Machine vision for the
automatic classification of
images acquired from Nondestructive tests
Gayatri Gutta

2007

Master thesis
Computer Engineering

Nr: E3468D

DEGREE PROJECT
Computer Engineering
Programme

Reg number

Extent

Masters in Computer Engineering

E3468D

30 ECTS

Name of student

Year-Month-Day

Gutta Gayatri

2007-02-14

Supervisor

Examiner

Siril Yella

Mark Dougherty

Company/Department

Supervisor at the Company/Department

Department of Computer Science,
Dalarna University, Sweden.
Siril Yella
Title

Machine Vision for Automatic
Classification of Images acquired from
Non Destructive tests
Keywords

Artificial intelligence; Non-destructive
testing; Automatic data interpretation;
Rail inspection; Rail transportation

Abstract
This project is based on Artificial Intelligence (A.I) and Digital Image processing (I.P) for
automatic condition monitoring of sleepers in the railway track. Rail inspection is a very
important task in railway maintenance for traffic safety issues and in preventing dangerous
situations. Monitoring railway track infrastructure is an important aspect in which the periodical
inspection of rail rolling plane is required.
Up to the present days the inspection of the railroad is operated manually by trained personnel.
A human operator walks along the railway track searching for sleeper anomalies. This
monitoring way is not more acceptable for its slowness and subjectivity. Hence, it is desired to
automate such intuitive human skills for the development of more robust and reliable testing
methods. Images of wooden sleepers have been used as data for my project. The aim of this
project is to present a vision based technique for inspecting railway sleepers (wooden planks
under the railway track) by automatic interpretation of Non Destructive Test (NDT) data using
A.I. techniques in determining the results of inspection.
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1. INTRODUCTION
In the last years the problem of surface inspection has been receiving considerable impulse from
the scientific community since the quality control as well as the maintenance of the products is
key points in multiple industrial application. There are many contexts in which visual inspection
could be suited to recognize critical situations. The railroad framework is a particular application
context in which the periodical sleeper surface inspection is required in order to prevent any
dangerous situation. Clearly this type of inspection is tedious, heavy and potentially hazardous
because the results are strictly dependent on the ability of the viewer to detect possible
anomalies and report critical situations. Now a day the railway companies are interested to
develop automatic inspection systems which could increase the defect detection ability and
decrease the inspection time in order to speed up the maintenance operations of the entire
railway network [71].
Crack size of the sleeper is an important engineering characteristic; which influences
its properties. Traditionally, visual inspection of a human being is used to evaluate the life of the
sleeper. Such commonly used technique is time consuming.
A pattern recognition approach was considered to our present project machine vision to
automatic data interpretation. The key idea of pattern recognition is to optimally extract patterns
based on certain conditions and thereby separate the data in to different classes like good or bad.
This kind of approach is very suitable for the current case of effectively classifying the condition
of wooden structures by taking sleeper images into account.
The first part in our project is to acquire data. This is very important in the case of our
application, because the aim of the machine vision due to automation NDT is to identify data
interpreted by the image acquisition, followed by feature extraction.
Secondly, the feature extraction is done by digital image process to analyze the data
interpreted because the data is in the form of images. One of the essential processes in feature
extraction in computer vision is to reduce the huge quantity of information, contained in image
of sleeper which we have to recognize by preserving, only the most important points. Therefore,
generally, the region of interest is the acquired from the image. Image analysis, we use
geometric invariant moments for feature extraction of the defected sleepers.
Thirdly, the analyzed data is then feed to classifiers. The classifiers classify the
extracted data. The classification is done by artificial neural networks. Artificial neural networks
(ANNs) are computational representations based on the biological neural architecture of the
brain. ANNs have been successfully applied to a wide range of engineering and scientific
applications such as signal and image processing, data analysis, process control and prediction.
Thus, it is expected that neural networks based techniques would perform better in classification
problems.
Finally, results are acquired from the classifiers. In this project, pre-processing and
feature extraction were performed using Digital image processing in MATLAB. Pattern
classification was performed using LNKNET. LNKNET provides a good chance of testing
several classifiers and also promises good graphical representation of classification.
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2. BACKGROUND
The new trend is to use non-destructive testing (NDT). This NDT is widely applied in many
applications due to the fact that it will not impair the future usefulness of the test object.
Nondestructive testing is the branch of engineering concerned with non-contact methods of
detecting and evaluating defects in materials. Defects can affect the serviceability of the material
or structure, so NDT is important in guaranteeing safe operation as well as in quality control and
assessing sleeper life. The essential feature of NDT is that the test process itself produces no
deleterious effects on the material or structure under test. The subject of NDT has no clearly
defined boundaries; it ranges from simple techniques such as visual examination of surfaces,
through the well established methods of radiography, ultrasonic testing, magnetic particle crack
detection, to new and very specialized methods. NDT methods can be adapted to automate
production processes as well as to the inspection of localized problem areas. All NDT techniques
have the ability to measure only specific types of defects, material properties, and/or material
response [61].
Neural networks have seen an explosion of interest over the last few years, and are
being successfully applied across an extraordinary range of problem domains, in areas as diverse
as finance, medicine, engineering, geology and physics. Indeed, anywhere that there are
problems of prediction, classification or control, neural networks are being introduced. This
sweeping success can be attributed to a few key factors. The first factor is that neural networks
are very sophisticated modelling techniques capable of modelling extremely complex functions
[1]. In particular, neural networks are nonlinear. For many years linear modelling has been the
commonly used technique in most modelling domains since linear models have well-known
optimization strategies. Where the linear approximation was not valid, which was frequently the
case, the models suffered accordingly. The second factor is that neural networks also keep in
check the curse of dimensionality problem that bedevils attempts to model nonlinear functions
with large numbers of variables. The third and final factor is the easiness of use, where neural
networks can learn by example. The neural network user gathers representative data, and then
invokes training algorithms to automatically learn the structure of the data. The biggest problem
or the application of neural networks technique is the selection of its independent variables
inputs, topology and the connection weights.
This works tries to demonstrate the great practical capability of artificial neural
networks (ANN) to be used as a tool for sleeper life prediction. Data used for inputs of the ANN
are non-destructively measured images [1].
Industry is increasingly using machine vision systems to aid in the manufacturing and
quality-control processes [19]. The goal of machine vision is to create a model of the real world
from images. A machine vision system recovers useful information about a scene from its two
dimensional projection. Since images are two dimensional projections of the three dimensional
world, the information is not directly available and must be recovered. To recover the
information, knowledge about the objects in the scene is required. The emphasis in machine
vision systems is on maximizing automatic operation at each stage, and these systems should use
knowledge to accomplish this [61].
Case-based reasoning (CBR) is one of the emerging paradigms useful for both
modelling human reasoning (cognitive science) and for building intelligent computer systems
(artificial intelligence). It essentially aims to develop an appropriate symbiotic relationship with
__________________________________________________________________________
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human decision-makers, a process which may be developed in those areas where humans are not
very good at retrieving and adapting past experiences [26].
Most often, a highly qualified expert is required to analyze the data and to identify and
locate damage. In an attempt to replace the human expert with a computer, this paper describes a
fuzzy logic expert system designed to mimic the human decision process. An expert system
allows for easy encoding of expert knowledge as a set of rules. “Fuzziness” of the expert system
allows better treatment of the uncertainties of the problem and to simplify the expert system
itself [22].

2.1 Visual Non-Destructive Testing (NDT)
NDT is usually conducted on a structure or product. Visual inspection is an NDT method used
extensively to evaluate the condition or the quality of a component [61]. Proper functioning of
industrial products and structures has to be assured by performing inspection of these objects at a
number of points in their lifetime. Usually, the inspection is performed using a non-destructive
testing (NDT) technique [33]. Nondestructive testing (also called nondestructive evaluation,
NDE, and nondestructive inspection, NDI) has been defined as comprising those test methods
used to examine an object, material or system without impairing its future usefulness. The term
is generally applied to non medical investigations of material integrity. Nondestructive testing
asks "Is there something wrong with this material?" Various performance and proof tests, in
contrast, ask "Does this component work?" This is the reason that it is not considered nondestructive testing when an inspector checks a circuit by running electric current through it NDT
techniques normally do not present the direct information about (un)suitability of the inspected
object for further use, but provide data in the form of signals, images or sequences of these,
which have to be interpreted in order to determine if they contain any indications of dangerous
defects in the inspected object. The interpretation of data is usually done by an experienced
human inspector. Since the early 1980s, research has been done on various methods of
automating interpretation of NDT data [17]. A large number of mainly academic demonstrators
making use of simple classification techniques have been built, however, apart from a use in
well-defined environments (like inspection during manufacture), they were not successful in
common NDT practice. More complex systems, making use of expert systems or a combination
of AI techniques, have also been built.
For the automatic/automated interpretation of NDT data to become more widespread, a
technique is needed, which requires less cost and effort in building, using, and maintaining the
system; and which at the same time can reliably handle the large variety in data within a single
inspection and between various inspections [33].
The detection and classification of defects is the major task in every branch of NDT and
traditionally manual interpretation of data is employed to locate and characterize flaws. In smallscale situations this type of analysis is relatively fast but a large-scale inspection of an aircraft
fuselage or nuclear reactor generates enormous quantities of data and therefore manual analysis
can be very time consuming.
Automated computer-based techniques, such as artificial intelligence offer a significant
attraction for the interpretation of NDT data since they offer advantages of improved speed and
accuracy of analysis especially for large volume automated inspection information [4].
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2.2 Automation
No feature extraction algorithm can claim to be truly fully automatic. There is always a need for
human intervention at some point in the processing chain, even if only to set the algorithm
running on the correct image. Therefore, when developing an automatic feature extraction
algorithm it is necessary to define what is an acceptable level of the human interaction. It is
proposed that the selection of this definition should be based upon three criteria: accuracy,
efficiency and repeatability.
Accuracy and automation are intrinsically linked, but the relationship between the two
is not always clear-cut. For example, the accuracy at which a human operator can locate tie
points in a pair of aerial photographs is of the order of 3mm, whereas automatic image matching
techniques (which rely on automatic extraction of similar point features) achieve approximately
0.1 to 0.4 pixels. However, the automatic technique is able to extract so many more tie points
than a human operator could achieve will provide a comparable final result.
Efficiency is the principle reason for introducing automation into a processing system.
Automation mundane or laborious procedures, which previously required substantial human
intervention, will lead to significant savings in desirable result. However, automation does not
necessarily imply efficiency. Automating high level processing tasks which are trivial for a
human operator to perform, but considerably more difficult for an automatic algorithm(such as
ensuring that an aerial photograph has been correctly exposed) can increase processing time and
introduce new uncertainty into the results.
Repeatability is fundamental to the automation of feature extraction algorithms. If an
automatic algorithm generates high quality results for one specific image, but cannot be used
with any other images, then the operational utility of that algorithm is severely limited. The
algorithm has to be able to provide quality results for any number of images that fall within the
scope of the algorithm, even if those images form a small and uniquely define set. It is this
ingredient that is missing from many automatic feature extraction algorithms in the research
domain, but is essential to algorithms in the commercial world [50].

