ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

«OS%: | TECHNOLOGICAL
./ UNIVERSITY

AUTOMATED DETECTION OF WELDING
DEFECTS IN RADIOGRAPHIC IMAGES

WANG XIN
SCHOOL OF MECHANICAL AND AEROSPACE
ENGINEERING
2007



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Automated Detection of Welding Defects in
Radiographic Images

Wang Xin

School of Mechanical and Aerospace Engineering

A thesis submitted to the Nanyang Technological University
in fulfilment of the requirement for the degree of
Doctor of Philosophy

2007



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Abstract

Non-destructive testing (NDT) is widely used in many fields. Weld line defect detection
is very popular in NDT. Most weld lines should be tested before use, especially in ships,
pipes, aircraft etc. In the field of welding defects inspection, the X-ray technique is one
of the most popular methods. Currently all the radiographs have to be stored as films and
interpreted manually by an experienced interpreter. Human interpretation of weld quality
based on film radiography is very subjective, inconsistent, labor intensive and sometimes
biased. Also after some time, it may be necessary to check the film again. Hence it
becomes another problem to find a film from the large number stored. After a long period,

the quality of the films will also drop.

With the developments of image processing algorithms and computer technology, it is
possible to let a computer do these jobs. However, the weld line is not flat. Hence, the
backgrounds of the images are not uniform. Also the defects are always very small. Due
to the degraded quality and the small size of the defects, interpretation of radiographic

images is a difficult task.

In this thesis, an automatic detection system to detect welding defects in radiographic
images is presented. After obtaining the digital radiographs, image preprocessing is ap-
plied to improve the quality of the radiographic image. In this thesis, different methods
for improving the quality of radiographic images are investigated. Through comparative
analysis, morphological enhancement and adaptive wavelet thresholding can enhance the

quality of radiographic images.
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A key step in the automated interpretation process is the segmentation of indications from
the background. In this study, two new segmentation algorithms are proposed. One
method is multiscale edge detection based on wavelet transform (MEWT). According to
the wavelet multi-scale character, the coefficients of the wavelet transforms are integrated
on a series of scales to look for the best scale where the edges are well discriminated from
noise to extract edge features. The other algorithm is multi-level thresholding based on
fuzzy entropy and genetic algorithm (MTFEGA). The radiographic image is segmented
using multi-level thresholding based on maximum fuzzy entropy. The procedure to find
the optimal thresholds is implemented by a genetic algorithm, which can overcome the
computational complexity problem. These two algorithms can succeed in segmenting
welding defects present in radiography, contrary to conventional methods. The experi-
ment results show that the MTFEGA algorithm can extract smaller defects with lower
contrast in comparison with MEWT. So, the MTFEGA algorithm is applied to extract

potential defects.

Afterwards two group features: texture features and morphological features are extracted,
a feature selection and classification system based on a support vector machine (SVM)
is proposed to recognize defects. The top 16 best features are selected based on SVM
criteria and receiver operating characteristic curves(ROC) are used as inputs to a designed
SVM classifier. With this method, 97.99% of the existing flaws are detected with 14.81%
being false alarms. The behavior of the proposed classification method is compared with
various other classification techniques: k-means, linear discriminant, k-nearest neighbor
classifiers and feed forward neural network, which have been used in the past. The results
show the proposed system based on the support vector machine has the best result. These

results show the efficiency of the automatic detection system in defect detection.
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Chapter 1

Introduction

1.1 Background

Most structural failures such as building collapses, foundation settlements, aircraft crashes
and ships sinking are preceded by some kind of warning — often too subtle to be seen or
heard unaided. Non-destructive testing (NDT) gives us the tools to read these warnings.
NDT methods are useful at all stages of a structure’s life from new construction quality
control to verification of as-built conditions through health monitoring to residual lifetime
prediction and monitoring of a demolition. NDT procedures are related in all disciplines
relying on measuring certain physical properties of materials, or structures and from these,
inferring or deducing related properties to arrive at the information that is required. The
key to each of the methods is the data reduction and analysis.

NDT has no clearly defined boundaries. A simple technique such as visual inspection is a
form of non-destructive testing, as also might be the measurement of an obscure physical
property. It used to be considered that there were five major methods — radiographic,
ultrasonic, magnetic, electrical and penetrate — but all these can be subdivided [2]. Many
NDT methods have reached the stage of development where they can be used by a skilled
operator following detailed procedural instructions.

NDT is required both to detect defects with high reliability and to provide accurate defect
size information. It can be used on many types of materials and structures e.g. welds. Be-
cause defects in weld metal affect the strength of the welded joint, welded structures often
have to be tested non-destructively, particularly for critical applications where weld fail-
ure can be catastrophic, such as in pressure vessels, load-bearing structures, power plants
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and pipelines. Inspection of welded structures is essential to ensure that the quality of
welds meets the requirements of the design and operation, thus assuring safety and relia-
bility. A variety of NDT methods are available for the inspection of welding defects [3].
X-ray or~-ray radiography, together with ultrasonic and magnetic particle inspection, are
the mainstays of weld inspection. Visual inspection is the primary evaluation method of
many quality control programmes. It can be easily carried out, is inexpensive, and usually
does not require special equipment other than magnifying glasses, boroscopes, or televi-
sion camera systems. It is used most effectively for the inspection of welds where quick
detection and correction of flaws or process related problems can result in significant cost
savings. For more critical welded structures such as high-pressure vessels, the nature, loca-
tion, and magnitude of the flaws must be mapped in order to determine their acceptability
by further fracture mechanics analysis. To this end, more sophisticated NDT methods such
as ultrasonic testing (UT) and radiographic testing (RT) are needed. Ultrasonic inspection
uses sound waves of short wavelength and high frequency to detect flaws. Usually pulsed
beams of high frequency ultrasound are used via a hand-held transducer which is placed
on the specimen. Any sound from that pulse that returns to the transducer like an echo is
shown on a screen which gives the amplitude of the pulse and the time taken to return to
the transducer. Defects anywhere through the specimen thickness reflect the sound, back
to the transducer. Flaw size, distance and reflectivity can be interpreted. RT is the other
commonly used NDT method for detecting internal welding flaws. Until the advent of ul-
trasonic inspection, radiography was the only available method for finding buried defects
in welds. It is based on the ability of X-rays grrays to pass through metal and other
materials opaque to ordinary light, and produce photographic records by the transmitted
radiant energy [4]. Because different materials absorb either X-rayrays to different
extent, penetrated rays show variations in intensity on the receiving films. That provides
a means to examine the internal structure of a weld. Current acceptance codes for welds
have evolved principally from knowledge of the inherent advantages and limitations of
radiographic testing. The underlying physical principles of radiographic inspection have
been known for nearly a century and, not surprisingly, radiography has evolved during this
time into a mature technology [5]. The pipeline images are usually ordinary laser cam-
era images and not X-rays, but the problem involves many similar considerations. And
natural gas pipelines in the North Sea and on land in continental Europe are aging and
identification of signs of corrosion and decay is important.

The interpretation of a radiograph is currently being done manually by experienced inter-
preters whose task consist of detecting, recognizing and quantifying the defects images.
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However, the radiograph quality, the welding over-thickness, the bad contrast, the noise
and the weak sizes of defects make their job difficult. The interpretation of a radiograph
is much more than just looking at the film. Although radiographs are interpreted by com-
paring with standards, to interpret correctly and analyze the results of any radiographic
examination, the interpreter must first judge the quality of the radiograph. The quality
of the radiograph is determined by the following techniques: density, penetrameter selec-
tion and sensitivity, identification of the film, coverage of part, and artifacts. Secondly,
the interpreter must also be able to identify rejectable discontinuities and judge them as
true flaws or artifacts attributed to the radiographic process. An interpreter will be able
to make sound judgments if he has the knowledge of the component or part configuration
and manufacturing process [6] [7]. Defect quantification is subject to human judgement
and subjective considerations, such as capabilities and experiences of the interpreter be-
cause it takes time to train a film interpreter. Also, recently it has been difficult to employ
skilled interpreters. Moreover, for the identification process, not only the interpreters’
skill influences the testing result, but also it is difficult for skilled interpreters to assess
small flaws within a short time. The whole area of NDT of welded structures is currently
undergoing a period of rapid change brought about by a combination of technological rev-
olutions, especially after the computer was invented. Computer visual image processing
systems have some good characteristics, allowing objective assessment, high-speed judg-
ment, non-human error etc. Therefore, an image processing system would allow weld
defects to be detected using X-ray radiography in the presence of background noise.

The computer has developed very quickly in terms of both hardware and software. It
is possible to use computer vision to detect the defects instead of using a human being.
Different persons will give different results to a single film. But with the help of a computer
we can set up a unique criterion. Also, when the image is saved in digital files, it is not
necessary to keep many films and use lots of time and money to maintain them. When it
is necessary to find some image in the future, it becomes an easy procedure.

Because X-rays are harmful to human beings, especially when the specimen is thick and
there is a need to use high energy X-rays to penetrate the metal, they must be far away
from the test place and develop the films later. So the result will be obtained later. To
obtain a real time, online system for radiographic evaluation, some techniques have been
developed to display the image on a screen. If a fluorescent screen, which converts X-rays
to light, is put behind a specimen, an image of the specimen can be seen on this screen.
The image is usually so faint that fine detail cannot be discerned and flaw sensitivities are
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usually poor. A suitably sensitive closed-circuit television (CCTV) camera can be focused
on the fluorescent screen and the amplification circuits associated with the camera are used
to produce a bright image on a television monitor screen. Since the image is presented on
a television monitor, it can be remote from the X-ray equipment and all radiation hazards
are eliminated [2].

However, the interpretation is difficult due to the complex situation. The most important
part of the radiographic inspection is the “reading” of the radiograph. The importance
of appropriate film viewing conditions has already been emphasized along with desirable
screen luminance, masking conditions etc. ldeal automated image recognition systems,
using computer programs for pattern recognition, are still quite difficult, so that film inter-
pretation still depends on the skill and experience of the inspector or radiologist [2].

Since to detect very small defects, films are commonly considered as a reference for all
image systems and radiographic testing with film is an expensive and time-consuming
technique (exposure time and development of the film), some attempts have been made to
fully automate the radiographic inspection cycle. However, to date there are no satisfactory
results that allow the detection of the weld discontinuities with optimal trade off the error
types, false alarms and missed defects and keeping both small.

The specifications concerning defect type, minimum size of defect and acceptability crite-
ria are supplied more or less by the industry, but since no control is actually performed on
the weld, the knowledge about acceptability is vague. The only piece of information that
can be regarded as absolute concerns cracks, which are unacceptable regardless of their
size.

There are many kinds of defects in a weld-line. Table 1.1 lists the most common types of
the defects in a weld-line as well as a brief description of them.

1.2 Objective and Scope

Figure 1.1 is an image scanned from a radiograph of a weld line with defects in specimen.
Usually the defect characteristics in the image are:

1. The defects are all quite small.

2. The defects’ positions are random. It is impossible to predict where the defects can
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Table 1.1: Description of welding defects

Types of Defects Description

Porosity It occurs as voids cased by gas trapped in the weld metal.
The voids may occur as spherical, elongated, or "worm

hole” shapes and in patterns that are random, clustered, or
linear. On the radiograph the spherical voids have the| ap-
pearance of rounded dark area while the nonspherical voids
have an elongated dark area with a smooth outline.

Slag Inclusions They are particles of slag entrapped in the weld metal or

along the fusion planes. The particles appear darker than the
surrounding area and may be irregular in shape or elongated
in the direction of the deposited weld bead

Lack of Fusion It is a discontinuity cased by molten weld metal which has

failed to bond the base metal or to a previously deposited
weld bead. On the radiograph it appears as a dark indication
usually elongated and varying in width.

Cracks It is a rupture of solidifield metal. Cracks associated with
welding may be longitudinal, transverse, or radially qri-
ented and may occur in the weld metal, base metal or
through both. On the radiograph, it appears irregular, in-
termittent or continuous lines.

Incomplete Penetrationlt is a discontinuity that occurs at the root of welds designed
for through penetration where full penetration has not been
achieved. The discontinuity appears on a radiograph jas a
straight dark line that may be either continuous or intermit-
tent.

Burn Through It is a melting of the metal from the root of the weld pr
through the backing strip. It appears on the radiograph as
an individual darkened area of elongated or rounded contour
which may be surrounded by a lighter ring.

appear.

3. The contrast is very low. The gray level between defects and the background is

similar.

4. The background is not uniform. The defects are not the only dark regions in the
image. Some parts of the image may have a darker gray level.
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Figure 1.1: Example of a radiographic image

The defects cannot be detected only by the gray level difference. A single method cannot
result in an ideal consequence. In order to find the defects in this kind of image, we

should imitate the decision of human vision, observing the whole image and comparing

the defects not only with the background in its adjacent neighborhood, but also with the

information from a larger range.

The objective of this project is to develop a system to automatically detect welding defects
using the images produced by analog radiographs.

Figure 1.2 is the flow chart of the system. The main idea is: after obtaining digitized
radiographs, firstly, image preprocessing methods are applied to improve the quality of ra-
diographic images. Then the potential defects are extracted using a segmentation method.
After extracting features of potential defects, a feature selection and classification system
is used to classify the potential defects as the defect or non-defect. The whole system is
not only automatic, but also an “intelligent” procedure that will assist greatly in examining
the weld. In order to realize this high automation, only a few parameters are needed to be
set, so that the human factor can be reduced.

In this study, we do research as follows:

To analyze and compare the preprocessing methods of digital radiographic images.

To develop the segmentation method to extract potential defects from the back-
ground.

To investigate the features of defects.

To develop a defect classification method.
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Figure 1.2: Flow diagram of the system
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Chapter 2

Literature Review

2.1 Characteristics of X-rays

n
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Film or Screen

F
Image of B

Figure 2.1:Principles of film radiography, wherd A" is the film
plane, B is a cavity in the specimen, imaged &t G
is the radiation source, andl is the scattered radiation
generated inside the specimen

Since the discovery of X-rays in 1895, it has been realized that they can be used for non-
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destructive testing of materials [2] [8]. X-rays are a form of electromagnetic radiation, of
the same physical nature as visible light, radio-waves, etc., but which have a wavelength
which allows them to penetrate all materials with partial absorption during transmission.
They include a fairly wide waveband of radiation from about 10nm, which will usefully
penetrate only very small thicknesses of solid material, to abwuinm, which will pen-

etrate up to about 500mm steel.

X-rays travel in straight lines outwards from a source: for all practical purposes they
cannot be focused, so the usual set-up for producing a radiograph is as shown in Figure
2.1, using a small diameter source, G, and a sheet of photographic film as a detector. A
beam of penetrating ionising radiation passes through a specimen to expose the films.

