard threshold)

Non Breaks (true data)

138

0

Breaks (true data)

28

44

Non Breaks (SVM)

Breaks (SVM)

Non Breaks (true data)

130

8

Breaks (true data)

39

33

Non Breaks (SVM kernel)

Breaks (SVM kernel)

Non Breaks (true data)

125

13

Breaks (true data)

15

57

Table 16 Confusion matrix Data set one: Comparisons

Chart Title
140

120

100

80

60

40

20

0
Breaks classified as
breaks

Breaks not classified as
breaks
Hard Thresholding

SVM

Non breaks classified as
breaks
SVM (kernel)

Non breaks classified as
non breaks

Reference

Figure 34 Bar graphs comparing the performance of classifiers to true data
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Non Breaks (hard threshold)

Breaks(hard threshold)

Non Breaks (true data)

178

0

Breaks (true data)

21

31

Non breaks (SVM)

Breaks (SVM)

Non breaks (true data)

178

0

Breaks (true data)

36

16

Non Breaks (SVM kernel)

Breaks (SVM kernel)

Non Breaks (true data)

170

8

Breaks (true data)

15

37

Table 17 Confusion matrix Data set Two: Comparisons

Chart Title
180
160
140
120
100
80
60
40
20
0
Breaks classified as
breaks

Breaks not classified as
breaks
Hard Thresholding

SVM

Non breaks classified as
breaks
SVM (kernel)

Non breaks classified as
non breaks

Reference

Figure 35 Bar graphs comparing the performance of classifiers to true data
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The results based on an n fold cross validation on the original data set can thus be interpreted on
the basis of the following graph, which gives an idea of the false positives involved in the
computation of the rail breaks. In this context, a false positive can be seen to be a non-break,
which the algorithm wrongly classifies as a break case. The algorithm needs to be improved for
reduction on the false positives while further improving the value of the true detected breaks.
Data Set
One

Data Set
Two

Breaks Detected as Breaks (Truth corresponds with Classification)
Expected Accuracy
1
1
Hard Threshold
0.61111
0.596153846
SVM Linear
0.458333
0.307692308
SVM kernel
0.791667
0.711538462
Non breaks Detected as Non Breaks (Truth corresponds with Classification)
Expected Accuracy
1
1
Hard Threshold
1
1
SVM Linear
0.942029
1
SVM kernel
0.905787
0.95505618
Non Breaks detected as breaks (False Positive)
Expected Accuracy
0
Hard Threshold
0
SVM Linear
0.057971014
SVM kernel
0.094202899

0
0
0
0.04494382

Breaks Detected as Non Breaks (False Negative)
Expected Accuracy
0
Hard Threshold
0.388888889
SVM Linear
0.541666667
SVM kernel
0.208333333

0
0.403846154
0.692307692
0.288461538

Table 18: Performance Indices

Figures 32 and 33 shown below, are used to pictorially represent the expected versus actual
percentages as performance indices for the three classifier types. As can be seen, the SVM with
kernel, has a huge potential due to its reduced false negative. However, there has been an
increase in false positive which can be sought to be rectified.
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Figure 36 Depicting Confusion Matrix for Data One
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Figure 37 Depicting Confusion Matrix for Data Two
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6.0 Conclusions and Future Work

6.1

Summary of Research

The research is an attempt to aid safety and monitoring for the rail road industry. The two
concepts presented have been worked upon based on the motivation of reduction of loss in life
and capita and with the vision of aiding the attempt to automate the entire process further.
Major conclusions which can be drawn from this research:
o The rail industry is the lifeline of economy and rail accidents cause major
disruptions in economy and losses in life and capita.
o Rail breaks related accidents can attribute for the majority of the loss that has
been incurred by rail industry.
o Rail break detection algorithm using cwt, to determine the intensity factor is an
effective way to gauge the signal type.
o A rail break detection algorithm’s working can be classified into two major steps.
That of feature extraction and the other of feature classification. In this particular
research, the feature extraction was done by implementing the previous algorithm
and generate IF for each vertical acceleration data. Three methods of
classification were studied: Hard threshold, SVM and SVM with kernel.
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o SVM with kernel has proved to be beneficial as a classifier to model the nonlinear system and automate the threshold step, which classified the data as break
or non-break.

6.2

Future work

As with any research, the evolution of the work is a function of time and data availability.
Further training of the algorithm and testing of the same, under conditions with variations in
parameters would aid to shape the decision making ability of the algorithm further. However, as
has been seen through the course of this project, the generation of ground data is difficult.
Simulations of the break models can also be implemented, however, it is necessary to consolidate
the models with real data as well.
The rail break detection system seeks to improve the existing algorithm’s classification method.
In order to further improve the performance, real time testing of the code as well as optimization
of the same on motile devices, would aid the research.
Thus, major future work can be enlisted as:
o Using more real time data to work on parameter optimization to help the code
perform better. Collect data with more instances of break-no break labels and then
carry out the training of the algorithm
o Fine tune the algorithm to work for more classes. Multi class classification can be
carried out by SVM and can be done to accommodate for different rail defect
types. Again, more data would need to be made available for the same.
o Multi feature based SVM can also be implemented and just as the IF is being used
as the single feature for the classification problem, in this case, additional
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information such as tri-axial data could also be incorporated. Analysis can be
done on effect of the lateral acceleration values on the intensity factors. Since,
currently only vertical acceleration values are being used to compute the IF
values.
o Correlations: The speed dependencies can be nullified by including a correlation
factor into the equation for computing IF.
o Wavelet Energy Analysis: The concept energy of the wavelet can be explored
further with regards to computation of energy terms for the sites and then
deciding thresholds and intensity factors.
o Environmental Dependencies: The extraneous factors like Temperature, vehicle
loading, vehicle geometry and placement of sensors are important to consider
while looking at data attained from “tracks in operation”. The algorithm needs to
be tuned for specific conditions which would eliminate the environmental
dependencies.
o Reduction of False positives: The aim is to reduce the false positives and at the
same time be able to enhance the capability of the algorithm to detect breaks more
accurately.
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