2.3 Artificial Intelligence Techniques
A.I. refers to a computer based solution to a problem which is normally solved by a human, that
is, the problem requires a level of intelligence and build-in intuitive knowledge. These types of
problems may be divided into two general categories.
1. Those problems which can be described by data and rules which may be assembled
into a well defined algorithmic structure.
2. Those where there is little explicit knowledge and the solution is found from
recognition rather than computation.
For the former case, an expert system technique is often used and examples of this type of
problem are alarm processing and medical diagnosis. In the latter, problems such as speech
understanding and hand written character recognition as the basis for the solution [12]. Over the
last few years there has been a significant interest in artificial intelligence techniques for the
classification of crack defects expert system, neural network and pattern recognition systems
applied to this problem. Many of these systems although producing excellent results, are
relatively limited in their practical application categorising only a few simple defect types. Some
techniques require a large number of previously categorised defects as an example set and in
many situations this is not physically viable. The following techniques include image processing
and artificial intelligence techniques such as pattern recognition and neural networks.
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Artificial neural networks (ANNs) offer the potential to resolve a number of the problems
encountered in different applied engineering fields. ANNs have been proposed as alternatives to
the statistical analysis methods
An artificial neural network consists of a collection of processing elements that are
highly interconnected and transform a set of inputs to a set of desired outputs. The result of the
transformation is determined by the characteristics of the elements and the weights associated
with the interconnections among them. By modifying the connections between the nodes the
network is able to adapt to the desired outputs.
The neural network gains the experience initially by training the system to correctly
identify pre-selected examples of the problem. The response of the neural network is reviewed
and the configuration of the system is refined until the neural network's analysis of the training
data reaches a satisfactory level. In addition to the initial training period, the neural network also
gains experience over time as it conducts analyses on data related to the problem [1].
2.3.1.1 Neural Network Description
A simple network has a feed forward structure; where signals flow from inputs, forwards
through many hidden units, eventually reaching the output units. A typical feed forward network
is shown in Figure 2.1, it has neurons (or nodes) arranged in a distinct layered topology. The
input layer is not really neural at all: these units simply serve to introduce the values of the input
variables. The hidden and output layer neurons are each connected to all of the units in the
preceding layer. It is possible to define networks that are partially-connected to only some units
in the preceding layer; however, for most applications fully-connected networks are better [1].

INPUT
LAYER

HIDDEN
LAYER(S)

OUTPUT
LAYER

Figure 2.1: Artificial Neural network (ANN) topology
2.3.2 ANN in Non-Destructive Testing
Artificial neural networks can also effectively deal with qualitative, uncertain, and incomplete
information there by making it highly promising for detecting structural damage. The
improvement of automated inspection to the level of the trained human operator is one of the
most important current research fields in NDT [10]. Recent classification methods, like neural
networks, aim to take past measurements and classifications, training data and mimic the
learning process through which every human operator progresses so as to encapsulate past
experience. They offer, if not better performance than the trained human operator, at least one
that can be defined quantitatively. Besides this, they are unaffected by human factors. The key
advantage with the neural network is its ability to perform fast classifications with minimal
__________________________________________________________________________
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computing requirements. Training can also be performed conveniently. Neural networks have
been the most popular A.I. technique used within the NDT domain. Wide spectrums of problems
have been solved using neural networks. A brief review of articles that have reported the usage
of neural networks within the NDT domain follows. The articles have been carefully chosen
such that each article reflects a different NDT technique. It was hoped that the reader will benefit
from an overview of the kind of NDT techniques that have been used together with neural
networks [4].
2.3.3 Machine vision in NDT
Machine vision in NDT is an automated technology in which images are captured and
transferred to a computer image acquisition that creates digital images of the item or items to be
inspected, a materials handling subsystem for moving the items to be inspected through the
imaging components and for storing the image for analysis, a computer vision software
subsystem that is composed of algorithms that instruct a computer how to go about analyzing the
digital images created by the imaging subsystem, and finally a computer that executes the
computer vision software system that report the results and controls all the other subsystems
[51].
Common machine vision misconception is that the system “takes a picture” of a good
sleeper then compares subsequent sleeper to that other pictures. Perhaps in a broad, holistic
sense the process can be described in this way. Providing a specific algorithm and one machine
vision component actually do these direct image analysis by image comparisons and image
features are processed [24]. The image is usually sub-divided into regions of interest (ROIs), and
within those ROIs, object information is extracted and features are evaluated as to size, colour,
shape and other qualities using a variety of algorithms or tools. Image featuring involves image
processing operations like segmentation, morphological operation and other techniques till we
get the desired output. From this information, the system makes decisions regarding the sleepers
being inspected [15].
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Figure 2.2: Machine vision process
Vision allows humans to perceive and understand the world surrounding them. Computer
vision aims to duplicate the effect of human vision by electronically perceiving and
understanding an image. Giving computers the ability to see is not an easy task. We live in a
three dimensional (3D) world, and when computers try to analyze objects in 3D space, the visual
sensors available (e.g., TV cameras) usually give two-dimensional (2D) images, and this
projection to a lower number of dimensions incurs an enormous loss of information [61].
2.3.4 Case Based Reasoning in NDT
Case-based reasoning (CBR) is a relatively new AI methodology. In CBR systems expertise is
embodied in a library of past cases, rather than being encoded in classical rules. Because of its
many advantages it is fast gaining in popularity for interpretation of NDT data.
CBR is, in a nutshell, reasoning by remembering. In CBR, previously solved problems
(called cases) are used to suggest solutions for new problems. This works because, generally,
similar problems have similar solutions. To solve a new problem using CBR, it has to be
described in the terms used to describe previously solved problems. Given that description, the
most similar, already solved problem can be found. This gives an immediate access to the
solution of that problem [54]. This solution might be directly applicable to the current problem;
however, usually some adaptation will be needed. Typically, the adaptation will be based on the
differences between the current problem and the retrieved problem. Rule-based systems differ in
their problem solving approach in that they directly search for a solution; however, generally
adaptation of a solution is simpler than generation of a solution from scratch.
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Figure 2.3 shows the working cycle for case-based interpretation. At the centre is a casebase with previously interpreted cases. Given a new data that has to be interpreted, it is first
described in terms used to describe the cases in the case base; this typically entails extraction of
relevant features describing the problem. Then, one or more most similar cases are retrieved. The
match between the retrieved cases and the current description is analyzed, possibly arriving at
the interpretation of the new data. Sometimes, some adaptation of the previously stored
interpretations has to be done. The new interpretation can then be revised and, if it is confirmed
to be correct, it can be retained together with the corresponding data as a new case [53].

Figure 2.3: The CBR cycle for case-based interpretation
2.3.5 Fuzzy Expert Systems for NDT Data Interpretation
Experience shows that a human expert easily detects the type of sleeper damage. A possible
solution to this problem would be to create a system that has enough “intelligence” to imitate the
expert’s way of analyzing the mode shapes. Expert knowledge may be stored as a set of rules;
the decision process analyzed and compared against the expert’s way of thinking; the set of rules
can be changed without redesigning the whole system. These features could provide a
convenient way to solve the present problem.
Logical reasoning performed using fuzzy logic allows operations with the concept of
partial truth. A fuzzy variable can take values anywhere in the range from “absolutely false” to
“absolutely true”, therefore fuzzy logic represents a superset of the conventional “crisp” logic.
The notion of partial truth makes fuzzy logic a very good means to model the natural uncertainty
of language, and consequently, expert knowledge that can be expressed in natural language. The
apparatus of fuzzy logic has been accommodated to allow easy manipulation with verbal
descriptions of numeric variables. A linguistic variable is “a variable whose values are words or
sentences in a natural or artificial language”.
An expert system that operates on a collection of fuzzy variables and rules, according to
the principles of fuzzy logic is a fuzzy expert system. Reasoning about data in a fuzzy manner
has many advantages. For example, fuzzy logic has a natural way of dealing with paradoxes,
which are inherent to traditional logic; for instance, a peak may be classified both as “damage”
and as “false” at the same time without creating a contradiction. Another important feature is
that fuzzy behaviour is shown to produce good results, even in cases with incompletely defined
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dependencies. Finally, an important advantage of a fuzzy system over a “classic” expert system
is that a fuzzy system usually has significantly fewer rules. Thus, a fuzzy expert system should
provide a convenient tool for creating an automated damage detection system.
An important disadvantage of expert systems for NDT data interpretation is that they
require repeatable conditions to perform well. However, most industrial NDT inspections are
performed on a variety of installations with various procedures. However, future developments
of expert systems in the NDT area can be focused toward linking the inspection process to the
design process, rather than just making assessments about the material. This can be achieved by
deriving conclusions about the future design qualities, keeping the encountered flaws in view.
This model would not only help the inspection personnel but will also help the design personnel
to consider flaw specific issues about a product or material that is being developed, which would
lead to the development of better products. However, the concluding abilities of the expert
system are purely dependent on the expert’s knowledge of how to model the future product
design in view of the current flaws. A key theme which emerges in this section is that expert
systems are often combined with other AI techniques to form a hybrid system. This reflects the
stated need above to link various processes together in an NDT system; different processes will
often require different tools [22].

Figure 2.4: Expert functions based on the neural networks
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2.3.6 Genetic Algorithms
Genetic Algorithms (GAs) have also been employed to deal with certain tasks in certain
application domains. For example, an application of genetic algorithms in industrial vision is
pattern detection, which defers from pattern matching in the sense that the item sought is not
known in advance. The use of genetic algorithms has also been reported for the classification of
objects; the detection of objects in particular shapes, image segmentation as well as for the
minimization of trim loses in cutting two-dimensional stock sheets etc. Genetic algorithms have
mostly been applied to train scheduling problems, rather than to solve the problems of automatic
interpretation of data from NDT [67].

__________________________________________________________________________
10
Hogskolan Dalarna
Tel. : 023 778 000
Roda vagen 3, 781 88
Fax : 023 778 050
Borlange, Sweden.
URL: http://www.du.se

Name : Gayatri Gutta
E3468D

RAIL INSPECTION
.