2.1.1 General Principles

In Figure 2.1, the X-rays travel in straight lines from the source to the film, so that if there
is a cavity in the specimen, as shown at B, which causes a lower absorption along the path
GBF, more radiation reaches the film at point F, compared with other points. Consequently
an X-ray ‘image’ of the cavity is produced which will be the projection of the cavity of
very nearly natural size. (Because G is quite far from the specimen compared with the
film. The magnification is small.) Thus, a two-dimensional image of a three-dimensional
cavity is formed.

To produce a radiograph, the X-rays are allowed to reach the film for an appropriate
exposure-time, which depends on the intensity of the X-rays, the thickness of the spec-
imen, and the characteristics of the film. The film is then processed (developed, fixed,
washed and dried), so that the X-ray image can be seen as different levels of gray (film
density). The film is then placed on an illuminated screen so that the image can be exam-
ined and interpreted.

When X-rays are absorbed in a material, some X-ray energy is re-emitted as scattered
radiation, which under some conditions can travel in a different direction to the primary
beam. Thus at point F on the film, some radiation will travel directly along the line GBF,
and this forms the image of the cavity B, however scattered radiation, S, can also reach F,
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and this is non-image forming. The ratio:

Image forming radiation Direct radiation I

Non —image forming radiation Scattered radiation

wherel and/g are the intensities of the radiation, is an important parameter in industrial
radiography. The total radiation reaching point F in unit timejs€ Is) and the ratio
Ip+ Ig I_S

=1 2.1
Ip * Ip 2.1)
is known as the 'build-up factor’.
The basic law of X-ray absorption is given by
Ix = Iyexp(—pz) (2.2)

wherez is the thickness of the materidl, is the incident intensity of radiatiory is the
transmitted intensity, and is a constant, known as the ‘linear absorption coefficient’ with
dimensioncm 1, and its value depends on the material and the X-ray wavelength.

2.1.2 Unsharpness of the Image

Geometric Unsharpness

One important physical factor should be mentioned at this stage. The source of X-rays
or gamma-rays is usually a small area, a few millimeters in diameter: it is never a true
point source. Consequently, for any defect in the specimen which is not close to the film,
there is a blurring of the image, known as the penumbra, or geometric unshargpess,
(Figure2.2). In this figure, the size of the source, s, has been exaggerated, for clarity, and
the ‘defect’ has been taken to be a small, physically sharp step on the surfacel lan

an element of the source &f will image the step on the film at/’ and an element of the
source atP will image atP’. Thus the image of a sharp step is blurred on the film, over a
distancelp yys. By simple geometry

dpyr dnio

dyp  don
and if for simplicitydyo = a and dyo = b,
sb
dpyvr = @ = geometric unsharpness , Ug (2.3)

and this relationship holds for the image of the edge of any specimen detail.
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Figure 2.2:Geometric unsharpness on specimen detail at O, with a
curve of the density distribution across the image (source
diameter exaggerated in size)

Film Unsharpness

When an X-ray quantum is absorbed in the film emulsion, it sensitizes a silver halide
crystal; furthermore, it may have sufficient energy to release electrons, which can reach
and sensitize adjacent silver halide crystals. One X-ray quantum can therefore sensitize a
small volume of silver halide crystals, thus producing a small disc instead of a point image
and this is equivalent to producing an inherent or film unsharprgssif, in Figure 2.3

a sharp metal edge is laid on the film, and the image of this edge on the processed film
is examined, it will be found that an X-ray quantum absorbed in a silver halide crystal
just to the ledge 0O has sensitized silver halide grains to the rightiofand the density
distribution across the image follows curve in practice. Also high-energy quanta will
produce a greater effect.

The geometric unsharpness is the main disadvantage of radiography. It is present because
radiation from an X-ray tube is not produced from a point source.
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Figure 2.3:Film unsharpnesd/;: the curve shows the density dis-
tribution on the film

2.2 Digital Radiographs

Radiography using photographic film is a robust technique for welding defects inspection.
It has been used for over a century. In fact, one of the first discoveries about X-ray energy
was its ability to affect photographic film.

Radiography with film is a time consuming technique; the technician must perform many
operations to produce and interpret an image. Among these steps is handling of the film
in a darkroom both prior to and after the X-ray exposure (which itself may require up to
several minutes). The end result is a “snapshot” of the object of interest that must typically
be viewed on a high intensity light box under subdued general lighting conditions. Post
processing of the image is generally limited to adjusting the intensity of the viewing light.
Long term storage, duplication or distribution of a film based image are also problematic,
time consuming and expensive. Finally, a film-based system must include a budget for
consumable items, film and chemistry, and provide for the disposal of hazardous waste.

Today, newer technologies have enabled to produce digital radiographs. Film digitization
systems can digitize the film to radiographic image. Electronic sensors are available to
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produce radiographic images.

Digital radiography allows automated weld inspection using automated interpretation sys-
tems. We can use image processing methods to adjust both the brightness and contrast
of the image, apply filters to reduce noise or “snow”, enhance edge detail, and quickly
and precisely measure any details of interest in the image. Storage, duplication, and dis-
tribution of these images are simple, quick, and inexpensive. Mass storage of images for
archival purposes is also simpler and cheaper.

2.2.1 Film Digitization Systems

The existing film digitization systems to non-destructive testing (NDT) covered are laser
scanners, CCD line scanners and CCD array cameras. Based on the physical properties
of the X-ray film the parameters are defined, which have to be fulfilled by the digitization
system [9].

Laser Scanner

The principle of laser scanner is point by point digitization as shown in Figure 2.4. The
film is moved in front of a collection tube. A laser beam with a fixed diameter passes the
film. The diffuse transmitted light through the film is integrated by the collection tube an
registered by a photo multiplier (PMT) on top of the collection tube. During the scan the
folding mirror moves the laser beam along a horizontal line on the film. The film is moved
with a speed of 75 lines/sec. The resulting voltage at the photo multiplier is proportional
to the light intensity behind the film. After logarithmic amplification a digitization with
12 bit yields grey values that are proportional to the optical density of the film.

The laser scanner has two main advantages: 1. The quantity of collected light is con-
siderably higher. The laser focuses the whole light intensity on the point to measure.
The radiation passing the film is collected over a spatial angle as great as possible in the
detector. 2. Scattered light from regions with low optical density passing to regions of
high optical density, thereby distorting the measurement, is nearly avoided by pointwise
illumination.

The essential difference to other scanners (CCD line scanner, CCD camera) is the reversed
optical way. The laser scanner illuminates with focused light and measures the diffuse
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Figure 2.4: Principle of the laser scanner

light intensity behind the film. Other methods illuminate with diffuse light (the film is
illuminated with a diffuser) and measure the light intensity that passes the film in one
direction (camera objective or human eye in classical film inspection).

CCD Line Scanner

The principle of a CCD line scanner is line by line digitization as shown in Figure 2.5.
The film is illuminated by a light bar to which the light of a projector lamp is passed by
a light guide. A Teflon plate ensures a diffuse film illumination. The illuminated line is
projected by an objective on a CCD line detector. The film is moved under the light bar to
scan the whole film area. The combination of light bar, light guide, and projector lamp is
the illumination of highest power.

light har\““

light guide ~ i
" t— film transpodt.

CCD lirw canra

Figure 2.5: Principle of the CCD line scanner

Line by line digitization is a good compromise between speed and influence of scattered
radiation at high dynamical ranges (great differences between optical densities) that are
typical for NDT films. Furthermore, modern CCD line arrays have operation modes for
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anti-blooming (avoid to transfer charges from saturated pixels to unsaturated neighbors)
and integration time control. Thus, the scanner can be adjusted optimally to the optical
density range of the film to digitize.

CCD Camera

The principle of CCD camera is array digitization as shown in Figure 2.6. This procedure
resembles classical film inspection, only the human eye has been replaced by a camera.

CCD camera

R~

Figure 2.6: Principle of the CCD array camera

The advantages of CCD camera are: simple structure, cheapest realization, no moving
parts during digitization. The two disadvantages of CCD camera are: 1. The whole in-
formation of the image is projected onto the camera array. Due to scattered light only a
small dynamic range of the film can be digitized. Depending on the quality of objective
and camera array an optical density range between 2 and 3 (at best) can be achieved. 2.
Since the number of pixel for each CCD array is limited, only a small region of the film
can be digitized with sufficient spatial resolution. These regions can measuré fxoin

em? t0 10 x 10 em? in size. For this reason CCD cameras are not suited for archiving of
complete films which are typically of a size ®fx 24 ¢m? and larger.

2.2.2 Digital Detectors

Digital radiography uses electronic sensors to convert the X-ray energy into a video (tele-
vision) or directly to a digital (computer) format. The image is presented on a TV or
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computer monitor almost instantaneously. Figure 2.7 shows an imaging sensor system.
The imaging sensor system produces digital images, with film life detail, and allows for
easy viewing on a computer screen and electronic transmittal to other location. The amor-
phous silicon flat panel detectors as the most flexible digital imaging system currently are
available [10].

Figure 2.7: Amorphous Silicon Imaging Sensor Plate

The Amorphous silicon (a-Si) imaging technology, which was developed by medical equip-
ment manufacturers for digital radiography, has been boosted by the recent breakthroughs
in thin film transistor arrays similar to those found in notebook computer screens. As a
result, the a-Si detectors, the latest generation of which can generate images in a digital 16-
bit format yielding over 65,000 gray scales for analysis, have become efficient enough in
achieving the resolution needed for a wide range of industrial applications. The detectors
are manufactured in various sizes with resolutions up to 5 Ip/mm. Industrial applications
for a-Si X-ray detectors, ranging from in-line inspection of printed circuit board (PCB)
assemblies to searching for cracks in aircraft fuselage, also include non-destructive testing
of pipelines, welds and nuclear waste, neutron radiography and X-ray tomography. The
technology is based on a two-dimensional, solid-state, amorphous (non-crystalline) silicon
‘imaging array’ that contains hydrogen. The arrays, which can be fabricated up to an area
of 12'16 square inches, contain about one million sensors. Combined with a cesium iodine
(Csl), the sensor presents an ideal solution for high-resolution X-ray imaging applications.
A scintillator is deposited directly onto the surface of the arrays. X-ray photons striking
the phosphor are converted to visible light, which is absorbed and converted to an elec-
tric charge by the photodiodes. The charge is integrated on each photodiode so that each
pixel collects a signal proportional to the local flux of the X-ray beam. When the array
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circuitry scans the diodes, the charge is converted into a video signal, which reproduces
the X-ray image. The signal is read out in real time as a digital electronic image using thin
film transistors made of the same amorphous silicon material. The image is then manip-
ulated. It can either be read out and displayed continuously at 5 to 30 frames per second,
or integrated over many frames to be displayed at a frame every few seconds, to improve
sensitivity. In both cases the feedback to the operator is immediate.

In this study, films are digitized using a laser digitizer with photomultipliers, manufac-
tured by Computerised Information Technology Ltd, UK. The scanner provides an optical
density range from 0 to 4.1. The films are digitized with a spatial resolution gf:2CGihd

a gray level resolution of 8 bit per pixel.

2.3 Review of Automated Welding Defects Inspection

Radiographic testing is one of the most important nondestructive testing techniques for
weld inspection. Traditionally, experienced interpreters evaluate the weld quality based on
radiography. It is time and manpower consuming work. In addition, human interpretation
of weld quality based on film radiography is very subjective, inconsistent and sometimes
biased. Therefore, it is desirable to develop a automated welding defects detection system
to increase the objectivity, accuracy and efficiency of radiographic inspection. Computer
vision is a key factor in the implementation of an automated radiographic inspection sys-
tem. Because of the problems associated with visual detection, currently there is a great
deal of work and research on the development of automated systems for inspection and
analysis of radiographs. Some of the important achievements in this area are presented
below. To date, there are no satisfactory results that allow the detection of the weld dis-
continuities without false alarms.

2.3.1 Method of Gayer et al.

Gayer et al. [11] proposed a two-step process for the automatic recognition of welding de-
fects through radiography. This method tried to imitate the way a human inspector inspects
radiographs: first, a general glance with coarse resolution, followed by fine focusing on

defective regions.

The first step was a fast search for potential defects in the X-ray image. Based on the
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principle that a defect was characterized by relatively irregular behavior of the gray levels
in the X-ray image, two different algorithms were developed for the fast search procedure:
calculation of the relative contribution of high frequencies and calculation of a derivative
function. The spectrum of the X-ray image was determined with the help of a fast Fourier
transformation, which was calculated either row by row or column by column in little

32 x 32 windows. When the sum of the higher frequencies of a window was greater than
a given threshold value, the entire window was marked as potentially defective. Another
possibility was suggested by the authors as part of this task: a window was selected as
potentially defective when the sum of the first derivative of the rows and columns of a
window was large enough. The second step was identification and location of true defects.
Only those regions which were previously classified as being potentially defective were
studied here. It could be accomplished either by comparing defects with known defects’
templates, or by thresholding the image. The first lead to a matching between the potential
defect and typical defects which were stored in a library as templates. Whenever a large
resemblance between the potential defect and a template was found, the potential defect
was classified as a true defect. The second algorithm estimated a defect-free X-ray image
of the test piece by modeling every line of an interpolated spline function without special
consideration for the potentially defective region. Following this, the original and the
defect-free images were compared. True defects were identified when a large difference
occurs compared to the original input image.

Gayer’'s method only works well for the defects types which are included in the template
set but would fail when presented with defects type or shape not represented.

2.3.2 Methods Based on Neural Networks

Lawson and Parker [12] proposed to apply neural networks to automate detection of de-
fects in radiographic images. The method generated a binary image from the test image.
The authors used a multi-layer perceptron network trained to segment the image. The
backpropagation technique was used to train the weights within the network. The method-
ology adopted comprised two stages. The first stage was the segmentation of the weld
from the background content of the radiographic image. The training of the network was
achieved with a weld template. A three layer perceptron was used for the network archi-
tecture. The input to the network comprised 6 elements: horizontal and vertical image
position, local mean, median, maximum pixel value and actual pixel value. The network
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was subjected to a maximum of 40,000 training samples from the three images. The sec-
ond stage was the segmentation of defects from the weld region. A network with two
hidden layers was trained on a test set of image data previously segmented by a conven-
tional adaptive threshold method. The optimum network performance was achieved using
50,000 random sets of inputs generated from the training image. The experiment results
on five X-ray images showed that detection using neural networks was superior to the
segmentation method using adapted thresholds.

Nafad [13] proposed the application of neural network in the edge detection of X-ray
images containing defects of welding. They designed a network window classifier which
classified the central pixel of a relatively small area in the image. To extract the edges,
the window must slide, pixel by pixel, over the entire image. Then, the input layer of the
network corresponded to the portion of image covered by the window (3x3). Therefore,
the neural network had 9 neurons receiving the gray-scale values of pixels composing the
square window. The output layer contained one neuron whom the state identified the edges
from the background and created the segmented image.