3. RAIL INSPECTION
Train is an exceptionally environment-compatible mode in the service of greater mobility or
transport. We rely on trains for many different reasons to travel, to bring us to and from work, to
transport goods and services and to cart-away hazardous materials. Considering the frequency in
which this mode of transportation is used, it is no surprise that train accidents do happen [66].
An accident can happen for any number of reasons; collision with another train, vehicle
or person, mechanical failure, driver negligence or operator fatigue and due to lack of proper
inspection in local railroad [9]. This means that train operators and railroad can be held
responsible for even the slightest negligence. Trains can travel at very high speed, are heavy, are
unable to deviate from the track and require a great distance to stop. Although rail transport is
considered one of the safest forms of travel there are many possibilities for accidents to take
place [28]. This project goal is to minimize the train accidents caused due to lack of proper
inspection on sleepers.

3.1 Computer Vision in Rail Inspection
Computer Vision (CV) is an emerging technology finding its way into more and more fields of
our modem world. CV systems have become increasingly powerful, smaller and cheaper. This
means they are ever more an attractive alternative to human eyes. Automatic visual inspection
systems are in particular suitable for simple, yet high-speed, high-resolution and highly
repetitive tasks. There they have proven to be more reliable, accurate and cost-effective than
human eyes [23].
Computer Vision has already been successfully used for many industrial applications such
as production line (web) inspection, robotics, remote sensing, medical imaging, traffic control,
machine condition monitoring. However, relatively little work has been reported about the
application of modern CV technology in the railway industry. This may be because,
traditionally, railways have only slowly been penetrated by innovative technologies.
The principal motivation for the use of computer vision in the railway industry is the drive
to more cost effective and hence automated operation and maintenance of railway networks. The
use of automatic visual inspection systems is particularly desirable for tasks to be carried out in a
difficult working environment (e.g. tunnel inspection) and or those that pose a safety risk to staff
(e.g. by requiring them to walk on the track). Furthermore special sensors such as infrared
cameras render potentially new techniques for railway inspection, maintenance and operation
[48]. In general, the use of Computer Vision in railways can contribute towards improved
service quality, lower service costs and increased passenger security.
Railways are an attractive environment for Computer Vision for two major reasons:
a) In the railway environment, many scenes carry some known geometric constraints. For
example the view of a train-driver can be assumed to contain at least two rails some
constant distance apart. Moreover, most of the objects of interest are man-made and of
simple geometry. Hence, they may be described by simple geometric models such as
straight lines and polygons. This means that the captured images are generally more
constrained and hence easier to be evaluated than images taken from an entirely natural
scene for instance.
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b) The very distributed nature of the railway networks and its great number of similar assets
implies that the inspection tasks in railways are relatively simple and very repetitive.
Illustrative examples are the detection of missing bolts on sleepers, the measurement of
brake-pad thickness or gauging the contact-wire geometry. Yet simplicity and
repetitiveness are ideal preliminaries for automation.
The issues for CV system in railways depend very much on the particular application.
Yet common challenges for hardware and software design arise from the fact that firstly most
applications are located [13].
3.1.1 Current Railway Applications
Over the last two decades various CV systems for railway applications have been implemented
[28]. These may be classified according to their functionality into four major groups:
• Track Inspection Systems.
• Train Inspection Systems.
• Systems for Maintenance and Operation.
• Passenger Related System.

3.2 Neural Networks in Rail Inspection
In the research community concerns the use of neural network classifiers (means assigning the
data to one of the predefined categories) that have been successfully applied for visual pattern
recognition. The multimedia and networking technology using PCs have made remarkable
progress, and it is available for speedy, complicated and sophisticated information processing
[68]. By using this new functional and economical technology in railway safety management,
many safety management supporting systems for railway are developed, which unifies
accident/safety-information and offers speedy and reliable information, and supports decisionmaking. In order to establish an effective accident analysis and work out countermeasures, it
may be necessary at first to grasp exactly the situation, and then extract problems, and work out
an appropriate countermeasure. Railway companies take statistics on the operational accidents,
and retrieve an appropriate example and issue regular reports such as table of number of
accidents or failures [36].
Also, combined with safety assessment, it will be available for evaluating safety and
effects of countermeasure objectively from data, and setting order of priorities, and distributing
limited resources reasonably in total balance.
Enhancing these systems by using PC multimedia, neural network technology in railway
is developed. The version consists of two subsystems; training set and testing set. The
classification process has been implemented by artificial neural networks. Neural computing, in
fact, is particularly successful at extracting data from the images. In some particular context of
object detection neural based methods have a key of advantage over geometry-based method that
is not requiring a geometric model for the object representation, but it is implicitly defined by
selecting the training samples [26].
No matter where one chooses to perform analysis of the measured data, there will be a large
need for known advanced techniques. To process all the information coming from the monitored
components, sub-systems or systems there needs to be software capable of handling complex (non
linear) relations and from normal operation deviating trends. The technique that makes this a
possibility is Artificial Intelligence (AI) [7].
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With increased rail traffic carrying heavier loads at higher speeds, a quicker more
efficient way of inspecting railways is needed. Lasers are used to inspect railway geometry and
in evaluation of the rail. This most likely will be done with laser-optical transmitting transducers
in ultrasonic testing. Eliminating contact with the rail could allow high speed detection of flaws.
Another need for the future is a complete rail inspection system. A step in this direction is deeper
investigation of the rail by using low frequency eddy currents. Other advancements could
include neural network analysis of signals to improve defect detection and identification and
longitudinal guided ultrasonic’s. Neural network techniques are good at handling large amounts of
data, pattern recognizing, complex non-linear data etc. From the above examples we feel that neural
network is an effective tool in decision making in evaluation of the life span of sleeper [27].

3.3 Case-Based Reasoning in Rail Inspection
To guarantee safe operation of the railway net periodic inspection has to be carried out in order
to detect damage before it leads to disruption of the normal operation [33]. One type of damage
that can occur is cracks usually found in the sleeper, head of the rail, at the bolt holes, or at the
welded joints. These cracks can be detected using ultrasonic inspection techniques except for
sleepers. Special transducers are used to send ultrasonic pulses into the rails and the returning
echoes are recorded. The echoes can come from the bottom of the rail, the bolt holes (or other
construction elements), or the cracks [39].
Case-based reasoning (CBR), broadly construed, is the process of solving these type of
problems based on the solutions of similar past problems. The unique data (images) and the
necessary computation techniques require extraordinary case representations, similarity
measures and case-based reasoning strategies to be utilized. Image interpretation is the process
of mapping the numerical representation of an image into logical representations suitable for
scene descriptions. An image interpretation system must be able to extract symbolic features
from the pixels of an image. This is a complex process; the image passes through several general
processing steps before the final symbolic description is obtained. Image interpretation systems
are becoming increasingly popular in rail inspection applications [46]. However, existing
statistical and knowledge-based techniques lack robustness, accuracy, and flexibility. New
strategies are needed that can adapt to changing environmental conditions, user needs, and
process requirements. Introducing CBR strategies into image interpretation systems can satisfy
these requirements. CBR can be used to control the image processing process in all phases of an
image interpretation system to derive information of the highest possible quality. Beyond this
CBR offers different learning capabilities, for all phases of an image interpretation system, that
satisfy different needs during the development process of an image interpretation system.
The case-based classifier in this system uses two case-bases: one with defect images and
the other with non-defect images. For each new image, a search is performed in both case-bases
for an appropriate match. The image to be classified and the retrieved images together with the
match results are processed by a set of rules, which either arrive at the final classification or
decide that the image has to be classified by an operator. The images classified by the operator
are stored in the appropriate case-base for future use. Three test runs were done to cross check
the performance of the rule-based, the case-based, and the combination of both classifiers of
URS–CBR. The rule-based classifier had the lowest recognition ratio. However, it was claimed
to be approximately 14 times faster than the other two classifiers. Hybrid classifier was
suggested as the best approach since it has the best recognition ration, though it is a bit slow. But
the adaptability and maintainability are considered as the biggest advantages of the CBR system.
While this work is interesting, the space demands are quite high for the CBR approach. Also,
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due to the huge size of the case-bases, information retrieval might be time consuming and hence
the CBR system tends to be slow in processing the output, which poses a major setback to its
usage in real-time applications such as rail inspection [49].

3.4 Expert Systems in Rail Inspection
The expert functions are based on data collected in the system as well as on the knowledge
represented in the computer system. A prototype creator of the expert functions based on the
artificial neural networks and analytic functions is described and an Evaluation Expert function
makes a decision. The expert functions can be defined as software imitating intelligence in
solving tasks on the basis of the data and knowledge stored in the computer memory [34]. Steps
in creating the expert function are
1. In the first step of the creation process is analysis of the problem, which should be
supported by the expert function. As a result of the analysis a set of input and output
parameters should be defined with respect to the selected method of problem modelling.
2. In the next step the general architecture of the expert function has to be designed.
3. Design for each component architecture, determination of network topology or definition
of the analytic function.
4. Training (learning) of the neural network components.
5. Testing of the components.

Figure 3.1: Architecture of an Expert System
The real challenge for an NDT expert though when the potential user does not have the
knowledge (nor any desire to get this knowledge) of the basic principles of your technique. Here
the researcher acknowledges his lacking in the fundamental knowledge of the application of his
work. However, he feels that the potential users of his technology have little interest in learning
about the basics of these new developments. This inhibits his ability as a researcher to learn
about the application, and limits the understanding of the technique by the potential user [17].
Classification can also be done using reasoning implemented in a set of rules. The classification
rules can be readily available as a part of existing theory, or as, not so well defined expertise. For
a simple system, it may be enough to hard code any rules necessary to evaluate the data. An
important disadvantage of expert systems for NDT data interpretation is that they require
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repeatable conditions to perform well [33]. However, most industrial NDT inspections are
performed on a variety of installations with various procedures. Another disadvantage that was
mentioned of the rule-based system was the fact that only simple images could be efficiently
described and handled using rules. So, as there is lot of noise in sleeper images it is hard to
implement expert systems to our project.

3.5. Fuzzy Logic in Rail Inspection
Human experts seem to be able to make choices based on this kind of information, even failing
more precise information. Therefore use of the Fuzzy Logic in handling the parameters, which
the decisional process is based on, seems the right choice. In fact, the Fuzzy Logic allows not
only arithmetic calculations with approximate values, but also managing variables defined by
linguistic attributes [43].
Potential applications of surface quality inspection also include detection of damages on
railroad tracks, where on-board detection and classification of defects is performed in real time.
The detection of wooden ties of rail lines in real time and the detection of tie boundaries on rail
line images can be done by using fuzzy or probabilistic. Classical decision making systems
usually try to avoid vague, imprecise or uncertain information. Fuzzy systems on the other hand,
deliberately make use of this information through the membership functions that describe the
degree to which a measurement belongs to certain sets or classes. Input values are matched with
the preconditions of “if-then” rules on fuzzy sets, describing the system’s behaviour. FSs and
NNs differ mainly on the way they map inputs to outputs, the way they store information or
make inference steps [24].
The use of fuzzy set techniques primarily to analyze train movements and to aid control
center (CCO) operators to take the most appropriate decisions. Fuzzy set techniques are used
primarily to analyze and to decide train movement situations [21]. Fuzzy logic alone in
application of rail inspection is not so preferred. Some of the reasons are explained below
• Knowledge for a rule based system is more difficult to build and maintain as compared to
that of the case based system. There is persuasive evidence that experts solve problems in
case-based ways, using their experience stored as a case history whereas non experts are
more prone to attempt to apply rules for solving problems.
• Partial matching is built into the case-based strategy, because it is rare to find two
complex situations that coincide in every particular, whereas a rule-based system must
have rules that explicitly match the problem; otherwise the problem cannot be recognized
and solved. In other words, rule-based systems are more rigid in providing the exact
solution whereas case-based systems are more flexible in providing an approximate
solution [55].
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4. RAILWAY SLEEPERS
The term sleeper refers to the rectangular or approximately rectangular cross section supports
laid transversely on the railway roadbed to support the rails. Sleepers used in Europe are almost
exclusively of wood. Also, we have the sleepers made of different material are available.
• Wooden sleepers
• Reinforced concrete
• Steel sleepers
Wooden sleepers does the lower maintenance and ability to bear higher loads etc which
presumably are more energy efficient transportation, result in a net saving. Where as concrete
sleepers are much heavier than wooden ones, so they resist movement better. They work well
under some conditions but there are most railways which have found that they do not perform
well under the loads of heavy haul freight trains. They offer less flexibility and are alleged to
crack more easily under heavy loads with stiff ballast. They also have the disadvantage that they
cannot be cut to size for turnouts and special track work. Sleepers at crossovers and turnouts
vary in size according to their position in the layout.

4.1 Sleepers Inspection
The useful life of a sleeper depends upon its resistance to fungi, insects, and mechanical
pressure. Currently, inspections are carried out by Carmen, railroad personnel who are trained in
detecting defects in sleepers. These inspections are primarily visual and most take place while
the inspectors either walk or travel alongside the track in some type of vehicle visually
examining each sleeper in turn. Where necessary some deeper inspection may be carried out on
site, for example using an axe to judge how hard a wooden sleeper is. This is slow and expensive
and maintaining an even quality standard is difficult. It also requires skilled and trained staff
[71]. Organizations such as Banverket (The Swedish railway) are becoming concerned that as
older employees retire, much of the necessary skills base to manage this type of infrastructure
will disappear. The increasing cost of human resources and the rapid decline in the cost of
computers and the expansion of their image acquisition, processing, display and storage
capabilities have resulted in their usage as important and useful tools to assist railway engineers,
operators and maintainers alike.
Acquiring the digital image of railway sleeper and the analyses based on that photograph
do the same work that human inspection professionals does. The problem of testing sleepers,
either wooden or concrete is a problem in every country, and there is a lot of interesting work
that can be done regarding sleeper inspection by using automatic interpretation of NDT data.

4.2 Machine Vision in Sleeper Inspection
A new vision based inspection technique for rail surface defects is presented. It replaces visual
checks with an automatic inspection system. The goal of the presented system is to develop an
inspection system for visual testing in order to be able to perform complete surface testing
automatically [20]. The visual testing device should detect sleeper defects which can be seen by
human eyes. Sleeper surface quality varies frequently from one sleeper to the other. It depends
from a lot of external influences.
An automated image-based inspection aims to extract information from an image on the
conditions of objects represented in the image. Usually it is impossible to extract this
information concerning the dimensions of objects or their defect properties directly from the
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image. Basically, all machine vision systems involve image acquisition, image pre-processing,
segmentation, and extracting relevant features for classification of the type, severity, and extent
of defects present in the image. Machine vision emulates human vision in that it attempts to
interpret images. Human vision deals with the global information available in a scene, resolves
ambiguities due to perspective, lighting, and attribute, and can perform guidance through
unfamiliar territories [69]. Infact, human vision process is prone to subjective considerations,
fatigue, and boredom, which interfere with consistent evaluations. Also, the human vision is
limited to the visible spectrum, while a machine vision system can exploit a much larger range of
the electromagnetic spectrum, including infrared radiation, X-rays, and ultrasounds, thereby
making it suitable for a wide range of non-destructive testing and inspection process–related
tasks [61].
Unfortunately, wood is a very, very heterogeneous material. Its appearance varies
significantly from species to species and from one board to another within a species. The way a
feature such as a knot manifests itself varies from one board to another within a species and even
varies more significantly across species. Wood is perhaps the most heterogeneous of all the raw
materials used in any manufacturing process. Because wood is so much more heterogeneous
than other raw materials [51].
Imaging is the most critical part of any machine vision application. Correct lighting and
optics can contribute more than 80% to the success of a project. High-quality lenses specifically
targeted for machine-vision applications are available and should always be used because of
their improved contrast and resolution [15].

Figure 4.1: Showing a railway sleeper that is in very bad condition
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Figure 4.2: Images of the sleeper taken manually
Unlike ultrasonic, thermal images, rail track profile and images of the rail surface, sleeper
images consists of lot of other details. Different objects with different shapes, colors and
shadows can also be encountered, which is a difficult problem to solve. Most of the reported
work using image analysis for solving rail defect and rail inspection problems focuses on rail
surface, rail profiles etc. where crack detection and other equally faulty problems has been the
prime target of analysis. Problems concerning rail surface etc. are a lot simple than the sleeper
inspection problem which has been proposed above. This is the due to the fact that surface of the
rail is much smoother than the sleeper and data acquisition is much simpler. Our work in the rail
inspection area is directed to the sleeper inspection area since the area has received relatively
little attention. Better solutions within the area would also enhance the current state of art
technology in solving problems concerning rail inspection; as all the areas within the rail
inspection domain would be studied to a reasonable extent. Hence a huge potential lies in the
area to carry out much interesting work [59].
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5. DATA ACQUISITION
5.1 Image Acquisition
In the computer vision field, the importance of adaptive control in image acquisition has placed a
starting role in machine vision. Image acquisition is the sampling of the real world to generate
data that can be manipulated by a computer. The components of image acquisition systems
include appropriate sensors that convert any measurement parameter to an image, which is
acquired by image acquisition hardware. Acquired data is displayed, analyzed, and stored on a
computer. Generally, the image acquisition stage involves pre-processing, such as scaling. The
types of images in which we are interested are generated by the combination of an “illumination”
source and the reflection or absorption of energy from that source by the elements of the “scene”
being imaged [52]. The enclose illumination and scene in quotes to emphasize the fact that they
are considerably more general than the familiar situation in which a visible light source
illuminates a common everyday 3-D (three-dimensional) scene.

5.2 Digital Image Processing
Digital image processing is the use of computer algorithms to perform image processing on
digital images. Digital image processing has the same advantages over analog image processing
as digital signal processing has over analog signal processing — it allows a much wider range of
algorithms to be applied to the input data, and can avoid problems such as the build-up of noise
and signal distortion during processing [3].
5.2.1 Image Processing
The principal objective of image pre-processing is to process an image so that the result is more
suitable than the original image for a specific application. The analysis of a picture using some
image processing techniques that can identify shades, colours and relationships which cannot be
perceived by the human eye. Image processing is used to solve identification problems, such as
in forensic medicine or in creating weather maps from satellite pictures. It deals with images in
bitmapped graphics format that have been scanned in or captured with digital cameras [61].
5.2.2 Digital Image
A digital image is a representation of a two-dimensional image as a finite set of digital values,
called picture elements or pixels (pixels which can be thought of as small dots on the
screen).Digital images can be created by a variety of input devices and techniques, such as
digital cameras, scanners, coordinate-measuring machines, seismographic profiling, airborne
radar, and more. They can also be synthesized from arbitrary non-image data, such as
mathematical functions or three-dimensional geometric models; the latter being a major sub-area
of computer graphics [16]. The field of digital image processing is the study of algorithms for
their transformation. Each pixel of an image is typically associated to a specific 'position' in
some 2D region, and has a value consisting of one or more quantities (samples) related to that
position. The 2D continuous image a(x, y) is divided into N rows and M columns. The
intersection of a row and a column is termed a pixel. The value assigned to the integer
coordinates [m, n] with {m=0,1,2,...,M-1} and {n=0,1,2,...,N-1} is a[m, n]. In fact, in most cases
a(x, y)--which we might consider to be the physical signal that impinges on the face of a 2D
sensor--is actually a function of many variables including depth (z), colour ( ), and time (t) [65].
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Figure 5.1: Specifying pixels in a sample image
Digital images can be classified according to the number and nature of those samples:
• Binary (bi-level)
• Grayscale
• Colour
• False-colour
• Multi-spectral
• Thematic

5.3 Image Viewing
The user can utilize different program to see the image. The GIF, JPEG and PNG images can be
seen simply using a web browser because they are the standard internet image formats. Some
viewers offer a slideshow utility, to see the images in a certain folder one after the other
automatically [29].
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6. DATA PROCESSING
6.1 MATLAB
MATLAB is a high-level technical computing language and interactive environment for
algorithm development, data visualization, data analysis, and numeric computation. Using
MATLAB, you can solve technical computing problems faster than with traditional
programming languages, such as C, C++, and FORTRAN. You can use MATLAB in a wide
range of applications, including signal and image processing, communications, control design,
test and measurement, financial modelling and analysis, and computational biology. Add-on
toolboxes (collections of special-purpose MATLAB functions, available separately) extend the
MATLAB environment to solve particular classes of problems in these application areas.
MATLAB provides a number of features for documenting and sharing your work. You can
integrate your MATLAB code with other languages and applications, and distribute your
MATLAB algorithms and applications [72].
6.1.1 Key Features in MATLAB
•

High-level language for technical computing

•

Development environment for managing code, files, and data

•

Interactive tools for iterative exploration, design, and problem solving

•

Mathematical functions for linear algebra, statistics, Fourier analysis, filtering,
optimization, and numerical integration

•

2-D and 3-D graphics functions for visualizing data

•

Tools for building custom graphical user interfaces

•

Functions for integrating MATLAB based algorithms with external applications and
languages, such as C, C++, Fortran, Java, COM, and Microsoft Excel

6.1.2 Image Formats Supported by MATLAB
The following image formats are supported by Matlab:
•

BMP

•

HDF

•

JPEG

•

PCX

•

TIFF

•

XWB
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Most images you find on the Internet are JPEG-images which are the name for one of the
most widely used compression standards for images. If you have stored an image you can
usually see from the suffix what format it is stored in. For example, an image named
myimage.jpg is stored in the JPEG format.