Zscherpel [14] [15] [16] applied a neural network to detect the cracks in welds. They
extracted features using morphological, derivative-of-Gaussian, Gaussian weighted image
moment vector, FFT and wavelet based filters, and subsequent classified using backprop-
agation neural networks to detect the crack.

The obtained results showed the effectiveness of using neural networks to detect defects
in X-ray images. However, the inconvenience of the method based-on neural networks is
that there are no accurate rules for the option of the hidden layers number and the neurons
number in each layer. Also it needs big training sets. Also, they do not provide much
insight in comparision with other nonlinear repression technique.

2.3.3 Method of Zhao

Zhao [17] presented a method for defects detection in a weld line. The entire algorithm
consisted of three steps: image enhancement, defects location and defects detection. The
proposed low-level image processing method included image enhancement, edge detection
and region growing. The defects’ were located by detecting the change of the gray level.
But due to the disadvantage of edge detection used in the noise image, the edge cannot
present the exact feature of the image. Hence, a region growing method was followed
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by using gradient map to ensure the growing direction. After the process, the result was
not ideal enough, so a fine detection was required. The proposed fine detection was a
combination of k-means and MRF. Since the background of the image changed greatly
from one place to the others, the means of the defects and the background had to be decided
in each area. The k-means provided the mean values of the defect and the background in
the small area. Furthermore, the MRF could be used.

Zhao's method is only based on gray level. When the size and contrast of a defect are both
large enough, the computers can find it quite correctly. But when the contrast and the size
are both small, the defect will be missed by the computer system.

2.3.4 Background Subtraction Methods

Hyatt et al. [18] presented a multiscale method for segmenting flaw indications from the
background radiographic images. The method was designed to remove the overall back-
ground structure while reserving the defect details.

Liao and Li [19] proposed a welding flaw detection approach based on curve fitting. The
key idea of this work was to simulate a 2D background of a normal welding bead charac-
terized by low spatial frequencies in comparison with the high spatial frequencies of the
image of the defects. Thus, a 2D background was estimated by fitting each vertical line
of the weld to a polynomial function. Then, the obtained image was subtracted from the
original image. The defects were detected where the difference was considerable. The
whole process consisted of four parts: preprocessing, curve fitting, profile-anomaly de-
tection and postprocessing. The preprocessing was used to remove the background by
thresholding and normalizing the line images. The threshold value was chosen by observ-
ing the histograms of the scaled images. The curve fitting was used to smooth the profile
by filtering out the local variations. The profile-anomaly detection detected and identi-
fied the anomalies in the tested profiles. The profile anomalies caused by welding defects
was classified into peak-anomaly, trough-anomaly and slant-concave-anomaly. Then the
results obtained from the processed line profiles were put together to generate 2-D flaw-
maps. The postprocessing removed isolated anomalies from the previous step and updated
the flaw-map.

Wang and Liao [20] proposed a fuzzy k-nearest neighbor and multi-layer perceptron neu-
ral network to classify different types welding defects. The whole system consisted five
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parts: noise reduction, contrast enhancement, defect segmentation, feature extraction and
pattern classification. The median filter was used to reduce the radiographic image noise.
The histogram equalization algorithm was applied to enhance the contrast. Defect segmen-
tation was applied to extract defects from the background using the background subtrac-
tion method and the histogram thresholding method. Then features used for classification,
distance from center, circularizes, compactness, major axis, width and length, elonga-
tion, Heywood diameter and average intensity and standard deviation of intensity, were
extracted. Finally the k-nearest neighbor and the three layer perceptron neural network
classifiers were used for classification. Two approaches were compared using the statisti-
cal bootstrap method. The results indicate that the multiplayer perceptron neural network
is superior to the k-nearest neighbor methods.

Subsequently, Liao [7] developed a fuzzy expert system for the classification of welding
discontinuities. First, three features, width, the mean square error between the object and
its Gaussian and the peak intensity, were extracted for each object in the line image. Then
the fuzzy rules were extracted from feature data based on a modified fuzzy c-means algo-
rithm. Finally, the performance of the fuzzy expert system was compared with the multi-
player perceptron neural network. If appropriately designed, the fuzzy c-means algorithm
yields better performance than a multiplayer perceptron neural network.

Background subtraction method only works well when contrast between defects and back-
ground is large enough. But when the contrast is low, the defect can not be extracted using
this method.

2.3.5 Defect Recognition using Statistical Classifiers

A method for automated recognition of welding defects was proposed by Silva et al. [21].

In the first step, the median filter and contrast enhancement technique were used to im-
prove the quality of X-ray image. Then the potential defects were segmented in the X-ray
image. Geometric and gray value features (contrast, position, aspect ratio, width area ra-
tio, length area ratio and roundness) were extracted. The most relevant features were used
as input data on a linear discriminant classifier.

Sofia and Redouane [22] presented a method for automated recognition of welding de-
fects using a k-nearest neighbor classifier. The detection followed a pattern recognition
methodology: i) Segmentation: regions of pixels were found, and isolated from the rest
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of the X-ray image using a watershed algorithm and morphological operations (erosion
and dilation). ii) Feature extraction: the regions were measured and shape characteristics
(diameter variation and main direction of inertia based on invariant moments) were quanti-
fied. iii) Classification: the extracted features of each region were analyzed and classified
using a k-nearest neighbor classifier. According to the authors, the method achieved a
good detection rate.

Mery [23] proposed automatic detection of defects using texture features and statistical
classifiers. The proposed method followed three steps: segmentation of potential flaws,
feature extraction and classification. The first step was segmentation. The laplacian of
gaussian (LoG) edge detector was used. This LoG filter searched for changes in the gray
values of the image, thus identifying zones delimited by edges that indicate flaws. How-
ever, this filter was noise sensitive. After the edges were detected the closed regions were
considered as potential flaws. The second step was feature extraction. Two group texture
features, features based on the cooccurrence matrix and features based on Gabor functions
were analyzed. Features based on the cooccurrence matrix gave a measurement of how
often one gray value would appear in a specified spatial relationship to another gray value
on the image. Features based on 2D Gabor functions presented an appropriate choice
for tasks requiring simultaneous measurement in both space and frequency domains. The
last step was classification. The most relevant features were analyzed and classified using
statistical classifiers. The polynomial, Mahalanobis and nearest neighbor classifier were
analyzed.

Statistical classifiers can recognize defects well after defects are segmented from back-
ground successfully. However, most defects in the specimen used by these researchers are
a bit larger than that could be described as fine defects which is of most concern.

In order to compare these methods better, a quantitative comparison quoting reported sen-
sitivity and specificity values for each method as well as database sizes are summarized in
Table 2.1. However, the direct comparison of performance levels is not possible because
of the different databases used.

2.4 Texture

Texture is one of the most commonly used features used to analyze and interpret images.
It is a measure of the variation of the intensity of a surface, quantifying properties such
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Table 2.1: Comparison of different classifier

Method Detection Rate | Minimum Database Size
Width of defect
Method of Gayer, 100% 5 4 images with 4 defects
et al.
Method based-on 94% / 2314 regions of interest
neural networks cut out of several im-
ages
Method of Zhao | 83% 10 8 images with 52 det
fects
Background sub: 93% / 24 images with175 de-
traction method fects
Defect recog- 91% 15 1 image with 198 de;
nition using fects
statistical classi-
fiers

as smoothness, coarseness, and regularity. The texture feature is a value, computed from
the image of an object, which quantifies some characteristics of the gray level variation
within the object. It gives information about the distribution of the gray values in the
image. Normally, the texture feature is independent of the object’s position, orientation,
size, shape and average gray level. It is difficult to use texture information for any practical
application in image processing unless we can somehow quantify it. There are four general
approaches to texture quantification, the use of each of which may have advantages and
disadvantages for particular applications. Statistical, structural, spectral and model-based
methods are more or less suitable for individual problems and their suitability originates
from the nature of the problem. In this section, a brief description of these major texture
evaluation methods is given.

2.4.1 Statistical Methods

A very popular class of methods for texture description and analysis uses measures that
arise from the statistical processing of the pixels’ gray-scale values. We can distinguish
two different categories of statistical methods, which differ in the preprocessing applied to
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the pixel values prior to the extraction of features.

Direct Measurement

This group of methods directly uses the statistics of the gray level values of the image pix-

els in order to derive textural features. Probably the most popular tool for the computation

of statistical textural features is the co-occurrence matrix (or spatial gray level dependence
matrix SGLDM), introduced by Haralick in 1973 [24], which will be presented in detail

in section 5.2.1.

The neighborhood gray tone difference matrix (NGTDM) was introduced in [25]. The
matrix is in fact a vectof with size equal to the number of gray level values in the image.

If Aisthe average gray level intensity in the neighborhood of a pixel with gray level value
of 4, the this pixel contributes the amount— A| to the elemens(i). The values in the
NGTDM are a measure of the deviation of the gray level of image pixels from the average
gray level around them. In fine textures, the matrix will have high values, while in coarse
textures will have low values. From the NGTDM, it was suggested that five features may
be calculated: coarseness, contrast, "business”, complexity and strength [25].

A similar concept is the basis for the gray level difference matrix(GLDM), which is a
vector R defined for various pixel distancdsaind angled. If a pixel with gray level value

1 Is at distancel andd from a pixel with gray level valug, its contribution to GLDM
matrix R, 4 is to increment by the value dt,;4(|i — j|) [26].

Other statistical features derived directly from the image under examination include those
related to image edges and the length of primitives (run length) [27]. One can examine
the gradient image produced via application of an edge detector to the original and extract
a variety of features related to the magnitude, frequency, directives and other properties
of the edges [28]. Run length measurements [27] [28] may also generate a number of
features useful for texture-based classification. The run length is measured as the number
of pixels along a particular direction which lies within a gray level margin around the value

of the starting pixel. Obviously, the run length is direction-dependent and has high values
in coarse textures and low values in fine textures.

In [26], it was shown that the co-occurrence matrix method provides a more robust de-
scription of an image texture than do the GLDM, the run length method and the power
spectral density method [29], which examines the Fourier power content of image regions
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and belongs to another category of texture description methods, the spectral methods dis-
cussed in the next section.

Measurement Following Linear Filtering

The purpose of these methods is to enhance some characteristics of the texture, before
actually measuring them. To this end, the image is first convolved with a number of
small rectangular filters. The size of the filters determines how "local” the result of each
convolution may be used as a feature itself, while secondary features may be extracted as
well, such as the variance of values in a pixel neighborhood.

The main problem that needs to be addressed when local linear filtering is used is the
choice of the filters. It has been shown [30] that the filters that perform optimally are
those implementing the Karhunen-éwe transform. However, in order to obtain opti-
mality these filters must differ from texture to texture. This renders them unpractical,
especially in cases where there is no prior knowledge of the examined textures. Instead,
other substitutes have been proposed which approximate the Karhuega-transform

and have been shown to work well with a variety of textures. Among these are the discrete
cosine and sine transforms and the discrete hadamard transform [30]. Their implementa-
tion is quite simple and various features may be produced from them.

A more empirical approach to the same problem was presented by Laws in [31]. Even
though the reasoning followed by Laws is very different to the one leading to the discrete
transform mentioned above, the similarity between the resulting masks is obvious.

2.4.2 Structural Methods

This category of texture quantification methods assumes the existence of texture primi-
tives, which are combined with each other using placement rules to produce higher level
texture structures. The quantification methods attempt to detect the primitives as well as
the associated rules [32].
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2.4.3 Spectral Methods

This category method is associated with the measurement of the spatial frequency content
of the image. These approaches are somewhat similar to structural methods in the sense
that a texture generated by a set of textural primitives will have high spectral content at
spatial frequencies inversely proportional to the size of the primitives.

A common spectral method in texture analysis is the use of the autocorrelation of an image
or image region [33]. When a coarse texture is examined, the autocorrelation value drops
slowly with distance, and vice versa for fine textures. In general, the variation of the au-
tocorrelation function indicates the extent of periodicity as well as the order of the size of
any primitives in an image. The autocorrelation function and the power spectral density of
an image form a Fourier transform pair. This leads to the use of the 2-D Fourier transform,
either in the form of the discrete fourier transform (DFT), or the fast fourier transform
(FFT) for the determination of textural features. Such processing may provide the princi-
pal directions of the primitives and the main frequencies contained within them [34].

The 2-D Fourier transform may also be applied in a selected window of an image. Some
researchers have used frequency-related techniques in windows inside the images to lo-
calize the frequency content in space and locally characterize texture. These techniques
are known as discrete image transform techniques. Among these efforts, we mention the
use of the 2-D Gabor filters [35], which are meant to simulate the physiological function
of human vision and 2-D wavelet transform. The 2-D Gabor filters will be presented in
detail in section 5.2.1. There is a close relation between such frequency-related textures
analysis methods and the statistical methods using linear filtering. Indeed, the former may
be considered as a subset of the latter if they are regarded at a particular scale.

2.4.4 Model-based Methods

Model-based methods assume that texture is the result of underlying processes and they
aim at identifying these processes and their parameters. We briefly review some model-
based methods in this section.

First, there are the random field (RF) models, which consider the gray-scale values of an
image pixell (z) as a linear combination of the gray-scale of its neighboring pikels,
plus a noise component:
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I(z) =) h@)I() + n(z) (2.4)

r’eN

where N is the neighborhood of andn(x) is the noise component. For a given image

and for a given class of an RF model, what needs to be done is to estimate the model
coefficientsh(z’), as well as other parameters of the model, which is usually done using
the least squares method, even though other methods exist. Examples of classes of RF
models that have attracted attention in the past are Gaussian Markov random fields [36],
autoregressive [37] and long correlation models [38].

Another group of model-based methods are those relying on fractal analysis of images.
This kind of analysis is suitable for textures which are at some degree self similar in
different scales, meaning that their primitives can be decomposed to a set of their own
scaled-down copies.

2.5 Statistical Learning Theory

The statistical learning theory, was introduced in the late 1960’s. Until the 1990’s it was
a purely theoretical analysis of the problem of function estimation from a given collection
of data [39]. It views a supervised classification problem as an input-output relation-
ship [40] [41] [42]. In the case of a two-class classification problem, an algorithm learns
from a given set of: training samples(xy, y1), ..., (zx, yx), x; € R", y; € {—1,+1},
which are drawn from a fixed but unknown cumulative (probability) distribution function
P(x,y), wherex is anN-dimensional observed data vector apé a class label assigned

to each data vectoR is the set of all real numbers. A decision rule or classification rule is
represented byf,(x) : a € A}, f, : R* — {—1,+1}, whereA is the set of parameters
used in the decision rule [43]. For example, in a multilayer neural netwbrik, st of
weights of the network.