6.2 How to Read Image
When you encounter an image you want to work with, it is usually in form of a file (for example,
if you download an image from the web, it is usually stored as a JPEG-file). Once we are done
processing an image, we may want to write it back to a JPEG-file so that we can, for example,
post the processed image on the web. This is done using the imread.

Figure 6.1: Initial sleeper images

6.3 Subimage
To eliminate irrelevant data from the images and to create a subimage for further feature
extraction. Another significant factor affecting is transform coding error and computational
complexity is subimage size. In most applications, images are subdivided so that the reduced
unwanted data to some acceptable level. The sub-image size, which is determined with respect to
data regions that are similar. You can get these sub regions using either the non-interactive script
or the interactive script [30]. We create a subimage which contains information needed for the
recognition algorithm.
As concerned to our project, by observing the number of sleeper’s crack first initiates
from left most part and goes deeper into the sleeper. So, we are interested to take the left part of
the sleeper as a subimage for future image evaluation. As, by considering the whole sleeper
image the complexity in analyzing the cracks in wood increases drastically. In the sleeper image
what we are considering has some unwanted features like rail, stones and other objects.

Figure 6.2: Subimages of the sleepers
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6.4 RGB Image
This is another format for colour images. It represents an image with three matrices of sizes
matching the image format. Each matrix corresponds to one of the colours red, green or blue and
gives an instruction of how much of each of these colours a certain pixel should use. In practice
RGB images are converted to grayscale or binary image for high level operations like image
analysis and image enhancement. The three colour components for each pixel are stored along
the third dimension of the data array. But for gray scale image the pixels are stored in two
dimensional arrays, which is easy to perform mathematical operations that are used in image
enhancement. In the real world all the images are in RGB form [40]. Sleeper images are also in
RGB form. For future computational analysis we need to convert these images into gray scale.
This will reduce mathematical complexity and computational time in image analysis operations.

6.5 Gray Image
In computing, a grayscale digital image is an image in which the value of each pixel is a single
sample. Displayed images of this sort are typically composed of shades of gray, varying from
black at the weakest intensity to white at the strongest, though in principle the samples could be
displayed as shades of any colour, or even coded with various colours for different intensities.
Grayscale images are distinct from black-and-white (binary) images, which in the context of
computer imaging are images with only two colours, black and white; grayscale images have
many shades of gray in between. In most contexts other than digital imaging, however, the term
"black and white" is used in place of "grayscale"; for example, photography in shades of gray is
typically called "black-and-white photography". The term monochromatic in some digital
imaging contexts is synonymous with grayscale, and in some contexts synonymous with blackand-white [52]. Grayscale images are often the result of measuring the intensity of light at each
pixel in a single band of the electromagnetic spectrum (e.g. visible
light).
Grayscale images intended for visual display are typically stored with 8 bits per sampled pixel,
which allows 256 intensities (i.e., shades of gray) to be recorded, typically on a non-linear scale.
The accuracy provided by this format is barely sufficient to avoid visible banding artifacts, but
very convenient for programming. Technical uses (e.g. in medical imaging or remote sensing
applications) often require more levels, to make full use of the sensor accuracy (typically 10 or
12 bits per sample) and to guard against round off errors in computations. Sixteen bits per
sample (65536 levels) appear to be a popular choice for such use.

Figure 6.3: Gray images for subimages
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6.6 Edge Detection
Edge detection of an image reduces significantly the amount of data and filters out information
that may be regarded as less relevant, preserving the important structural properties of an image.
There are many methods for edge detection, but most of them can be grouped into two
categories, search-based and zero-crossing based. The search-based methods detect edges by
looking for maxima and minima in the first derivative of the image, usually local directional
maximum of the gradient magnitude. The zero-crossing based methods search for zero crossings
in the second derivative of the image in order to find edges, usually the zero-crossings of the
Laplacian or the zero-crossings of a non-linear differential expression. Taking an edge to be a
change in intensity taking place over a number of pixels, edge detection algorithms generally
compute a derivative of this intensity change. The two most popular edge detection types are.
1. Canny edge detection.
2. Sobel edge detection.
The Canny edge detector first smoothen the image to eliminate some noise. It then finds
the image gradient to highlight regions with high spatial derivatives. It takes as input a grey scale
image, and produces as output an image showing the positions of tracked intensity
discontinuities. The Sobel operator performs a 2-D spatial gradient measurement on an image
and so emphasizes regions of high spatial frequency that correspond to edges. Typically it is
used to find the approximate absolute gradient magnitude at each point in an input grayscale
image.

Figure 6.4: Sleeper when applied Canny edge detection

Figure 6.5: Sleepers when applied Sobel edge detection
Traditional edge detection cannot be implemented to our present work. This can be
concluded by seeing the above images. Canny is worse case then Sobel edge detection. So, for
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this particular purpose there is a serious need to develop a separate algorithm. Because finding
cracks in sleeper is particular problem that cannot be generalized.

6.7 Histogram Equalization
Histogram modelling techniques (e.g. histogram equalization) provide a sophisticated method
for modifying the dynamic range and contrast of an image by altering that image such that its
intensity histogram has a desired shape. Unlike contrast stretching, histogram modelling
operators may employ non-linear and non-monotonic transfer functions to map between pixel
intensity values in the input and output images. Histogram equalization employs a monotonic,
non-linear mapping which re-assigns the intensity values of pixels in the input image such that
the output image contains a uniform distribution of intensities (i.e. a flat histogram). This
technique is used in image comparison processes (because it is effective in detail enhancement)
and in the correction of non-linear effects introduced by, say, a digitizer or display system.

Figure 6.6: Histogram of the before equalization and after equalization

Figure 6.7: Sleepers after histogram equalization
By analyzing the above images, histogram equalization cannot be implemented because it
usually increases the local contrast of the images especially when the usable data of the image is
represented by close contrast values. Through this adjustment, the intensities can be better
distributed on the histogram. This allows for areas of lower local contrast to gain a higher
contrast without affecting the global contrast. But for our application the lower contrast must
become lower and higher contrast must be higher. This can be done in image contrasting.
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6.8 Increase the Contrast of the Image
You can often improve digital images by adjusting the brightness and contrast settings in an
image editing [25]. Brightness controls the amount of lightness or darkness in an image. Contrast
controls the difference between light and dark in the image. As you adjust the brightness, your
entire image might get washed out and look bland. To compensate for this, adjust contrast.
Contrast is defined by the relative difference between the dark and light colors in the image.
When you increase the contrast, the dark colors become darker and the light colors become
lighter. Image contrast is a function of scale. This is to say that the relative differences between
one pixel and the next are increased with greater contrast and decreased with smaller contrast.

Figure 6.8: Images after adjusted

6.9 Image Segmentation
Image pre-processing and segmentation is the initial stage for any recognition process, whereby
the acquired image is “broken up” into meaningful regions or segments. The segmentation
process is not primarily concerned with what the regions represent, but only with the process of
partitioning the image [60]. In the simplest case (binary images) there are only two regions: a
foreground (object) region and a background region. Segmentation involves separating an image
into regions (or their contours) corresponding to objects. We usually try to segment regions by
identifying common properties. Or, similarly, we identify contours by identifying differences
between regions (edges) [61].The simplest property that pixels in a region can share is intensity.
So, a natural way to segment such regions is through thresholding, the separation of light and
dark regions.
6.9.1 Thersholding
Gray level thresholding is the simplest segmentation process. Many objects or image regions are
characterized by constant reflectivity or light absorption of their surfaces; a brightness constant
or threshold can be determined to segment objects and background [64]. Thresholding is
computationally inexpensive and fast it is the oldest segmentation method and is still widely
used in simple applications.Thresholding creates binary images from grey-level ones by turning
all pixels below some threshold to zero and all pixels about that threshold to one [44]. If g(x, y)
is a thresholded version of f(x, y) at some global threshold T,
g(x, y) = 1 if f(x, y) ≥ T
0 otherwise
Thresholding techniques can be categorized into two classes:
• Global thresholding.
• Local (adaptive) thresholding.
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In global thresholding, a single threshold value is used to separate the foreground and the
background of an image. Global thresholding is attractive because it is simple and is sufficient in
many cases. However, when the image is unevenly illuminated, local thresholding may be
necessary. In local thresholding, a threshold value is assigned to each pixel to determine whether
it is a foreground or background pixel using local information from the image [70].
Figure (6.9) illustrates the traditional global thresholding approach to separate objects in
grayscale image, foreground and background, using the intensity histogram of the image. The
foreground-background separation point is defined by a threshold value T, which is selected
using some criteria to best separate the objects in the image.
6.9.2 Binary Image
A binary image is a digital image that has only two possible values for each pixel. Binary images
are also called bi-level or two-level. This image format also stores an image as a matrix but can
only colour a pixel black or white (and nothing in between). It assigns a 0 for black and a 1 or
255 for white. Binary images are often produced by thresholding a grayscale or colour image, in
order to separate an object in the image from the background. The colour of the object (usually
white) is referred to as the foreground colour. The rest (usually black) is referred to as the
background colour. However, depending on the image which is to be thresholded, this polarity
might be inverted, and in which case the object is displayed with 0 and the background is with a
non-zero value. A binary image is usually stored in memory as a bitmap, a packed array of bits.

Figure 6.9: Images after adjusted
6.9.3 Region of Interest (ROI)
It is sometimes of interest to process a single subregion of an image, leaving other regions
unchanged. This is commonly referred to as region-of-interest (ROI) processing. Image
subregions may be conveniently specified by using Mathematic Graphics primitives, such as
Point, Line, Circle, Polygon, or simply as a list of vertex positions [35]. One of the most
important issues in image segmentation based on a region of interest (ROI) is how to decide
upon a semantic object region according to a specific purpose. These ROIs can then be used to
automatically call for further sensing or other action, to control intelligent image-compression
algorithms, or to direct further analysis for target identification and recognition. To detect
regions of interest before doing any processing, we first need to analyze the image data at the
source. Most algorithms use either feature-based or object-based approaches [5]. Feature-based
methods find pixels that share significant optical features with the target and aggregate them to
form ROIs. These methods can capture most of the target pixels on the basis of optical feature
similarity. Object-based methods, on the other hand, detect ROIs at a higher level than the pixelby-pixel approach of feature-based systems using information such as target shape and structure
[8].
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In our project we use feature based method. There is no particular shape for cracks to
specify in object based method.

Figure 6.10: Images after taking region of interest in between the pixels value (111,185)

6.10 Morphological Operations
Morphological operations on images have relevance to conditioning, labelling, grouping,
extracting, and matching image processing operations. Thus, from low level to intermediate to
high level vision, morphological techniques are important. Indeed, many successful machine
vision algorithms employed in industry on the factory floor, processing thousands of images per
day in each application, are based on morphological techniques [41].
Despite the mathematical tractability of this linear filtering approach, linear filters shift
and blur important image features such as edges. Alternatively, there is a large class of nonlinear
filters including median and opening/closing filters that avoid this problem [47]. General
morphological sampling theorem described in
1) How a digital image must be morphologically filtered before sampling
in order to preserve the relevant information after sampling;
2) To what precision an appropriately morphologically filtered image can
be reconstructed after sampling; and
3) The relationship between morphologically operating before sampling and the more
computationally efficient scheme of morphologically operating on the sampled image
with a sampled structuring element [57].
6.10.1 Closing
Closing is an important operator from the field of mathematical morphology. It is defined simply
as dilation followed by erosion using the same structuring element for both operations. One of
the uses of dilation is to fill in small background colour holes in images, e.g. `pepper' noise. One
of the problems with doing this however the dilation will also distort all regions of pixels
indiscriminately. By performing erosion on the image after the dilations, i.e. a closing, we reduce
some of this effect. The effect of closing can be quite easily visualized [3].
The closing operator therefore requires two inputs: an image to be closed, and a
structuring element. Imagine taking the structuring element and sliding it around outside each
foreground region, without changing its orientation [56]. For any background boundary point, if
the structuring element can be made to touch that point, without any part of the element being
inside a foreground region, then that point remains background. If this is not possible, then the
pixel is set to foreground. After the closing has been carried out the background region will be
such that the structuring element can be made to cover any point in the background without any
part of it also covering a foreground point, and so further closings will have no effect [18].
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Figure 6.11: Effect of closing using a 3×3 square structuring element

Figure 6.12: Sleepers after morphological closing operation
6.10.2 Morphological Opening
In computer vision and image processing, opening is, together with closing, a basic workhorse of
morphological noise removal. Opening removes small objects, while closing removes small
holes. These techniques can also be used to find specific shapes in an image. Opening is
normally applied to binary images. The basic effect of an opening is somewhat like erosion in
that it tends to remove some of the foreground (bright) pixels from the edges of regions of
foreground pixels. However it is less destructive than erosion in general. As with other
morphological operators, the exact operation is determined by a structuring element. The effect
of the operator is to preserve foreground regions that have a similar shape to this structuring
element, or that can completely contain the structuring element, while eliminating all other
regions of foreground pixels [62].

Figure 6.13: Effect of opening using a 3×3 square structuring element
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Figure 6.14: Object before and after doing opening operation
One can think of B sweeping around the inside of the boundary of A, so that it does not extend
beyond the boundary, and shaping the A boundary around the boundary of the element.
O (A, B) = (A − B) + B
You can use morphological opening to remove small objects from a sleeper while
preserving the shape and size of larger objects (cracks) in the image. Because small cracks are
considered as noise, by counting or not counting these cracks won’t effect in decision making
whether to replace the sleeper or not. More over them increase the complexity of the image.

Figure 6.15: Sleeper after removing small cracks by morphological opening
6.10.3 Other Morphological Operations
Some noises in the image are not totally removed by doing opening operation also. This can be
done by doing future morphological operations. We perform the area opening operation. We
remove all objects that are smaller than 100 pixels, which can be considered as noise. Binary
area openings are based on binary connected openings. Morphological opening remove details
below given scales. Usually the scale is defined by the features that are to be removed, though
other measures are possible [6]. Area opening is then proved to be equivalent to a maximum of
morphological openings with all the connected structuring elements of area greater than or equal
to that number of pixels.
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Figure 6.16: Images after removing noise by morphological area opening
6.11.4 Morphological Dilation
Dilation is one of the two basic operators in the area of mathematical morphology, the other
being erosion. It is typically applied to binary images, but there are versions that work on
grayscale images. The basic effect of the operator on a binary image is to gradually enlarge the
boundaries of regions of foreground pixels (i.e. white pixels, typically). Thus areas of
foreground pixels grow in size while holes within those regions become smaller. The number of
pixels added to the objects in an image depends on the size and shape of the structuring element
used to process the image. Dilation is the morphological transformation that combines two sets
by using vector addition of set elements.

Figure 6.17: Effect of dilation using a 3×3 square structuring element

Figure 6.18: Images after applying dilation
Dilation closes the area where there are small gaps in between the cracks that are caused
due to stones or some dust etc. Because due to break downs in the crack the length of the crack
may wary. Which, in turn affect the decision making.
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6.11 Labeling
Connected component labeling works by scanning an image, pixel-by-pixel (from top to bottom
and left to right) in order to identify connected pixel regions, i.e. regions of adjacent pixels
which share the same set of intensity values V. (For a binary image V= {1}; however, in a gray
level image V will take on a range of values, for example: V= {51, 52, 53, ..., 77, 78, 79, 80})
[14]. Connected component labeling works on binary or gray level images and different
measures of connectivity are possible. However, for the following we assume binary input
images and 8-connectivity. The connected components labeling operator scans the image by
moving along a row until it comes to a point p (where p denotes the pixel to be labeled at any
stage in the scanning process) for which V={1}. When this is true, it examines the four neighbors
of p which have already been encountered in the scan (i.e. the neighbors (i) to the left of p, (ii)
above it, and (iii and iv) the two upper diagonal terms) [18].

6.12 Calculating the Number of Cracks and their Area
They are many inbuilt functions in MATLAB in Image Processing Toolbox. We implemented
some of those functions to our project. One such function is to find the properties of a region in
the image. Region of properties measures a set of properties for each labeled region in the label
matrix L. Positive integer elements of L correspond to different regions. The regionprops
command measures object or region properties in an image and returns them in a structure array.
When applied to an image with labeled components, it creates one structure element for each
component. Use regionprops to create a structure array containing some basic properties for
labeled. You called regionprops to return a structure of basic property measurements for each
thresholded crack of sleeper. Area is one of the properties of the object in region properties. Area
for an object is obtained by connectivity in the labeling. Number of cracks in the sleeper is
obtained by using connected component labeling. For one object in the image the labeling gives
the single value, for another object it gives another number and continuous for all the objects in
the specified image as shown below. In the output matrix, the 1's represent one object, the 2's a
second object, and the 3's a third [72].

6.13 Finding the Length and Width Using 3*3 Neighborhood
Neighbourhood is the basic principle between pixels connectivity in an image. By making
advantage of this in our project we attempt to find the cracks length and width in sleeper. For
every pixel p at coordinates (x, y) has four horizontal, vertical which are know as the 4neighbors of p, denoted by N4(p) and four diagonal neighbours, denoted by ND(p). These
points, together with the 4-neighbors, are called the 8-neighbors of p, denoted by N8(p). Each
pixel is a unit distance from (x, y). Some of the points in N8(p) fall outside the image if (x, y) is
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on the border of the image. The coordinates for horizontal, vertical and diagonal neighbours of p
are represented as (x+1, y), (x-1, y), (x, y+1), (x, y-1), (x+1, y+1), (x+1, y-1), (x-1, y+1), (x-1, y1).
Connectivity between pixels is a fundamental concept that simplifies the definition of
numerous digital image concepts. To find the relation between two pixels, it must be determined
that their neighbours must have the same gray level values. For instance, in a binary image with
values 0 and 1, two pixels may be 8-neighbors, but they are said to be connected only if they
have the same value. Let V be the set of gray-level values used to define adjacency. In a binary
image, V= {1} if we are referring to adjacency of pixels with value 1. In a grayscale image, the
idea is the same, but set V typically contains more elements. For example, in the adjacency of
pixels with a range of possible gray-level values 0 to 255, set V could be any subset of these 256
values [52].
An algorithm was developed to find the length of each crack in the sleeper using 3*3
neighbourhood:
1. Start from the starting point (0, 0).
2. Keeping the row constant and moving to the last column in that row until the white pixel
is found.
3. If white pixel is found, take it as starting point(x, y) to count the length.
4. Check its neighbours for connectivity. There is no need to check all the 8 neighbours. It
is enough by checking only five neighbours of a pixel. The order in which we check for
connectivity is (x, y+1), (x-1, y+1), (x-1, y), (x+1, y+1) and (x+1, y). Each time it finds
connecting neighbour the count of the length is increased, which is nothing but the
length of the crack.
5. If we do not find white pixel in the second step, then come to first column.
6. Now keep the column constant and check for white pixel by moving till the last row of
the sleeper.
7. If any white pixel is found then repeat the third step.
8. Else repeat steps 2 through 7.
9. Keep the length of each crack in an array and find max crack length.
An algorithm for finding width of the crack in the sleeper using 3*3 neighbourhood:
1. Maximum length crack is taken as a starting point.
2. Check its neighbours for connectivity. It is enough by checking only two neighbours of a
pixel. The order in which we check for connectivity is (x+1, y) and (x+1, y+1). Each time
it finds connecting neighbour the count is increased.
3. Multiply with 2 the count because we are checking only in down side and store the value
in an array.
4. Repeat the second step in regular intervals of 10 pixels, until it reaches the end point of
max length crack.
5. Now average all the values in an array, which is nothing but the width of the crack.
The results obtained by applying above two algorithms are acceptable. As, compared to
other algorithms like ray tracing and fly fisher algorithm 3*3 neighbourhood is applicable. The
complexity is less then other algorithms.
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7. CLASSIFICATION
7.1 Classifiers
Artificial neural networks as computational intelligence have some advantages like nonlinear
functions, pattern recognition capability, fault tolerance and parallel processing. So they are
widely used for classification, function optimization, associative memory (pattern storage, recall,
restore), self-organizing feature mapping and cluster discovery. Concept generalization can be
seen as a kind of classification whether a test example is an instance of goal concept.A number
of different types of classifiers are now in routine use in decision making. The sleepers are
usually classified into two categories good and bad. The classification methodology
implemented in decision making has so far used statistical-based approaches, such as the
maximum likelihood classifier, unsupervised classifiers such as the Isodata clustering algorithm,
and neural network classifiers, which is a non-parametric classification technique [42]. Within
the last ten years, neural classifiers have been extensively tested for pattern classification in
decision making due to their non-parametric nature, which gives independence of data
distribution, plus ability to handle data acquired at different levels of measurement [45].
Multi layer Perceptron classifier has been widely employed for the classification of
statistical data. This is mainly due to its unique capability to learn complicated multidimensional
mappings. When using neural networks for classification, the extracted feature patterns must he
mapped onto a set of unit activations. This is referred to as input data representation or input
[11].
7.1.1 Multi Layer Perceptron Classifier Using Backpropagation
A large network with many hidden units will be required when a multi layer back propagation
type network is used to perform classification when there are a large number of classes with
complex separation boundaries such as those shown in Figure (7.1). Also, its performance may
not be quite efficient. Given an input vector to be classified, a network considers all the classes
simultaneously and gives the class to which the given input vector belongs [31]. The Neural
network uses backpropagation algorithm. Backpropagation is created by generalizing the
Widrow-Hoff learning rule to multiple-layer networks. In this approach Input vectors and the
corresponding target vectors are used to train a network until it can approximate a function,
associate input vectors with specific output vectors, or classify input vectors in an appropriate
way [37].