The aim of classification is to assign the class lapdbased on the training samples
and a decision rulg,, that provides the smallest possible error over the independent (or
unknown) data samples or the smallest possible expected risk defined as,

R(a) = / L(y, fa(x))dP(x, ) (2.5)
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The functionf,, is called the hypothesis. The sgf,x) : « € A} called the hypothe-

sis space [43], and.(y, f.(x)) is the loss or discrepancy between the respanséthe
supervisor or teacher to given inpxitand the responsg, (x) provided by the learning
machine. In other words, the expected risk is a measure of the performance of a decision
rule that assigns the class laheto an input data vectax. However, evaluation of the
expected risk is difficult, since the cumulative distribution functi®fx, y) is unknown

and thus one may not be able to evaluate the integral in Equation (2.5). The only known
information is contained in the training samples. Therefore, a stochastic approximation of
the integral in Equation 2.5 is desired that can be computed empirically by a finite sum
given by,

| =

k
Remp<a) - ZL(yzafa<Xz)> (26)
=1
This sum is known as the empirical risk. The valg,,(«) is a fixed number for a given
« and a particular training data set.

2.5.1 Empirical Risk Minimization

Based on the law of large numbers [44], the empirical mean of a random variable con-
verges to its expected value if the size of the training samples is infinitely large. This
remark justifies the use of empirical rigk,,,, () instead of the risk functio®(«). How-

ever, convergence of the empirical mean of the random variable to its expected value does
not imply that the valuex that minimizes the empirical risk will also minimize the risk
function R(«). If convergence of the minimum of the empirical risk to the minimum of
the expected risk does not occur, this principle of empirical risk minimization is said to
be inconsistent. In this case, even though the empirical risk is minimized, the expected
risk may be high. In other words, a small error rate of a learning machine on the training
samples does not necessarily guarantee high generalization ability (i.e. the ability to work
well on unseen data). This situation is commonly referred to as overfitting. Vapnik and
Chervonenkis [45] [46] have shown that consistency occurs if and only if convergence in
probability of the empirical risk to the expected risk is substituted by uniform convergence
in probability. Note that convergence in probability®f«) means that for any > 0 and
forandn > 0, there exists a numbép = &y (¢, ) such that for any > K, the inequality
R(ax) — R(ap) < e holds true with a probability of at least- 7 [39]. ¢ is a small number
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andn is referred to as the level of significance-similar to thealue in statistics. Uniform
convergence in probability is defined as

klim Pr(sup |R(a) — Remp()| > €) — 0, Ve (2.7)

—0 aeN
where “sup A” is the supremum over a nonempty deand is defined as the smallest
scalarz such thatr > y for all y € A. Uniform convergence is necessary and sufficient
condition for the consistency of the principle of empirical risk minimization.

Vapnik and Chervonenkis [45] have also shown that necessary and sufficient condition
for the consistency amounts to the fitness of the VC-dimension in the hypothesis space.
The VC-dimension is a measure of the capacity of a set of classification functions or the
complexity of the hypothesis space [47]. The VC-dimension, generally denotédiby

an integer that represents the largest number of data points that can be separated by a set
of functions f,, in all possible ways. For example, for a binary classification problem,

the VC-dimension is the maximum number of points which can be separated into two
classes without error in all possib® ways. The proof of consistency of the empirical

risk minimization (ERM) can be found in Vapnik [40] [41].

The theory of uniform convergence in probability also provides a bound on the deviation
of empirical risk from the expected risk given by

h log(n)

R(0) < Remple) + (5, =2

) (2.8)

wherek is the number of training samples, and the confidence {eisrdefined by

90(%, logk(n)) =

(2.9)

\/h(logz—,f + 1) — log(n/4)
k

The parameteh is the VC-dimension of a set of classifiers, and the bound in Equa-
tion ??Raemp) holds for anyw € A, andk > h with a probability of at least — 7

such that) < n» < 1. From the bound in Equatio?Raemp), a good generalization per-
formance (i.e. the smallest expected rigky)) can be obtained when the empirical risk

as well as the ration between the VC-dimension and the number of training samples is
small. With a fixed number of training samples, the empirical risk is usually a decreasing
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function of the VC-dimension while the confidence term is an increasing function. This
means that there exists an optimal value of the VC-dimension that can give the smallest
expected risk. Therefore, to obtain accurate classification, the choice of an appropriate
VC-dimension is also crucial.

2.5.2 Structural Risk Minimization

For the selection of an appropriate VC-dimension for a given set of functions, Vapnik [42]
proposed the principle of structural risk minimization (SRM) that is based on the fact that
the minimization of the expected risk is possible by simultaneous minimization of the two
terms in Equation (2.8). The first is the empirical risk term and second is the confidence
term, which depends on the VC-dimension of the set of functions. SRM minimizes the
expected risk function with respect to both the empirical risk and the VC-dimension. To
achieve this aim, a nested structure of hypothesis space is introduced by dividing the entire
class of functions into nested subsets

H cHCc---CH,C--- (2.10)

Each hypothesis space has the property #ta) < h(n + 1) whereh(n) is the VC-
dimension of the sell,,. This implies that the VC-dimension of each hypothesis space is
finite. The principle of SRM can be mathematically represented as

min(Repp(a) + @(ﬁ log(n)

i PRl ) (2.11)

Even though the SRM is mathematically defined, its implementation may not be easy
due to the difficulty in computing the VC-dimension for eal). Only a few models

are known for the computation of the VC-dimension [48]. Thus, the SRM procedure is
to minimize the empirical risk for each hypothesis space so as to identify the hypothesis
space with the smallest expected risk. The hypothesis with the smallest expected risk is
the best compromise between the empirical risk (i.e. approximation of the training data)
and the confidence term (i.e. measure of the complexity of the approximating function).
The SVM algorithm is an implementation that is able to minimize the empirical risk as
well as a bound on the VC-dimension [43].
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Image Preprocessing for Defects
Detection

3.1 Introduction

The gray level of the area in an X-ray image depends on the distance the X-rays pass
through. The longer the X-rays pass through in the metal, the more absorption there will
be. Therefore fewer X-rays reach the film. In this area a lighter part will be obtained on
the film. From Figure 3.1 it can be seen, although the weld-seam is not flat steel, it does
not change sharply.

Film

Figure 3.1:lllustration of the darkness on the film depending on the
thickness the X-rays pass through

Figure 3.2 is part of a whole image. Figure 3.3 shows the pixels’ gray level profile of the
image shown in Figure 3.2. From the curve, it can be seen:

1. The gray level is only in a small range, so although we use 8 bit (256 levels) to
record the image most of the levels are wasted.

2. There are depressions at the defects. But the image also contains significant noise.
The sizes of the noise are small, but the change rates are usually large.

31
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(a) Part of image with porosity defect (b) Part of image with crack defect

Figure 3.2: Part of image with defect

255 255

(a) Gray levels along the line shown in Figure (b) Gray levels along the line shown in Figure
3.2(a) 3.2(b)

Figure 3.3: Gray level profile

Because of these characteristics of radiographic images, in order to find the defects effec-
tively, some pre-adjustments should be processed. In this study, morphological enhance-
ment method and wavelet thresholding are applied to preprocess the radiographic images
and the results are compared with other commonly used methods.

3.2 Contrast Enhancement

Radiographic images usually have poor contrast. The aim of contrast enhancement is to
improve the quality of radiographic images. In the original radiographic images, the dis-
tribution of gray levels is highly skewed towards the darker side. Therefore, it is desirable
to stretch the histogram distribution to a rectangular shape instead of a skewed one. In this
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section, three enhancement methods, morphological enhancement, histogram equalization
and contrast limited adaptive histogram equalization, are investigated.

3.2.1 Morphological Enhancement

Morphological contrast enhancement is based on mathematical morphology theory. Math-
ematical morphology is a topological and geometrical based approach to image analysis.
Mathematical morphology can be defined as the theory for analysis of spatial structures.
It aims to analyze the shape and form of objects using the language of set theory [49].

Morphological filtering is typically defined as grouping different pixels in the images
based on their color, spatial frequency and intensity. Objects in the morphologically pro-
cessed image are usually well identified by a group of pixels that represent the objects
shape. The main morphological filters used in shape reconstruction (grouping different
objects) are erosion, dilation, opening and closing [50] [51].

Morphological operators often take a binary image and a structuring element as input and
combine them using a set of operator. The concepts of erosion and dilation can be ex-
tended to gray-scale images suing the means of threshold decompaosition, which uniquely
represents a gray-scale image as a collection of cross-section, or binary image [34] [52].
A binary image is just a special case of gray-scale image (that is, the number of gray levels
iS two).

The gray-scale erosion of an imagér, y) by a structuring function(z, y), which is also
a gray-scale image, is denoted py b and is defined as

(feb)(st)=min{f(s+t,t+y) —blz,y)|(s+2z),(t+y) € Dg;(z,y) € Dy (3.1)

whereD; and D, are the domains of andb, respectively.

The gray-scale dilation of an imag&zx, y) by a structuring functior(z, y), is denoted
by f & b and is defined as

(f@b)(s,t) = min{f(s —t,t —y) +b(z,y)|(s — x),(t —y) € Dy; (v,y) € Dy (3.2)
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The expressions for opening and closing of gray-scale images have the same form as their
binary counterparts. The gray-scale opening of an inydgey) by a structuring function
b(x,y), is denoted byf o b and is defined as

fob=(fob @b (3.3)

Similarly, the closing off (z, y) by b, denotedf e b, is

feb=(f®b) b (3.4)

The morphological top-hat transform of an imagfe,is defined as the difference between
the original image and the opened image.

th=f—(fob) (3.5)

Similarly the bottom-hat transform of an imagde,, is defined as the difference between
the closed image and the original image.

bh=(feb)— f (3.6)

Morphological contrast enhancement is based on the notion of morphological top-hat and
bottom-hat transform. Top-hat and bottom-hat filters can be used to extract light objects
(or, conversely, dark ones) from a dark (or light) but slowly changing background [53].

We use both the top-hat and the bottom-hat filters on the original image, and combine the
results by adding to the original image the result of the top-hat filter, and subtracting the
result of the bottom-hat. The enhancement process is shown in Figure 3.4.

3.2.2 Histogram Equalization

Currently, the most frequently used technique to enhance the contrast of radiographic
images is histogram equalization (HE). It is based on the assumption that a good gray-
level assignment scheme should have equally distributed brightness levels over the whole
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(a) Original image

(b) Image after using top hat filter

(c) Image after using bottom hat filter

(d) Adding to the original image the result of the top-hat filter

(e) Subtracting the result of the bottom-hat

Figure 3.4: Morphological enhancement process
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brightness scale. Individual pixels retain their brightness order. However, the values are
shifted so that they are equally distributed over the brightness scale. The result of the
brightness transformation should be that the cumulative histogram becomes a straight line.

If G’ is the transformed gray value corresponding to the original gray Valofeany pixel,
the principle of histogram equalization postulates that

+AG - H(G)/N (3.7)

/ 1
- GmM’ Gmax

/
andG, .,

whereAG' = G’

max

represent the upper and lower limits of the
transformed gray values respectively(G) represents the cumulative histogram of the
gray values of the original images, and represents the number of pixels over which the
histogram is taken.

3.2.3 Contrast Limited Adaptive Histogram Equalization

HE transforms image pixels based on overall image statistics. Adaptive histogram equal-
ization (AHE) involves selecting a local neighborhood centered around each pixel, calcu-
lating and equalizing the histogram of the neighborhood, and then mapping the centered
pixel based on the new equalized local histogram [54]. For example, at each pointin an in-
put image we could considetgax 8 window around that point. The 64-element histogram
could then be used to determine a mapping function to histogram equalize that point based
on the neighborhood. Since each point is based on its own neighborhood, the mapping
function can vary over the image.

Contrast limited adaptive histogram equalization (CLAHE) seeks to reduce the noise pro-
duced in homogeneous areas by basic adaptive histogram equalization, and was originally
developed for medical imaging. It has been successful for the enhancement of portal im-
ages [55]. The homogeneous areas can be characterized by a high peak in the histogram
associated with the contextual regions since many pixels fall inside the same gray range.
With AHE, a local histogram is calculated and used to obtain the final value. High peaks in
the histogram lead to large values in the final image because of integration. This problem
can be corrected by limiting the amount of contrast enhancement at every pixel, which is
achieved by clipping the original histogram to a limit. CLAHE is an improved version of
AHE. It can overcome the limitations of standard histogram equalization and AHE.



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

CHAPTER 3. IMAGE PREPROCESSING FORDEFECTSDETECTION 37

3.2.4 Performance Evaluation

The performance of the enhancement is characterized through visual inspection, quanti-
tative measures such as those based on background and detail region variance and com-
parative measures such as image profiles. An experiment comparison is made among HE,
CLAHE and morphological enhancement.

We enhanced the radiographic images by HE, CLAHE and morphological enhancement.
The result of histogram equalization on a typical radiography image can be seen in Fig-
ure 3.5(b). As a digital radiographic image has only a finite number of gray scales, an
ideal equalization is not possible. It causes some pixels with initially different brightness
values to be assigned the same value, and other values to be missing altogether. From
Figure 3.5(b) and Figure 3.6(b), we can see that the histogram equalization enhances the
contrast for brightness values close to maxima in the histogram and decreases contrast
near the minima. That is, it improves the contrast in the image in areas of poor contrast
at the expense of those areas where there is already good contrast. Figure 3.5(b) shows
that histogram equalization in its basic form can give a result that is even worse than the
original image. Large peaks in the histogram can also be caused by large areas of similar
brightness. Frequently these correspond to areas of background, and are essentially unin-
teresting. The effect of histogram equalization on these areas is to enhance the visibility of
noise. The feature of interest in the radiographic images such as defects need enhancement
locally. However, the technique does not also adapt to local contrast requirements; minor
contrast differences can be entirely missed when the number of pixels falling in a particular
gray range is small. Applying contrast limited adaptive histogram equalization on the im-
age in Figure 3.5(a) results in image that can be found in Figure 3.5(c). The local contrast
is largely improved. And the minor contrast differences of defects with background can
be kept. However, the most striking feature of the image is the nonuniform background
that has become more visible. Figures 3.5(d) shows morphological enhancement with a
disk-shaped structuring element. The defect contrast is improved. At the same time, the
background nonuniform is greatly reduced.

The estimate is performed separately in defect regions (defect variance, DV) and in back-
ground regions (background variance, BV) of the radiographic image. We expect reason-
ably high values of DV in the enhanced images, while the BV value should remain low in
order to indicate limited noise amplification.