Figure 7.1: A multi class problem
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Figure 7.2: An integration architecture with MLP
Advantages of multilayer neural networks trained by the back-propagation (BP)
algorithm is to extract common properties, features or rules, which can be used to classify data
included in several groups. Especially, when it is difficult to analyze the common features using
conventional methods, the supervised learning, using combinations of the known input and
output data, become very useful. This application field includes, for instance, pronunciation of
English text, speech recognition, image compression, sonar target analysis, stock market
prediction and so on [2].
In this project, classification performance of the neural networks is discussed based on
decision making. Large sets of training and test data are employed for this purpose.
Performances of multilayer neural networks will be investigated based on very limited
information. Furthermore, the results are compared with the results acquired by Fuzzy Art Map
classifiers.
A two-layer neural network is taken into account. N samples of the variable set are
applied to the input layer in parallel. The nth input unit receives the sample at n place. The
number of output units is equal to that of the input variable set. The neural network is trained so
that a single output unit responds to one of the variable groups [38]. In our project there are three
variables for each input Number of cracks, length of the crack and width of the crack. Depending
upon these three values we train the network to classify good and bad sleeper. Good sleeper
means that we no need to replace it and bad sleeper is mend that we have to replace it
immediately.
7.1.2 Training and Classification
Sets of input variables are categorized into training and testing data sets. In this section, the
training data set contains 36 digital images from 18 good and 18 bad wooden sleepers
respectively. The testing data set contains 34 digital images. Training Set Size, the
characteristics of the data used to train a supervised classification have a considerable influence
on the quality of the resulting classification. It is essential that the training data provide a
representative description of each class. For this study, thirty seven categories of training set size
were formed. Each category contains randomly selected.
Effects of increasing training samples cause’s random numbers are uncorrelated to each
other. However, this can be held for a large number of samples. In order to guarantee
uncorrelation among samples, the number of samples of the training set, is decreased.
During the testing phase we extract the features for the test value and we feed it into the trained
neural network and we test it for the output of the network [38].
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7.1.3 Fuzzy Artmap Classifier
In this project, neural network architecture, Fuzzy Artmap (FAM), was used to classify sleeper’s
usefulness. There has been much effort recently in making a fusion of fuzzy logic and neural
networks for better performance in decision making systems.
The uncertainties involved in the input description and output decision are taken care of
by the concept of fuzzy sets while the neural net theory helps in generating the required decision
region. There is a large and growing body of literature pertaining to the ‘joining’ of neural nets
and fuzzy systems. In general neural net are used to tune the fuzzy system or combining neural
nets and fuzzy systems, into so called hybrid systems using a neural net to approximate a fuzzy
system [63].
Carpenter, Grossberg, Markuzon, Reynolds, and Rosen (1992) developed a neural network
architecture called Fuzzy ARTMAP for incremental supervised learning of recognition
categories in response to arbitrary sequences of analogue or binary input vectors, which may
represent fuzzy or crisp set of features [32].
Figure (7.3) shows the architecture of FAM network. During supervised learning, ARTa
receives an input pattern vector a with dimension Ma, and ARTb receives a target pattern vector b
with dimension Mb, b is the correct prediction given a. These two modules are linked by a map
field Fab, which outputs a match tracking signal if a is not matched to b. In field F0a, a vector Ia
is formed by complement coding Ia= (a, ac), aic=1−ai, ai and aic are components of a and ac
respectively. Complement coding normalizes the input vector while preserves amplitude
information. For ARTa, field F1a receives both bottom-up input from F0a and top-down input
from a field, F2a, each node of it represents a category prototype of a cluster of input patterns,
the active category. The F0a active vector is denoted Ia= (I1a, I2a, …, I2Maa) with each component
Iia in the interval [0,1], i=1, 2,…, 2Ma. The F1a active vector is denoted Xa= (x1a, x2a, …, x2Maa)
and the F2a active vector Ya= (y1a, y2a,…, yNaa). Associated with each F2a category node j (j=1,
2,…, Na) is an adaptive weight vector Wja= [wj,1a, wj,2a, …, wj,2Maa]. All these symbols apply to
ARTb when the superscripts or subscript a and b are interchanged. For map field Fab, the output
vector is Xab= [x1ab, x2ab,…, xNbab], and Wjab= [wj,1ab, wj,2ab, …, wj,Nbab] represents the weight
vector from the jth node (black node in Figure (7.3)) of F2a to Fab.

Figure 7.3: Fuzzy ARTMAP architecture
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Figure 7.4: Flowchart for continual learning
One advantage of the Fuzzy ARTMAP over other neural network architectures is that it
can be incrementally trained. The training time per sample is primarily dependent on the number
of elements in each pattern [53]. However, the training accuracy depends on the level set for the
network learning rate parameter b: In Fuzzy ARTMAP, the vigilance parameter can change
when
predictive errors are made, as a result repeated input presentations can lead to new learning.
Therefore, the number of learning iterations also affects the training accuracy. The rate of
change at each iteration is specified by the constant b to a certain extent. Higher b values result
in fast learning which enable the system to adapt quickly to inputs that may occur rarely, but
may also produce approximation errors in the final weight values. Training the network with a
low learning rate leads to low results on both the prediction rate on patterns and failures, which
indicates a high number of faults in decision making for replacing sleeper. High learning rates
tend to force the network to learn the first few samples after fault initiation as fault samples.
These do not differ greatly from normal samples; as a result it confuses the network later during
the testing [58].
The network was also evaluated with different number of training patterns in each
performance category, the greater the size of the training set, the less iterations is needed to
obtain good results. However, using smaller training sets and training for more iterations, results
in a better outcome. Studies also indicate that increasing the number of training iterations does
not necessarily improve the network performance and may lead to over training the network that
result in lower prediction accuracy and higher number of errors in the error categories.
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8. RESULTS AND CONCLUSIONS
As it has been mentioned earlier, this project is to implement a vision based technique for
inspecting railway sleepers. The methodology for constructing the model has been introduced
in the introduction part. Mainly in our project there are two parts. First part was to evaluate and
analyze the images of sleepers using image processing in MATLAB. And second part was to
classify the acquired results of sleepers from MATLAB by using two different classifiers in
LNKNET. Furthermore, two different experiments are performed to test and analyze the effects
of classification with different Multi Layer Propagation and Fuzzy ARTMAP. In the end the
results of two recognition models, Fuzzy ARTMAP and Multi Layer Propagation, are compared
from various aspects.
Data samples of sleeper images contain 132 binary images from which the sleeper
analysis has been done on several images to test for its generalization. From these data samples I
had taken two data sets that were divided randomly. One is Training set and other is Testing set.
The training data set contains 36 digital images from 18 good and 18 bad wooden sleepers
respectively. The testing data set contains 34 digital images. In Figure (8.1) and Figure (8.2)
shows some of the good and bad sleepers respectively. The decision making was trained on the
training set and then tested on the test set. The following subsections describe the experimental
set up in more detail.

Figure 8.1: Some of the images of good sleepers
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Figure 8.2: Some of the images of bad sleepers

8.1 Results Acquired by Image Analysis
Although mere inspection of the cracks in sleepers, illustrates wide differences between the two
classes (sleepers in good condition and the sleepers in bad condition) of the sleeper images, this
information cannot be directly used for classification. Hence, in this project the images are first
automatically interpreted using image processing techniques and features were extracted.
We have proposed a new image based crack detection feature extraction without
the need for manual detection. In the proposed method, a subimage of sleeper is taken by doing
this a lot of unwanted data has been removed. In the future processes we implemented image
segmentation, region of interest which is particularly suited for these sleeper images and finally
some morphological operations. After removing all the noise in the images only cracks will
remain as shown in Figures (8.3) and Figure (8.4) results of good sleepers and bad sleepers
respectively. But still we can not use the extracted data because the output is still in the form of
images. So, by implementing a 3*3 neighbourhood algorithm for calculating the length and
width of the cracks in a sleeper. The output is in the form of sleeper number, number of cracks in
that sleeper, maximum length of the crack in that sleeper and its corresponding width of the
crack. For classification purpose the data was divided into two sets. They are training and testing
sets as shown in Figure (8.5) and Figure (8.6) respectively. Experimental results validate the
effectiveness of the proposed method in extracting crack detection in sleeper features and
achieving good performance.
__________________________________________________________________________
39
Hogskolan Dalarna
Tel. : 023 778 000
Roda vagen 3, 781 88
Fax : 023 778 050
Borlange, Sweden.
URL: http://www.du.se

Name : Gayatri Gutta
E3468D

RESULTS AND CONCLUSIONS
.

Figure 8.3: Results of the above images of good sleepers

Figure 8.4: Results of the above images of bad sleepers
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By executing the image processing program in MATLAB for training and testing data set
are as follows

Figure 8.5: Results acquired from MATLAB in image processing for training set
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Figure 8.6: Results acquired from MATLAB in image processing for testing set
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The results obtained are quite satisfactory from the above figures. Approximately ninety-five
percent of the sleepers are showing correct results. Figure (8.5) and Figure (8.6) are some of the
examples for image analysis. Normally those wooden sleeper images that were analyzed
incorrectly have very poor image qualities. One of the major problems that are faced while
image analysis is that removing of stones which are inside that crack and the shadow of the
stone. Because the colour of stone shadow and the crack are same. Though this problem is
removed to some extent without considering those cracks which are having small length and big
width because in general stones have big width and small length. Many algorithms like
Labeling, Fly Fisher and Ray Tracing algorithms are tried for finding the length of crack in the
sleeper. But due to complexity in programming we have selected 3*3 neighbourhood principle
which is one of the fundamental image processing techniques. Results obtained by using this
algorithm are fairly acceptable. MATLAB is an affective tool for Digital Image Processing, there
are many in build functions which save our time for programming.