The defect region of interest (DROI) and background region of interest (BROI) used for
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(a) Original image

(b) Image after histogram equalization

(c) Image after CLAHE

(d) Image after morphological enhancement

Figure 3.5: Contrast enhancement of a radiographic image
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(c) Histogram after CLAHE (d) Histogram after morphological enhancement

Figure 3.6: Histogram of a radiographic image

calculating the DV and BV are highlighted. The contrast to noise ratio (CNR) is also
calculated for quality measurement. It is defined as [56]

0.5(c2 + 0?)
whereyu, ando, are the mean and the standard deviation computed in the DR@hd
oy, are the mean and the standard deviation computed in the BROI.

The data in Table 3.1 summarizes the quantitative measures obtained for the radiographic
image shown in Figure 3.5. The morphological enhancement algorithm shows a moderate
improvement the DV over the HE and CLAHE algorithms. HE maintains the highest noise

amplification. The morphological contrast enhancement is able to enhance the fine details
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of radiographic image without noise emphasis or the over-accentuation of background

tissue. So, we apply this method for image enhancement.

Table 3.1: Performance measures for enhancement of the radiographic image

Enhancement algorithm DV BV CNR
Original 737.007 | 149.6076| 27.8985
HE 739.1787| 175.3282| 26.3685
CLAHE 3027.8 | 351.5897| 65.1050
Morphological enhancement 5338.1 | 449.0186| 90.8885

3.3 Noise Reduction

The common noise sources that corrupt images can be divided into three categories.

1. Firstly, images originally recorded on photographic film are subject to degradation

by film grain noise.

2. Secondly, the conversion of an image from optical to electrical form is a statistical

process since, in reality, each picture element receives a finite number of photons.

3. Finally, electronic amplifiers that process the signal introduce thermal noise.

Considerable efforts have been devoted to modeling noise from these these sources. The

most common source of noise is counting statistics in the image detector due to a small

number of incident particles. The simplest form of spatial averaging is simply to add

together the pixel brightness values in each small region of the image, divided by the

number of pixels in the neighborhood, and use the resulting value to construct a new

image. Since the noise in this image is random due to the counting statistics of the small

number of photons, the improvement in image quality or signal-to-noise ratio is just the

square root of the number of the pixels.

Noisy images may also occur due to instability in the light source or detector during the

time required for scanning or digitizing an image. The pattern of this noise may be quite
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different from the essential Gaussian noise due to counting statistics, but it still shows up
as a variation in brightness in uniform regions of the scene.

In this section, wavelet thresholding is applied to reduce the radiographic image noise and
compared with the median filter.

3.3.1 Discrete Wavelet Transforms

“Wavelet” is a relatively new but rapidly growing area. Basically, it refers to a class of
transforms with an added advantage in its ability in scaling and translating. Just like
“Fourier Transform”, it can act as a filter, which will be shown mathematically later. It is
this behavior that leads to its widely accepted use in vastly different areas. Some of the
areas are image, communication and noise suppression. Given the abundant literature on
basic wavelet theories, one can easily find extensive presentations on the topic of interest.
For example, [57] [58] [59] have now become classics, [60] [61] [62] [63] are popular
books.

In most areas, “Wavelet transform” has taken the place of the early “Fourier transform”
due to its flexibility both in terms of scaling and translation.

In practice, we can compute a wavelet transform only over finitely many scales. This is
because the observed data is limited between a non-zero small (fine) scale and a finite large
(coarse) scale. According to Mallat [64], one can normalize the observable finest scale to
20 = 1, and the coarsest scalezb where.J is dependent on the sample size of the data.

In order to model this scale limitation, we introduce a scaling funcpi@r) and its Fourier
transform®(w) that satisfies almost everywhere:

+oo
Bw)]” =D [T(2w)? (3.9)
j=1

similar to the dilation of a wavelet, the dilated scaling function and its Fourier transform
are given by:
Gos(x) = 2799(27/x) (3.10)

Py (w) = P(2w) (3.11)

The approximation to a functiofi(x) at scale2’ and the Fourier transform of the approx-
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imation are given by:
Sai f(x) = doi * f(x) (3.12)
Sy F(w) = ®(2w)F(w) (3.13)

Consider a finite-scale representation of (3.9),

[2W)IP =D W) +|2(27w)P (3.14)

j=1

By Parseval’s theorem it can be shown that:

J
S (@) = D IWar f(@)[1* + 1182 £ ()] (3.15)

(3.15) shows that a finite-scale wavelet transform represent@dBy f (z)) ;=1 2,..., S2s f(x) }
is an isometry. Itis interpreted as a multiresolution representation. The information lost in
smoothingS,; f to Sy+1 f is stored inWVy; f, called the “detail signal” [59]. The original
signal Sy f can be recovered frorsh,, f by adding details recursively at each scale.

Now consider a sequengé,, } of finite energy, i.e.

“+oo

37 sal? < 00 (3.16)

n=—oo

Mallat has shown that if there exist two constadis,> C; > 0, such that,

—+00
VweR, Cy < ) [B(w+2ka* < C (3.17)

k=—o00

there exists a functioffi(x) € L*(R) such that,

VYneZ, Sxpf(n)=s, (3.18)

(3.18) means that a sequeng,} can be viewed as uniform sampling 65 f(x), the
approximation of some functiofi(z) at scale2” = 1. To generalize this connection, the
uniform sampling sequences of a finite-scale wavelet transforfijzof

{Woi f(n+v))jm12.0, Sarf(n+7)} (3.19)
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are called a discrete wavelet transform (DWT) of the sequérge. Herev andr are
sampling shifts depending on the particular scaling function and wavelet.

The computation of the DWT of a sequence relies on two discrete fileendG. They
are related to scaling function and wavelets by

(w) = H(5)0(3) (3.20)
U(w) = G(5)2(3) (3.21)

whereH (w) andG(w) are2r-periodic and satisfy,

H(0) =1 (3.22)
Hw)?+ | Hw+m)?<1 (3.23)
[HW)]” +Gw)]* =1 (3.24)

3.3.2 Denoising Using Wavelet Thresholding

Wavelet thresholding (first proposed by Donoho [65] [66] [67]) is a signal estimation tech-
nique that exploits the capabilities of wavelet transform for signal denoising and has re-
cently received extensive research attention. This method has great efficiency in preserving
the true underlying data while suppressing noise.

Wavelet denoising attempts to remove the noise present in the signal while preserving the
signal characteristics, regardless of its frequency content. It involves three steps:

1. Calculate the wavelet transform of the image.

2. Threshold the wavelet coefficients by discarding (setting to zero) the coefficients
with relatively small or insignificant magnitudes.

3. Compute the inverse wavelet transform to get the denoised image.

The radiographic image without noise is represented as a two-dimensional gadtrix
{9:;}. The noisy radiographic imade= { f, ;} is modeled as
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fivj = Gij + n; 5 Z7] = ]-7 sy N (325)
where{n; ;} isiid asN (0, ?).

LetY = Wf denote the matrix of wavelet coefficientsfoivhere)V is the two-dimensional
wavelet transform operator. The wavelet decomposition of the radiographic image is done
as shown in Figure 3.7. In the first level of decomposition, the image is split into 4 sub-
bands, namely thé/ H,, HL,, LH, and L L, subband. The&{ H, subband gives the di-
agonal details of the image. THéL, subband gives the horizontal features while the
LL, subband not shown is the low resolution residual consisting of low frequency com-
ponents and it is this subband that is further split at second level of decomposition into
HHy HL,, LHy andL L, subbands.

LL> | HL:

HL:
LH. | HH:

LH: HH:

Figure 3.7: Sub-bands of the 2-D wavelet transform

The wavelet thresholding denoising method filters each coeffidgignfrom the detail
subband with a threshold function to obtaﬁh,j. The denoised estimate is thgn=
WX, whereW—1 is the inverse wavelet transform operator.

Hard thresholding and soft thresholding are two thresholding methods frequently used.
In case of hard thresholding (refer to Figure 3.8(a)),

Y if [Y]> A
D(Y,)\) = (3.26)

0 otherwise

In case of soft thresholding (refer to Figure 3.8(b)), or wavelet shrinkage,

D(Y,\) = sgn(Y)maz(0,|Y]| — \) (3.27)
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(a) Hard thresholding\( = 4) (b) Soft thresholdingX = 4)

Figure 3.8: Hard thresholding and soft thresholding

The soft thresholding rule is chosen over hard thresholding due to the following reasons:
soft thresholding has been shown to achieve near minimax rate over a large number of
Besov spaces [68]. Moreover, it is also found to yield visually more pleasing images.
Hard thresholding is found to introduce artifacts in the recovered images. So, in what
follows, soft thresholding will be the primary focus. We now study two soft thresholding
techniques: VisuShrink and BayesShrink.

VisuShrink

The threshold\;y;v = v21n No (N being the signal lengthy; being the noise variance)

is well known in wavelet literature as the universal threshold. It is the optimal threshold in
the asymptotic sense and minimizes the cost function of the difference between the func-
tion and the soft thresholded version of the same inftheorm sense (i.e. it minimizes
E|Yrhresh — Yorig.|])-

VisuShrink is thresholding by applying the universal threshold proposed by Donoho and
Johnstone [66]. This threshold is given by/21og M whereo is the noise variance and

M is the number of pixels in the image. It is proved in [66] that the maximum of/ny
values i.i.d asV (0, o%) will be smaller than the universal threshold with high probability,
with the probability approaching 1 a¢ increases. Thus, with high probability, a pure
noise signal is estimated as being identically zero.
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BayesShrink

BayesShrink is a subband adaptive threshold computed for each detail subband. In BayesShrir
[68] we determine the threshold for each subband assuming a generalized gaussian distri-
bution (GGD). The GGD is given by

GGy 4(z) = Clox, B) exp—[alox, B)|])’ (3.28)

—0 < x < 00,8 >0,where

alox, B) = oyt {?Ef;gﬂl/z

and

andI'(¢) = [;” e “u''du.

The parameter x is the standard deviation antlis the shape parameter. It has been
observed [68] that with a shape parametaianging from 0.5 to 1, we can describe the
distribution of coefficients in a subband for a large set of natural images. Assuming such
a distribution for the wavelet coefficients, we empirically estimasndo x for each sub-

band and try to find the thresholdwhich minimizes the Bayesian risk, i.e. the expected
value of mean square error.

~

7(T) = E(X — X)? = ExEy|x(X — X)? (3.29)

whereX = nT(Y),Y|X ~ N(z,0%) andX ~ GGx 5. The optimal threshold™ is then
given by
T* (04, B) = arg mTin 7(T) (3.30)

This is a function of the parametess and. Since there is no closed form solution for
T*, numerical calculation is used to find its value.

It is observed that the threshold value set by

0.2

Tplox) = — (3.31)

0Xx

is very close tdl™.

The estimated thresholfl; = ¢%/0 is not only nearly optimal but also has a intuitive
appeal. The normalized thresholfiz /o is inversely proportional tor , the standard
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deviation of X , and proportional torx , the noise standard deviation. Whepfoyxy <

1, the signal is much stronger than the noi%g,/o is chosen to be small in order to
preserve most of the signal and remove some of the noise; wheX > 1, the noise
dominates and the normalized threshold is chosen to be large to remove the noise which
has overwhelmed the signal. Thus, this threshold choice adapts to both the signal and the
noise characteristics as reflected in the parametearsdo x.

The GGD parameters;x and 3, need to be estimated to compudfg(cx). The noise
variances? is estimated from the subbarfl//, by the robust median estimator [68],

Median(]Y;;|)

T T 06745

,Yi; € subbandH H, (3.32)
The parametefi does not explicitly enter into the expression@f(ox). Therefore it
suffices to estimate directly the signal standard deviatign The observation model is
Y = X + V, with signal X and noiséd” independent of each other, hence

oy = o% + 0’ (3.33)
whereo? is the variance of . SinceY is modeled as zero-meas®. can be found empir-
ically by
1 n
A2 2
oy =~ legj (3.34)
1,)=

wheren x n is the size of the subband under consideration. Thus

. &
Tp(0x) = (3.35)
0x
where
ox = \/max(63 — 62,0) (3.36)
In the case thab®> > 62, 6 is taken to be zero, i.€]3(5x) = max(|Yy;]), and all

coefficients are set to zero.

To summarize, BayesShrink performs soft thrsholding, with the data-driven, subband-
dependent threshold.
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3.3.3 Median Filter

Median filtering is a frequently used technology to remove the noise from radiographic
images. A median filter deploys a small mask template, which is ussiadly or 5 x 5.

The template operation may be calculated by either correlation or convolution operators.
The median filter replaces a pixel's gray level with the median value of its neighborhood.

G'(z,y) = median{G(xy,y1)|(x1,y1) is in N(z.y)} (3.37)

whereN (z, y) is the immediate neighbors of the pixXel, y).

The use of weighting kernels to average together pixels in a neighborhood is a convolution
operation, which has a direct counterpart in frequency space image processing. Itis a
linear operation in which no information is lost from the original image. There are other
processing operations that can be performed in neighborhoods in the spatial domain that
also provide noise smoothing. But, these are not linear and do not utilize or preserve all of
the original data.

The most widely used of these methods is based on ranking of the pixels in a neighborhood
according to brightness. Then, for example, the median value in this ordered list can be
used as the brightness value for the central pixel. As in the case of the kernel operation, it
is used to produce a new image and only the original pixel values are used in the ranking
for the neighborhood around each pixel.

The so-called median filter is an excellent rejecter of certain kinds of noise, for instance
“shot” noise in which individual pixels are corrupted or missing from the image. If a
pixel is accidentally changed to an extreme value, it will be eliminated from the image
and replaced by a “reasonable” value, the median value in the neighborhood. A median
filter is able to remove the noise and replace the bad pixels with reasonable values while
causing a minimal distortion of degradation of the image. Of course, the computational
effort required rises quickly with the number of values to be sorted, even using specialized
methods which keep partial sets of the pixels ranked separately so that as the neighborhood
is moved across the image, only a few additional pixel comparisons are needed.

Application of a median filter can also be used to reduce the type of random noise shown
before in the context of averaging. There are two principal advantages to the median
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filter as compared with multiplication by weight. First, the method does not reduce the
brightness difference across steps, because the values available are only those present in
the neighborhood region, not an average between those values. Second, median filter-
ing does not shift boundaries as averaging may, depending on the relative magnitude of
values present in the neighborhood. Overcoming these problems makes the median filter
preferred both for visual examination and for measurement of images.

3.3.4 Comparison of Median Filter and Wavelet Thresholding

Because gray level changing is the main feature of the defects, we need choose a method
that can remove the noise as well as least affect the sharpness of the edges.

Considering the character of each method and the X-ray image character, we compare
following three denoising methods: Median filter; VisuShrink with universal threshold
and BayesShrink with subband threshold.

First, we compare different methods based on the signal-to-noise ratio (SNR) of the de-
noised image. SNR is defined as
var(Y)

B10 mse(Y,Y)

(3.38)

whereY is the original clean image arid is the denoised image.

The three denoised methods are applied to an noised image (refer to Figure 3.9). The
performance of these methods is shown in Figure 3.10. Table 3.2 and Figure 3.10 show
that the SNR of VisuShrink and the median filter is similar. BayesShrink improves the
SNR much more than the other methods.

What is more, gray level changing is the main feature of the defects, the method which can
remove the noise as well as least affect the sharpness of the edges is better. BayesShrink is
more visually appealing and adapts to discontinuities in images better than other methods.

In order to compare these three methods more carefully, the gray level of the pixels along
the line (refer to Figure 3.11) is shown in Figure 3.12. The gradient (first order derivative)
of the gray level along the line (refer to Figure 3.11) is shown in Figure 3.13.

The median filter and VisuShrink can produce smoother images (from curve in Figure
3.12(a), Figure 3.12(b)), and change rate of the gray level and the gradient (the first deriva-
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(&) 256 x 256 image of (b) Noisy version of Lena
‘Lena’ (SNR = 5.63db)

Figure 3.9: Image with noise (Original image of ‘Lena’ from the Internet)

(a) Denoised using Median (b) Denoised using Visu- (c) Denoised using Bayes-
Filter (SN R = 10.32db) Shrink (SN R =10.33db) Shrink (SN R= 11.31db)

Figure 3.10: Performance of the various image enhancement methods on lena

Table 3.2: Signal-to-Noise Ratio of different methods (ref. Figure 3.10)

Method SNR

Noise Lena 5.63db
Median Filter 10.32db
Universal thresholding (VisuShrink) 10.33db
Subband adaptive thresholding (BayesShrink)L1.31db
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(a) X-ray image which includes crack

(b) Denoised using Median Filter

(c) Denoised using VisuShrink

(d) Denoised using BayesShrink

Figure 3.11: Performance of the various methods on an X-ray image with crack
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(a) Median Filter

(b) VisuShrink

(c) BayesShrink

Figure 3.12: Gray level along the line shown in Figure 3.11
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(b) VisuShrink

(c) BayesShrink

Figure 3.13: Gradient of the gray level along the line shown in Figure 3.11
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Table 3.3: The effect comparison of different methods (ref. Figure 3.12, Figure 3.13)

Method Gray Level Change Gradient Change

Change Region Change Rate Change Region Change Rate

Median Filter 25 ~ 215 190 —6.5~ +9 15.5
VisuShrink 25 ~ 215 190 -9~ +38 17
BayesShrink 5~ 215 205 -7~ +17 24

tive) (from the curve in Figure 3.13(a), Figure 3.13(b)) is lower. Whereas, the BayesShrink
acquires a little rugged image (from curve in Figure 3.12(c)), but the change rate of the
gray level and the gradient (the first derivative) (from the curve in Figure 3.13(c)) is higher.
Table 3.3 shows these in detail. In image processing, at the edge, the larger the change
rate the better. In Table 3.3, it is obvious that the output of the BayesShrink has a larger
change rate at the edge than other methods. Therefore, subband adaptive thresholding
(BayesShrink) is used in this project.

3.4 Summary

In this study, morphological enhancement and adaptive wavelet thresholding are proposed
to improve the quality of radiographic images. The comparative analysis between the
proposed methods and currently frequently used methods has showed the effectiveness of
these methods. They show promising results on radiographic images. The morphologi-
cal enhancement can not only improve the local contrast of the radiographic images but
also reduce the noise produced in homogeneous areas. The adaptive wavelet thresholding
technique can remove the image noise while keeping the sharpness of defects’ edges well.
Therefore, morphological enhancement and adaptive wavelet thresholding can greatly en-
hance radiographic image and they will be helpful for defect recognition.
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Chapter 4

Segmentation of Radiographic Images

4.1 Introduction

Segmentation is a fundamental stage in the automatic welding defects detection system.
Its application can extract potential defects which are subsequently classified. In general,
automated segmentation is often considered as the most difficult task in image process-
ing [69].

Image segmentation is a process in which a region or an object of interest is extracted from
the rest of the image. It provides the most fundamental way to extract useful features for
further image analysis and scene interpretation. Mathematically, by using the definitions
in Equation 4.1, segmentation can be expressed in the following way:

UN R =1

RNR,=0 VYi#m

P(R) =True forl=1,2,...,N

P(R,UR,,) = False Yl #m (4.1)
U : Union

N : Intersection

Where,! is the set of all image pixeld?(.) is a uniformity predicatelN is the number of
segmented regions aqd,, R, Rs, ..., Ry} represents the segmented regions.

Segmentation, separation of defects from the background, is important for defect recog-
nition. In the radiographic image, the defects are all quite small and their positions are

55
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random. Some defects are not as dark as some part of the background. So, it is difficult to
segment the radiographic image using conventional segmentation methods. In this study,
two new segmentation methods are proposed to segment radiographic images. One is mul-
tiscale edge detection based on wavelet transform. The other is multi-level thresholding
based on maximum fuzzy entropy and genetic algorithm.

4.2 Conventional Segmentation Methods

In this section, we investigate defect segmentation using conventional image segmentation
methods. The segmentation problem can be approached with different methods, which
generally can be classified into three main methods [70] [71] [72] [73], namely,

1. Threshold techniques
2. Edge-based methods

3. Region-based methods

4.2.1 Thresholding techniques

Thresholding is a particularly useful region-approach for scenes containing solid objects
resting upon a contrasting background [69]. When using a threshold rule for image seg-
mentation, one assigns all pixels at or above the threshold gray level to the object. All
pixels with gray level below the threshold fall outside the object. The boundary is then

that set of interior points, each of which has at least one neighbor outside the object.

1, if f(z,y)>T
0, if f(x,y)<T

whereT is the threshold.

Thresholding works well if the objects of interest have uniform interior gray level and rest
upon a background of different, but uniform, gray level [69].

Thresholds are either global or local. The global thresholding uses a fixed threshold for all
pixels in the image and therefore works only if the intensity histogram of the input image
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contains neatly separated peaks corresponding to the desired subject(s) and background(s).
Figure 4.1 shows some typical histograms along with suitable choices of threshold. If dis-
tinct peak does not exist, then it is unlikely that simple thresholding will produce a good
segmentation. In this case, adaptive thresholding may be a better choice. Local threshold-
ing, on the other hand, selects an individual threshold for each pixel based on the range of
intensity values in its local neighborhood. This allows for thresholding of an image whose
global intensity histogram does not contain distinctive peaks. Adaptive thresholding typi-
cally takes a greyscale or colorimage as input and, in the simplestimplementation, outputs
a binary image representing the segmentation. For each pixel in the image, a threshold has
to be calculated. If the pixel value is below the threshold it is set to be the background
value, otherwise it assumes the foreground value.

Pixcl T Pixcl
Count I Count
I
I
A} | B}
I
I
Pixcl Intcnsity ' ' Pixcl Intcnsity Pixcl Intcnsity

Figure 4.1:A) shows a classic bi-modal intensity distribution. This image can be
successfully segmented using a single threshold T1. B) is slightly more
complicated. Here we suppose the central peak represents the objects
we are interested in and so threshold segmentation requires two thresh-
olds: T1 and T2. In C), the two peaks of a bi-modal distribution have
run together and so it is almost certainly not possible to successfully
segment this image using a single global threshold

The histogram can indicate an appropriate threshold for the segmentation of the desired
object. For images with distinct objects and background, the histogram will be bimodal.
Thus, the global threshold level can be chosen as the gray level that corresponds to the
valley of the histogram. From the Figure 4.2 we can see that it is difficult to choose a
global threshold to extract the defects from the background for the radiographic image.
We need to find an optimal gray level threshold to separate defects from the background.
Optimal thresholding methods depend on the maximization or minimization of a merit or
performance function. If assumptions are made about the shape of the histogram, a model
can be comprised as the sum of several component distributions. However, some defects
still can not be segmented using an optimal threshold as shown in Figure 4.3.
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(a) Image after preprocessing

16000

14000

12000 |

10000 |

8000

6000 -

4000

2000

100 150 200 250

(b) Histogram of the image

Figure 4.2: Histogram of a radiographic image with porosity defects
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g R RO

(a) Image after preprocessing

(b) segmentation result using a optimal threshold

Figure 4.3: Segment the radiographic image using the optimal threshold

4.2.2 Edge-based methods

Edge detection is one of the most commonly used operations in image analysis, and there
are probably more algorithms in the literature for detecting edges than for any other tasks.
The reason for this is that edges form the outline of an object. An edge is the boundary
between an object and the background, and it also indicates the boundary between over-
lapping objects. This means that if the edges in an image can be identified accurately, all
of the objects can be located and basic properties such as area, perimeter, and shape can
be measured.

Edge-based methods are based on the postulate that the pixel values change rapidly at the
edge between two regions. The detection of the defects is based on gray level changing. So
the edges contain the most information. There are many ways to perform edge detection.
The most common ways may be grouped into two categories: Laplacian and gradient.

The Laplacian method searches for zero crossings in the second derivative of the image to
find the edges. The Laplacian is a scalar second-derivative operator for functions of two
dimensions. It is defined as
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) 0? 0?
= — 4.
Vef(z,y) 8x2f<x’y)+8y2f(x’y) (4.3)

Itis commonly approximated digitally by either of the convolution kernels shown in Figure
4.4.

0 -1 0 -1 -1 -1
-1 +4 -1 -1 +8§ -1
0 -1 0 -1 -1 -1

Figure 4.4: Laplacian convolution kernels

Since it is a second derivative, the Laplacian will produce an abrupt zero- crossing at an
edge. The Laplacian is a linear, shift-invariant operator, and its transfer function is zero at
the origin of frequency space. Thus, a Laplacian-filtered image will have zero mean gray
level.

If a noise-free image has sharp edges, the Laplacian can find them. The binary image that
results from thresholding a Laplacian-filtered image at zero gray level will produce closed,
connected contours when interior points are eliminated. The presence of noise, however,
imposes a requirement for low pass filtering prior to using the Laplacian.

Figure 4.5:The Laplacian-of-Gaussian filter(a) Impulse re-
sponse; (b) Transfer function

A Gaussian low pass filter is a good choice for this pre-smoothing. Since convolution is
associative, the Laplacian and Gaussian impulse responses can be combined into a single
Laplacian of Gaussian (LoG) kernel:
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1 22 4y? 1 T

—V? e zme? = 1— e Zno? 4.4

27 o? 7r04( 2mo? ) (4.4)

This impulse response is separableciandy and thus can be implemented efficiently. It

has the shape of the impulse response of a general band pass filter, namely a positive peak
in a negative dish (Figure 4.5). The parameteontrols the width of the central peak and,

thus, the amount of smoothing.

The gradient method detects the edges by looking for the maximum and minimum in the
first derivative of the image, including Robert, Prewitt and Sobel edge operators.

Robert Edge Operator

One local differential operator for finding edges is the Robert edge detector [74]. It con-
sists of two derivatives at right angles, estimated digitally as the difference between pairs
of pixels. These two differences are the first derivative of brightness in two perpendicular
directions and each orients at 45 degrees to the principal grid of points. Being first deriva-
tives, they are not directly suitable for use as an edge detector. But if they are combined as
\/W, then it is an even power, and also a single value that combines both directions
SO as to give a uniform response to an edge in any direction.

Figure 4.6: Robert edge operator

Furthermore, itis also possible to determine the orientation of the local edge. The direction
of maximum gradient in brightness is given by

tanfl(Dz/Dl) - 7'['/4 (45)
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and the edge is at right angles to this direction.

This method suffers from several practical drawbacks. First, the square root function
is a demanding one for the computer (recall that this operation must be performed for
every pixel in the image). This is sometimes overcome by using various approximations
or shortcuts. For instance, it is not really essential to use the square root to determine
the function’s maxima, since the sum of squares will do as well. An even more drastic
simplification is to use the maximum value of the two derivatives, which avoids all of the
arithmetic. However, this makes the detector significantly more sensitive to edges in the
45 degree directions than to those aligned with the pixel grid.

Prewitt Edge Operator

The two convolution kernels shown in Figure 4.7 form the Prewitt edge operator [34].
Each point in the image is convolved with both kernels, and the maximum determines the
output. The Prewitt operator likewise produces an edge magnitude image.

-1 -1 -1 +1 0 -1
0 0 0 +1 0 -1
+1 +1 +1 +1 0 -1

Figure 4.7: Prewitt edge operator

Sobel Edge Operator

Sobel’s algorithm is a nonlinear edge detection method [72]. It is an example of an algo-
rithm with complex mathematical underpinnings that is rather simple to implement. The
two convolution kernels shown in Figure 4.8 form the Sobel edge operator. As with the
Prewitt edge operator, each point in the image is convolved with both kernels. One kernel
responds maximally to a generally vertical edge and the other to a horizontal edge. The
maximum value of the two convolutions is taken as the output value for that pixel. The
resultant image is an edge magnitude image.
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-1 -2 -1 -1 0 +1
0 0 0 -2 0 +2
+1 +2 +1 -1 0 +1

Figure 4.8: Sobel edge operator

Canny Edge Detector

The Canny edge detector [75] is an edge detection method that is optimal for step edges
corrupted by white noise. Canny used three criteria to design his edge detector: 1. Low
error rate. Error includes misdetection and false alarm. 2. The edge points are well
localized. 3. Single response to an edge. Unfortunately, there is always a trade-off between
detection and localization for conventional gradient-based edge detectors, that s, the larger
the mask, the more correct edges are detected, while larger edge location deviation results.
To balance these two criteria, Canny designed a numerical optimization model to calculate
the parameters of the detector. While in practice such optimization is hard to achieve, he
approximated the optimal detector by the first derivative of a Gaussian, which provides a
significant improvement of computation efficiency.

To quantify these criteria, the following functions are defined:

SNR(f) = Alfw f@dx‘ (4.6)
Noy/ fjv?// fA(x)dw
Localization(f) = AlSO)l (4.7)

ng fjvv;/ [ (x)d

where A is the amplitude of the signal? is the variance of noise anf{z) is the filter
for edge detectionSN R defines the signal-to-noise ratio afdcalization defines the
localization of the filterf (z).