8.2 Results Obtained by Using Classifiers
After feature extraction, the choice of a right classifier might lead to achievement of successful
results. Initially we have to prepare data sets for classification. So, we had taken a training set of
size 36 and testing set of size 34. In the above two sets one good and one bad wooden sleeper is
taken respectively. The sleepers in both sets were selected randomly without repetition from the
database. After that we had selected two classifiers for classification.
Multilayer Perceptron (MLP) is trained by the help of Backpropagation algorithm is one
of the classifier. MLP consists of multiple layers of simple, two-state, sigmoid processing
elements (nodes) or neurons that interact using weighted connections. After a lowermost input
layer there is usually any number of intermediate, or hidden, layers followed by an output layer
at the top. There exist no interconnections within a layer while all neurons in a layer are fully
connected to neurons in adjacent layers. Weights measure the degree of correlation between the
activity levels of neurons that they connected.
In our project I had taken MLP with 3 nodes in the input layer (i.e. number of cracks in a
sleeper, length of the maximum crack and its corresponding width), 25 nodes in the hidden layer
and 2 nodes in the output layer (decision making whether the given sleeper is good sleeper or
bad sleeper), with a step size of 0.1 for all weights.
Advantages of Multi Layer Perceptron are as follows
• Strong Domain theory is not needed, only desired output training examples must be
known in advance.
• Multiple concepts can be generalized simultaneously and parallel.
• The training examples are allowed to have noises.
• The concepts generalized are fault tolerance.
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The Multiple Perceptron network has also limitations. They are as follows
• The generalization of decision making concepts can not be justified and explained. The
decision making concept can not be generalized by composing sub decision concepts.
Sometimes the generalization of decision making concepts is too specific due to the
training examples.
• The training of the Multiple Perceptron network is relatively time-consuming. When the
definition of the decision making concept is partly altered, the whole network must be
trained again completely.
• Compared to the Fuzzy ARTMAP system, more training examples (include negative
training examples) must be known in advance. The concepts generalized are difficult to
be represented (that is: they can not be represented as schemata for the generalization of
other training examples).
The above limitations can be overcome to some extent by using Fuzzy ARTMAP
(FAM). Some of the advantages that FAM has, compared to other neural network classifiers are
that it is faster than other neural networks, due to the small number of training epochs required
by the network to “learn” the input data. FAM is even faster than other ARTMAP techniques
due to the computationally “cheap” input/output mapping. Also, the classification results of
FAM are easily interpretable. Compared to nearest neighbour techniques, which are also
commonly used, FAM requires less memory and classification time since it uses a compressed
representation of the data.
The fuzzy ARTMAP neural network consists of two fuzzy ART modules; (ARTa
ARTb) is another classifier. These two modules are linked by mapping a field Fab, which outputs
a match tracking signal if a is not matched to b. In our project I had taken Fuzzy ARTMAP,
Complement coding was performed in for normalizing data and ART-A and ART-B parameters
were tuned extensively to obtain optimum results.
Model

Training Set Accuracy
(%)

Testing Set Accuracy
(%)

MLP Classifier

78.38%

73.53%

Fuzzy ARTMAP
Classifier

91.43%

76.47%

Multi Layer Perceptron classification for training set error is 21.62%, hence correct
classification is 78.38% and for testing set error is 26.47%, and hence correct classification is
73.53%. Results of Fuzzy ARTMAP classification for training set error is 8.57, hence correct
classification is 91.43% and for testing set error is 23.53%, and hence correct classification is
76.47%.
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The results of the pattern recognition approach and its use in the automatic classification of
sleeper images have been reasonably agreeable, with good recognitions rates achieved by both
the methods. Table 1, gives a break down of the results achieved in my project. Comparing the
experimental results of Multilayer Perceptron with Fuzzy ARTMAP, obviously the Multilayer
Perceptron decision making about the sleepers condition does not work as good as FAM
classifier.
A Multilayer Perceptron trained to classify patterns from a set of different classes with
the Backpropagation algorithm described earlier reduces the initial uncertainty. In the ideal case
the final uncertainty will be zero (i.e., the class will be certain), in actual “real world”
applications the final uncertainty can be higher for at least two different reasons, insufficient
input information or suboptimal operation. In the second case the available information can be
sufficient to resolve all ambiguities but the network “wastes” some of it because of insufficient
training, approximations or failures. While this case can be remedied by considering additional
training examples, a longer training period or different algorithms, the lack of sufficient
information should be detected as soon as possible in the development process because in this
case the only remedy is that of adding more features or considering more informative ones.
By analyzing the results, for the present application, fuzzy ARTMAP provides a high
level of accuracy and compression even when the amount of training data is limited. Some of the
advantages that FAM has, compared to other neural network classifiers are that it learns the
required task fast, it has the capability to do on-line learning, and its learning structure allows the
explanation of the answers that the neural network produces. One of FAM’s properties which are
a mixed blessing is its capacity to produce new neurons (templates) on demand to represent
classification categories. This property allows FAM to automatically adapt to the database
without having to arbitrarily and a priori specify its network structure, but it also has the
undesirable side effect that for large databases it can produce a large network size that can
dramatically slow down the algorithm’s training time.
Though it is an efficient learning system in addition to the many advantages it has, it also
suffers with disadvantages like sensitivity to noise and inefficiency of fuzzy categories. When
the training data are noisy, so that regions of feature space essentially map randomly to different
predictions, FA proliferates categories. This category proliferation problem is partly due to the
fact that the choice and match functions, and partly due to the use of fast learning.
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8.3 Conclusion
There is a lot of contemporary research on Intelligent Transport Systems which attempts to make
real time NDT assessments in many of the subject areas of transportation. However, using digital
images for condition monitoring applications has not been thoroughly explored and much work
remains to be done. In this project it has been shown that, use of digital images for condition
monitoring of wooden sleepers is indeed possible. It is also experimentally observed that pattern
recognition approach tested using various methods like Multi Layer Perceptron and Fuzzy
ARTMAP has achieved acceptable level of classification rates, thereby making a successful
attempt to emulate human classification behaviour in the inspection of wooden sleepers.
Preliminary indications are that FAM performs better than the MLP method for automatic
classification of digital sleeper images within the NDT domain. However in the current case,
classification rates achieved by both classifiers are quite reasonable. Nevertheless, Fuzzy
ARTMAP required lesser amount of time to converge to a solution, and it created smaller size
neural network architectures.
Some of the advantages that Fuzzy ARTMAP has, compared to other neural network
classifiers are that it learns the required task fast, it has the capability to do on-line learning, and
its learning structure allows the explanation of the answers that the neural network produces.
Some of the disadvantages of Fuzzy ARTMAP are its tendency to create large size
networks, especially when the data presented to Fuzzy ARTMAP are of noisy and/or
overlapping nature. Quite often, the category proliferation problem, observed in Fuzzy
ARTMAP architectures, is connected with the issue of over-training in Fuzzy ARTMAP. Overtraining happens when Fuzzy ARTMAP is trying to learn the training data perfectly at the
expense of degraded generalization performance (i.e., classification accuracy on unseen data)
and also at the expense of creating many categories to represent the training data.
The Fuzzy ARTMAP neural network is to an extent appropriate choice to implement this
approach. However, I am very well aware that the system is still far from being perfect. The
future work will focus on obtaining a large database, optimizing the parameters selection process
and comparing my results to that of some fuzzy expert systems and of other classifiers in neural
network systems.
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9. Future Work
An interesting aspect that was identified during the survey was that image analysis techniques
and algorithms developed for applications in this area are more application driven. Hence, one
might find it hard to adapt the work to a slightly different problem. A future directive to this kind
of work would be that people focusing on building image analysis algorithms for the automatic
interpretation of NDT data, should be careful in selecting a more general approach that might
offer flexibility for extending the solution. Further research is required to find better methods for
imaging cracked sections in sleepers, including the use of digital cameras or related equipment
to make images more clear and automated crack mapping with the goal of greater accuracy and
reduced operator error. Future work has to carry out in the classification part to improve the
accurateness in condition monitoring of sleepers. Test several other classifiers like Support
Vector Machines, Hidden Markov and Gaussian mixer models. It is hoped that this kind of broad
analysis of trying various combinations of feature extraction techniques and classifiers will result
in the development of robust and reliable testing methods within the area.
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APPENDIX A:
In this project we focus on building a program for automatic interpredation of sleeper image and
analyze its use fullness. This program is run on window OS with MATLAB and LNKNET.
There are mainly two parts in this program; the use of each part will be introduced briefly in the
following subsections.

A.1. Importing and Analysis of the Images in MATLAB
This program is to convert two dimensional images to binary image data in MATLAB. After
importing the data analysis part is carried out by using different in build functions in Digital
Image Process part in MATLAB.

Figure A.1: MATLAB program for finding number of cracks, length and width of a crack
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Figure A.2: Results acquired by running the above MATLAB program

A.2. Classifying the Analyzed Data Using LNKNET
By feeding the results obtained by executing the image processing program in MATLAB to
Multi Layer Perceptron and fuzzy art map neural network classifier in LNKNET. The software
tool LNKNET, which is a publicly available pattern classification software package, was
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used to simulate pattern recognition and machine learning models.For each classifier we test
for both training and test sets.

Figure A.3: Main LNKNET window

Figure A.4: Plot selection window in LNKNET
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A.2.1 Multi-Layer Perceptron (MLP)
Multi-Layer Perceptron classifiers are the most widely used neural network classifiers. They
provide good performance on many problems and create decision regions by positioning smooth
plateau-like functions produced by sigmoid in the input space. In the limits where connections
weights are “high” they create hyper planes which define “half-spaces”. These are combined to
form class decision regions. The hyper planes and their combinations are specified by weighted
connections between the layers of the multi-layer Perceptron. The weights are trained using a
back propagation algorithm to perform a gradient descent which minimizes the error of the
outputs according to the selected cost function.

Figure A.5: MLP Parameters
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Figure A.6: MLP Weight Parameters
Parameters associated with training the weights are found on the MLP Weight parameters
window shown in Figure (A.6). For most problems, the default settings for these parameters are
appropriate. In our MLP classifier, there are three options for changing the step size during
training. The step size for all weights can be held constant through out each training run, the step
size for all weights can be automatically reduced after a set number of training epochs, or the
step size of each weight can be adapted automatically. The step size change type selection must
be coordinated with the weight update mode, as described in the paragraph below. The initial
step sizes can be the same for all the weights in the network or a different initial step size can be
set for each layer. In the first case the initial step size is the one on the main MLP window. In the
second, step sizes for each layer are taken from the step size list on the MLP weight parameter
window. Using this list, you can initialize the input weights of a network and then prevent
training of those weights by setting their step size to zero. There is a momentum term which
often reduces training time by moving weights in the direction of previous changes. The weights
can be systematically reduced by setting a weight decay parameter. This has the effect of
pruning small weights. All weights are multiplied by one minus the decay parameter on every
trial. This is equivalent to adding a penalty term to the cost function that penalizes large weights.
There is a tolerance parameter in the error, which turns off back-propagation if the output is
within the tolerance limit of the desired output. Finally, the magnitude of the random initial
weights
can
be
set.
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