Suppose forming a spatially scaled filterfrom f, wheref,(z) = f(z/s). we get the
following "uncertainty principle”:

SNR(f,) = VsSNR(f) (4.8)
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o 1 o
Localization(fs) = TLocalzzatzon(f) (4.9)
S

That is, increasing the filter size increases the signal-to-noise ratio but also decreases the
localization by the same factor. This suggests maximizing the product of the two. So the
object function is defined as:

| Pwr@a] )
VIS e [ fe(a)ds

J(f) (4.10)

The optimal filter that is derived from these requirements can be approximated with the
first derivative of the Gaussian filter,

T _ _z_
flz) = ——e 22 (4.12)
o
The choice of the standard deviation for the Gaussian filtedepends on the size, or
scale, of the objects contained in the image. For images with multiple size objects, or
unknown size one approach is to use Canny detectors with differemities. The outputs

of the different Canny filters are combined to form the final edge image.

The algorithm of the Canny detector can be described by three steps:

1. Calculate a mask of the first derivative of a Gaussian as the approximation of the
optimal mask, filter the image with this mask.

2. Non-maximum suppression in a direction perpendicular to the edge is applied, to
retain maxima in the image gradient.

3. Weak edges are removed using thresholding. The thresholding is applied with hys-
teresis, or double threshold. The high threshold is used to find 'seeds’ for strong
edges. These seeds are grown into an edge in both directions as long as possible, so
long as you can do this without the edge strength falling below the low threshold.
This reduces streaking in the output edges.

The performance of these edge-based methods is shown in Figure 4.16. It is clear from
Figure 4.16(b) that LoG misdetects some edges and is noise sensitive. The reason is that
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(a) Image after preprocessing (b) LoG edge operator

(c) Roberts edge operator (d) Perwitt edge operator

(e) Sobel edge operator (f) Canny edge operator

Figure 4.9: Performance of conventional edge detection methods

the Laplacian is a good high-pass filter, but not a particularly good tool for demarcating
edges [76]. In most cases, boundaries or edges of features or regions appear at least locally
as a step in brightness, sometimes spread over several pixels. The Laplacian gives a larger
response to a line than to a step, and to a point than to a line. In an image that contains
noise, typically present as points varying in brightness due to counting statistics, detector
characteristics, etc., the Laplacian will show such points more strongly than the edges or
boundaries that are of interest. So, LoG is not a appropriate edge detector for radiographic
image.

The result shows that the Robert edge operator can not detect most of the edges of an X-
ray image. In fact, the Robert edge operator calculates the edge parameter between pixels
rather than aligns with the pixel grid, and by using the difference between pairs of pixels.
So, it is rather sensitive to any noise present in the image. The Perwitt and Sobel edge
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operators have better results than the Robert edge operator, however, they lost some defect
edges and are sensitive to the noise. So, the gradient detectors are not good choice for
radiographic images.

The canny edge detector is a fast robust detector for detection edges in X-ray image, it
can detect most all of the edges of defects. However, it can not distinguish between noise
and edges well. Adjusting the high and low thresholds, the mask size and the Gaussian
parameter is also troublesome.

4.2.3 Region-based methods

Region-based segmentation looks for uniformity within a sub-region, based on a desired
property, e.g. intensity, color, and texture. Clustering techniques encountered in pattern
classification literature have similar objectives and can be applied for image segmenta-
tion [77].

Region-based methods rely on the postulate that neighboring pixels within the one region
give similar valleys. This leads to the class of algorithms known as region growing of
which the "split and merge” technique [78] is probably the best known. The general pro-
cedure is to compare one pixel to its neighbors. If a criterion of homogeneity is satisfied,
the pixel is said to belong to the same class as one or more of its neighbors. Various
homogeneity criteria have been investigated for region growing.

One of the most current regions growing methods is single linkage. It considers pixels as
vertices in a graph. Neighboring pixels having similar properties are joined by an arc. The
image segments are maximal sets of pixels belonging to the same connected component.
The simplest single linkage scheme is similarly defined in the following way. Pixaisi

p’ are considered as related (we wiit& p') if their gray levelsf(p) and f(p’) are not too
distant. More precisely,

pRYy < [fp)—f@)<a (4.12)

whereq is a fixed threshold.

This technique is attractive due to its simplicity, but the choice nécessitates knowledge
about the gray levels of the processed image to obtain good results.
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On its own, R is not an equivalence relation. But the following relation is obtained by
transitivity saturation:

p Rp <= there exists a path p = py,pa, .. .,
pn = P with Vk py R pry1 (4.13)

is an equivalence relation, giving a classification which does not depend on the seed’s
position in the region. But there is a drawbagk® p’ does not meafy (p) — f ()| < «.

Thus, this method can lead to a disastrous chaining effect especially for images with low
contrast shape boundaries or images with a lighting shift.

In [79], an improvement in simple region growing had been introduced. They replaced
the fixed threshold by a moving threshold(p) generated by the knowledge of the gray
levels in a neighborhoot (p) of pixel p in the following way:

a(p) = Min {|f (p) — f (@)} (4.14)

q€V(p)

Then, two pixels belong to the same region if

[f () = f ()| < Maz {a(p),a ()} (4.15)

In this way, the equivalence relation properties are preserved but the chaining effect can
still occur. In order to prevent overstepping, they consider different solutions, but with the
common drawback that the obtained regions are generally too small.

In global (as opposed to single) linkage region growing, pairs of neighboring pixels are
not compared on the basis of similarity. This method is based on the comparison of the
value of the current pixel with the mean value of an already existing neighboring region.
According to its value and to the mean value of the existing region, the pixel is merged
into one of the regions whose mean is updated. In global linkage region growing, pixels
are assigned to a neighboring region until this region can no longer grow.

Actually, the choice of the homogeneity criterion is critical for even moderate success [80], [81],
and in all instances the results are upset by noise.

In [82], a method known as “seeded region growing” is presented, which is based on the
conventional region growing postulate of similarity of pixels within region, but whose
mechanism is closer to that of the watershed method [69]. Instead of tuning homogeneity
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parameters as in conventional region growing, seeded region growing is controlled by
choosing a (usually small) number of pixels, known as seeds.

Another common approach in region-based segmentation is characterizing statistical uni-
formity of sub-regions using parametric models, so called “statistical estimation”. With
this approach, two sub-regions are considered to be uniform, and consequently merged,
if they can be represented by a single instance of the model, i.e. if they have common
parameter values within a threshold. In practice, the parameters of a sub-region cannot be
observed directly but can only be inferred from the observed data and the knowledge of
the imaging process. In statistical approaches, this inference is often made using Bayess
rule [83] and the conditional PDK I (z, y)|6,,), which presents the conditional probabil-

ity that certain datd (z,y) (or statistics derived from the data) will be observed, given
that sub-region m has the parameter value8,of In typical statistical region merging
algorithms [84], stochastic estimates in the parameter space are obtained for different sub-
regions, and merging decisions are based on the similarity of these parameters.

A limitation of most estimation-based segmentation methods is that they do not explicitly
represent the uncertainty in the estimated parameter values and, therefore, are prone to
error when parameter estimates are poor. A Bayesian probability of homogeneity directly
exploits all of the information contained in the statistical image models, instead of esti-
mating parameter values [85]. The probability of homogeneity is based on the ability to
formulate a prior probability density on the parameter space, and measures homogeneity
by taking the expectation of the data likelihood over a posterior parameter space.

Image segmentation is often approached by “edge-preserving” smoothing operations as
well as the partitioning operation. Edge-preserving smoothing techniques can be classi-
fied roughly two approaches [86]: Markov random field (MRF) including energy-based
methods [87] and diffusion-based methods [88]. Both approaches show similar restora-
tion characteristics because the diffusion-based methods can be viewed as an energy-based
method that uses only the prior energy term at a given temperature [83]. Snyder et al. [89]
proposed an edge-preserving smoothing method for image segmentation based on the tech-
nology called mean field annealing (MFA) [83]. MFA is an energy-based method for find-
ing the minimum of complex functions which typically have many minima [90]. For the
image segmentation problem, a proper energy function is defined intending to keep the
edges and to smooth the rest of areas in the image. The segmentation is performed by
minimizing the energy function using MFA.
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4.2.4 \Watershed Transform

The watershed transform could be considered as a region based segmentation approach. It
is a popular segmentation method coming from the field of mathematical morphology. In
mathematical morphology, an image is usually interpreted as a topographical surface, and
its gray level is considered an altitude. Figure 4.10 illustrates the watershed transformation
performing on a gray-level image. If a drop of water falls on the contour, then it will flow
along a descending path to a local minimum. A collection of pixels on the contour is
defined as the watershed line. The two regions separated by the watershed line are called
the catchment basins. Each catchment basin is associated with a local minimum. In an
image, the contour lines appear in the places where the gray level changes sharply in
comparison with the other pixels of the neighborhood. To ensure the watershed lines will
follow the contour lines in the image, the watershed algorithm is usually applied to the
gradient image. This gradient-based watershed transformation achieves a useful result for
image segmentation. The watershed transformation has several advantages such as closed
contours, non-intersected regions, each region containing a single local extrema (usually
minimum), and the union of all regions and watersheds being the original whole surface.

catchment basins: regions

catchment basins:
regions

watersheds:
contours

L

Figure 4.10:Watershed transformation on gray-level image. Each
catchment basin contains single local minima. The bold
line indicates the watershed line that corresponds to the
contour of the image.

The watershed transformation is applied on the gradient of the gray level image. The
gradient image is interpreted as a topological surface. By using the watershed transfor-
mation on the gradient image, the image is segmented into homogeneous regions, which
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are low in contrast and with low gradient. This method can provide closed contours.
However, the watershed algorithm is highly sensitive to gradient noise, it results in the
over-segmentation with too many regions in the image such as Figure 4.11.

(a) Image after preprocessing

(b) Image after applying watershed transform

Figure 4.11: Over-segmentation

An approach used to control over-segmentation is based on the concept of markers. A
marker is a connected component belonging to an image. The regularization of the gra-
dient is accomplished by imposing markers as the regional minima of the gradient and
then suppressing all the other minima by way of a morphological reconstruction oper-
ation. Hence, one must provide internal markers, one for each calcification and also a
background or external marker. The markers are obtained in a semi-automatic way. The
internal markers are single pixels placed manually inside each calculation with a mouse.
The external markers are obtained from the internal markers as a result of the watershed
transformation of the inverse of the input mammographic section using the internal mark-
ers as the marker set. Unfortunately, the markers selection and extraction are not so easy
for welding defects detection. The defects to be detected are so complex and so varied
in shape, gray level and size that it is very hard to find reliable algorithms enabling their
extraction.
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4.2.5 Summary

Each of these methods has its advantages and disadvantages for welding defects segmenta-
tion. If an optimal threshold, which can extract defects from background, is found, thresh-
olding method is more appropriate for defects segmentation. The edge-based segmenta-
tion techniques are computationally fast and do not require a priori information about the
image content. A common problem of edge-based segmentation is that often the edges
do not enclose the object completely. Region-based approaches are generally less sensi-
tive to noise, and usually produce more reasonable segmentation results as they rely on
global properties rather than local properties, but their implementation complexity and
computational cost can be often quite large. The watershed transform can provide closed
contours. However, the watershed algorithm is highly sensitive to gradient noise, it results
in the over-segmentation. Marker-controlled watershed segmentation can control over-
segmentation. However, the selection and extraction of markers are not so easy for weld-
ing defects detection. The defects to be detected are so complex and so varied in shape,
gray level and size that it is very hard to find reliable algorithms enabling their extraction.
For images which contain large areas of uniformity, region-growing processing is proba-
bly a better choice. For a nonuniform radiographic image, it is not a good choice. Since

it is difficult to segment defects using these conventional methods, we propose two seg-
mentation methods: a multiscale edge detection algorithm based on the wavelet transform
and a multi-level thresholding algorithm based on maximum fuzzy entropy and genetic
algorithm.

4.3 Multiscale Edge Detection Algorithm Based On Wavelet
Transform

Since it is difficult to detect edges using conventional edge detectors, we propose a new
multiscale edge detection algorithm based on wavelet transform (MEWT). According to
wavelet multiscale character, after obtaining edge information at different scales we inte-
grate the coefficients of the wavelet transforms on a series of scales to look for the best
scale where the edges are well discriminated from noises to extract edge features.
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4.3.1 Continuous Wavelet Transforms

The continuous wavelet transform (CWT) was first developed by Grossmann and Morlet
[57]. Letwy(z) € L*(R) be an admissible mother wavelet that satisfies

+°° Y(z)dr =0 (4.16)
Let,(z) be a factors € R, .
du(@) = Su(3) (4.17)

The CWT of a functionf(z) at scales and position: in scale-space plane is defined by
the convolution product
W Wf(z) = s f() (4.18)

The CWT is an isometry, i.e.,

N +o00 st
@I = [ W@ (@19)
The inverse CWT can then obtained by:
o +oo dS
W f@)= [ e Wf(a) (4.20)

where))(z) = ¥ (—z).

An arbitrary two variable functiog(s, z) € L?(R?) is not necessarily the CWT of some
function. Forg(s, ) to be in the range dV, it must satisfy the reproducing equation,

+o0 +oo
g(s,x) = / ds' K(s, sz, 2")g(s', 2")dx' (4.22)
0 —00
where .
K(S, S/; Z, I/) = ILS(U’ - x)qv/}s’ (ZL', - u)du (422)

is the wavelet reproducing kernel (WRK).

For practical applications, the scale-space must be discretized. The scale paraimeter
often discretized to a dyadic sequenge’},c,. A wavelet is a function)(z) whose
average is zero. We denote by; () the dilation ofy)(x) by a factor2/
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Yui(2) = () (4.23)

The wavelet transform of(z) at scale2’ and at the positior is defined by the convolution
product

W Wy f(z) = [ty (x) (4.24)

The Fourier transform oft/y; f(x) is

FWay, f(w) = F(w)¥(2w) (4.25)

Assume that there exist two strictly positive constafitsand B; such that

+oo
VweR A < Y (2w’ < B (4.26)

j=—o00

When it is ensured the whole frequency axis is covered by dilatios(©f by (27),c,

thenF'(w), and thusf(z) can be recovered from the dyadic wavelet transform defined by

(4.23). The reconstructing waveletz) is any function whose Fourier transform satisfies

—+00

D U(w)E(Qw) =1 (4.27)

j=—o00

If property (4.26) is valid, there exist an infinite number of functi@is) that satisfy

(4.27). The functiory(z) is recovered from its dyadic wavelet transform with summation

+oo
W f@) = ) Waf* xa () (4.28)

j=—o0

Similar to the continuous case, for a sequegge) ., to be the dyadic wavelet transform
of some functiong; (z) must satisfy the reproducing equation:

+oo
VieZgi(z) = Z gj * K; () (4.29)

j=—o00
with the WRK defined by,
Kij(r) = TZ% * g () (4.30)
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4.3.2 Multiscale Edge Detection Based on Wavelets

In order to detect the contours of small structures as well as the boundaries of large ob-
jects, several researcher in computer vision have introduced the concept of multiscale edge
detection [91], [92], [93]. The wavelet transform is closely related to multiscale edge de-
tection and can provide a deeper understanding of these algorithms [64].

A remarkable property of the wavelet transform is its ability to characterize the local reg-
ularity of functions. For an imagg(z, y), its edges correspond to singularitiesf¢f:, y),

and thus are related to the local maxima of the wavelet transform modulus. Therefore, the
wavelet transform is an effective method for edge detection.

We assume that the smoothing functiéfx) is twice differentiable and define, respec-
tively, 1% (x) andy®(x) as the first- and second-order derivatives @f)

V(z) = dfl(“’> and ¢*(z) = (=) (4.31)

T dx

By the definition in (4.31), the functions®(z) andy*(z) can be considered to be wavelets
because their integral is equal to O.

/ o; Y*(z)dr =0 and / O; Y(z)dr =0 (4.32)

A wavelet transform is computed by convolving the signal with a dilated wavelet. The
wavelet transform off (x) at the scales and positionz, computed with respect to the
wavelety*(z) , is defined by

Wif(x) = [ (x) (4.33)

The wavelet transform of (x) with respect ta)®(x) is

WEi(a) = [ (@) (4.34)
It follows that
. do, d
WEF() = o (500) (1) = 50 (F #60.)(x), and (4.35)
WEF(@) = f o (2 95)(x) = 5o (5 0,)(a) (4.36)
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Therefore, the wavelet transformi®? f (z) and W’ f(z) are, respectively, the first and
second derivative of the signal smoothed at the scalde local extrema of’? f (=) thus
correspond to the zeros Bf? f(x) and to the inflection points of x 0,(z).

Let ! (z,y) = 254 andy?(x,y) = 254, S0,k (x,y) = v(2, L) andy?(z,y) =
SVP(E Y. Letf(a:,y) € L2(R). The wavelet transform of an imagéx, y) at the scale
s has two components defined by

Wslf(l‘,y) = fx ¢;($7y) and Wff(x,y) =[x ¢§(x’y) (437)
It is straight forward to show that

W/ f(z,y) T(f *0)(x,y)
W2 f(z.y) o(f *0,)(x,y)

= sV(f*0)(x,y)  (4.38)

I
w

Hence, edge points can be located from the two componBitg(z, y) andW?2f(z, y)
of the wavelet transform.

Here, we choose Gaussian as the smoothing function for wavelet. i.e.

g(z,y) = 27 (4.39)

e
2mo?

Thus, the corresponding wavelgt(z, y) andy?(z, y)

Vi oy) = o= = 5oe (4.40)

Vi, y) =5 = e 2 (4.41)

Mallat and Zhong [64] constructed dyadic wavelets and calculated the local maxima of
dyadic wavelet transform at each scale and formed a multiscale edge representation of the
image. Furthermore, Mallat [64] proved that Canny edge detection is equivalent to finding
the local maxima of a wavelet transform. The function ( 4.40), ( 4.41) is also an explicit
form of the wavelet model for Canny edge detection. From the point of view of wavelet
transforms, we can use a more effective algorithm to adjust the scale of the filters.
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The Gaussian functiong have a semigroup property, that is,

Gt14+t2 = Gt1 * Gts (4.42)

So, we can find the cascade algorithm to calculate the wavelet transform of an image
f(z,y) on a series of scales as follows.

W' f(ns,z,y) = vn,* f(z,y) (4.43)
a ns
= gx * f(x,y)

o a(g(n—l)s * gs)
= B2 * f(z,y)

9, n—1)s *
= Wt I) (4.44)

= Wf((n —1)s,2,9) * gs(x,y)

Thus, for any integen > 1

Wlf(ns,x, Y) = gs * ... x gs *Wlf(s, x,y) (4.45)
21
Similar,
W2f(ns,z,y) = gs * ... * gs xW?>f (s, 2,9) (4.46)
21

In an image, all edges are not created equal. Some are more significant than others, and
some are blurred and insignificant. The edges of more significance are usually more im-
portant and more likely to be kept intact by wavelet transform. The insignificant edges
are sometimes introduced by noise and preferably removed wavelet transform. In math-
ematics, the sharpness of an edge can be described by a Lipschitz exponent. Mallat and
Hwang [94] showed that Lipschitz exponents can be measured by wavelet transform.

We first introduce the definition of Lipschitz exponent in 1-D [94].

Definition 1: Let0 < « < 1. A function f(x) is uniformly Lipschitza over an interval
[a, b] if and only if there exists a constafht such that for anyz, z;) € [a, b]?

|f(x0) = f(a1)] < Klag — a1 (4.47)

Theorem 1: Let0 < « < 1. A function f(z) is uniformly Lpschitza over [a, b] if and
only if there exists a constaiit > 0 such that for all: € [a, b], the wavelet transform
satisfies

Was f ()] < K(27)° (4.48)
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Theorem 1 proves that the Lipschitz exponent of a function can be measured from the
evolution across scale of the absolute value of the wavelet transform.

From (4.48), we derive that

logy [Wai f ()] < logy(K) + (4.49)

The definition is extended to 2-D.

Definition 2: Let0 < o < 1. A function f(z,y) is uniformly Lipschitza over an open
set() of R? if and only if there exists a constaft such that for al{z, yo) and(zy, ;) in
Q

|f (o, yo) — f(1,y1)| < K(wo — 1) + (yo — y1)*|*/? (4.50)

The Lipschitz regularity off (z, y) over( is the superior bound of all such thatf(z, y)
is uniformly Lipschitza.

Theorem 2: Let0 < « < 1. A function f(z, y) is uniformly Lipschitza over an open set
of R? if and only if there exists a constast such that for all pointéz, y) of this open set

My f(x,y) < K(2)° (4.51)

Theorem 2 is the 2-D extension of Theorem 1.
From (4.51), we derive that

logy (Mys f(z,y)) < logy(K) + aj (4.52)

The resolution of an image is directly related to the proper scale for edge detection. High
resolution and small scales will result in noisy and discontinuous edges; low resolution
and large scales will result in undetected edges. The scale is not adjustable with classical
edge detectors, but with a wavelet transform, we can construct our own edge detectors
with proper scales.

From Theorem 2, we can use the coefficients of the wavelet transform across scales to
measure the local Lipschitz regularity. That is, when the scale increases, the coefficients
of the wavelet transform are likely to increase where the Lipschitz regularity is positive,
but they are likely to decrease where the Lipschitz regularity is negative. The locations
with lower Lipschitz regularity are more likely to be details and noise.
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Wavelet filters of large scales are more effective for removing noise, but at the same time
increase the uncertainty of location of edges. Wavelet filters of small scales preserve the
exact location of edges, but cannot distinguish between noise and real edges. We can
use the coefficients of the wavelet transform across scales to measure the local Lipschitz
regularity. We can use a large-scale wavelet at positions where the wavelet transform
decreases rapidly across scales to remove the effect of noise, while using a smaller-scale
wavelet at positions where the wavelet transform decreases slowly across scale to preserve
the precise position of the edges. Using the cascade algorithm to observe the change of
wavelet transform coefficient between each adjacent scale, we can distinguish different
types of edges.

The diagram of the method is shown in Figure 4.12.

Calculate wavelet transforms
on adjacent scales

Compare the change of the

L Increase scale
wavelet coefficients

Negative

Lipschitz regularity

Extract edge

Figure 4.12: The diagram of the proposed multiscale edge detection algorithm

4.3.3 Experimental Results

The proposed multiscale edge detection algorithm is implemented in the MATLAB lan-
guage. In the experiments, dozens of gray-level (8 bit intensity) images have been used to
test the performance of the proposed method.
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(a) Original image

(c) Edge of defect

Figure 4.13: Scattered porosity
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(a) Original image

(c) Edge of defect

Figure 4.14: Elongated porosity
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(a) Original image

(b) Result of preprocessing

(c) Edge of defect

Figure 4.15: Incomplete root penetration
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The main steps of the method are shown in Figure 4.13, Figure 4.14 and Figure 4.15. From
(a) to (c), (a) is the original image. (b) is the image after preprocessing. (c) is the edge of
defect using multiscale edge detection based on wavelet transform. The obtained results
show that most of the edges of defects can be found, and the algorithm is appropriate not
only to linear defects such as penetration but also volumetric defects such as porosity.

(a) Image after preprocessing

(b) LoG edge operator (c) Roberts edge operator

(d) Perwitt edge operator (e) Sobel edge operator

(f) Canny edge operator (g) Multiscale edge detection algorithm
based on wavelet

Figure 4.16: Different edge-based methods comparison for the radiographic image
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In Figure 4.16, the proposed algorithm is compared with other classical edge detection
methods. This algorithm is not so noise sensitive as other methods. It can distinguish
between noise and a defect’'s edge well for radiographic images. However, it is quite sen-
sitive to the texture noise, such as thatshown in Figure 4.13, Figure 4.14 and Figure 4.15.
The texture noise is introduced by the frequency error produced by the scanner's mechan-
ical error and the bad quality or damage of the film. It can be seen from the image that the
texture-noise is like some of the lines in the image. This kind of noise can make continu-
ous edge and some false edges are found in edge detection. So the final result contains not
only the defect we are looking for, but also this kind of noise. Sometimes the edges are so
blur that the gradients are small. Under less than ideal conditions, edge image will have

big gaps.

4.4 Multi-level Thresholding Algorithm based on Maxi-
mum Fuzzy Entropy and Genetic Algorithm

Since it is difficult to extract all the defects from background using two-level thresholding
methods, We propose another method for the accurate segmentation of defect using multi-
level thresholding based on fuzzy entropy and genetic algorithm (MTFEGA) . Firstly, we
compute standard deviatio§['D) of the radiographic image, which is used to estimate
the underlying brightness probability distribution of the image. Then we apply two-level or
three-level or four-level threhsolding based on the standard deviation. YWHén< 50,
two-level thresholding is applied; wheéit < STD < 70, three-level thresholding is
applied; whenST' D > 70, four-level thresholding is applied. The diagram of the method

is shown in Figure 4.17.

4.4.1 Fuzzy Set Theory

The fuzzy set theory, first proposed by Zadeh [95] [96], can be regarded as the exten-
sion of classical set theory. It is an implementation of classes or groupings of data with
boundaries that are not sharply defined (i.e., fuzzy). In classical set theory or crisp theory,
data sets are represented by “crisp” definitions. Any member can either “belong” or “do
not belong” to a data set. In a fuzzy set any member can belong to the data set with a
certain value or membership. The benefit of extending crisp theory and analysis meth-
ods to fuzzy techniques is a strength in solving real-world problems. It is inevitable that
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Input Image

i

‘ Compute Image

Standard Deviation

ST0 =50 50 < 570770 ST0 =770

Two-level Three-level Four-level
Thresholding Thresholding Thesholding

Figure 4.17: The diagram of the proposed multi-level thresholding algorithm

these real-world problems have some degree of imprecision and noise in the variables and
parameters measured and processed for the application.

A classical setA is normally defined as a collection of element. Each elementthe
universe either belongs to a set or not. Therefore the membeusiip is either1 for
those element in the set (€ A) or 0 for those out of the sete(¢ A). A fuzzy setis an
extension of a classical set in which an element may partially belong to a set. A fuzky set
in the observed spack is characterized by a membership functjon(z) that associates
each element of X with a real number in the intervdd, 1]. The interval[0, 1] is called

the fuzzy domain. The value of4(z) is the grade of belonging toA. Generally, a fuzzy
setA whereA C X is defined as

A={x,pa(x)|r € X} (4.53)
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4.4.2 Genetic Algorithm

Since their formal introduction in 1975 by Holland [97], genetic algorithms have been
applied to a variety of fields-from medicine and engineering to business-to optimize func-
tions which do not lend themselves to optimization by traditional methods. Other appli-
cations of GAs include automatic programming and simulation of natural systems. More
recently, the study and practical development of the GA by Goldberg [98] has resulted in
great growth in the application of GAs to optimization problems. As succinctly stated by
Goldberg, GAs are "search procedures based on the mechanics of natural selection and
natural genetics.” Random choice is used as a tool to guide a global search in the space of
potential solutions.

A genetic algorithm (GA) [98] [99] is a randomized search and optimization techniques
guided by the principles of evolution and natural genetics, having a large amount of im-
plicit parallelism. GAs differ from traditional optimization and search methods in several
respects. Rather than focusing on a single candidate solution (point in design space),
genetic algorithms operate on populations of candidate solutions, and the search process
favors the reproduction of individuals with better fitness values than those of previous gen-
erations (optimal individuals). Whereas calculus-based and gradient (hillclimbing) meth-
ods of solution are local in the scope of their search and depend on well-defined gradients
in the search space, GAs are useful for dealing with many practical problems contain-
ing noisy or discontinuous fitness values. Enumerative searches are also inappropriate for
many practical problems. Because they exhaustively examine the entire search space for
solutions, they are only efficient for small search spaces, while the global scope of the
GA makes it suitable for problems with large search spaces. Thus, GAs not only differ in
approach from traditional optimization methods but also offer an alternative method for
cases in which traditional methods are inappropriate.

GAs have been applied to continuous optimization problems, but it is rarely as effective as
continuous optimization methods. Evolutionary programming is appropriate for continu-
ous problems; GAs are not, being inherently discrete. The genetic algorithm as a discrete
optimization process is distinct from more conventional optimization techniques in four
ways:

1. GAs encode designs (feasible points) in a string, and it is this encoding that the GA
works with: each individual in a population is an encoding of a possible solution to
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the discrete optimization problem being analyzed.

2. GAs work simultaneously with a population of designs, not a single design or can-
didate solution.

3. GAs use only an objective function to evaluate candidate solutions, not derivatives
or other auxiliary information.

4. GAs use random change in their search, not (solely) deterministic rules.

The process used by genetic algorithms to evolve solutions to optimization problems is
analogous to the natural process of evolution by natural selection. Evolution as a natural
process allows complex, highly adapted organisms to develop and thrive in an environment
through the processes of genetic change and natural selection. Sexual reproduction (sex-
ual in the sense of occurring between two parent individuals as opposed to one) provides
the preservation of existing genetic information and the creation of new genetic informa-
tion, and individuals in a population survive based on their fitness in their environment.
Fitness is a quality measure of an individual’s viability with respect to such criteria in
the natural environment as food supply, competition for food and mates, and predation.
The genetic information carried by more fit individuals is more likely to be passed on
to ensure generations simply because more fit individuals are more likely to survive to
reproduce—Darwinian survival of the fittest.

GAs apply the natural evolutionary processes of evaluation and selection to string repre-
sentations of the arguments of the function being optimized. Structures (individuals in
natural systems) are encoded into one or more strings (chromosomes). These individu-
als reproduce, and fit individuals persist from generation to generation, yielding improved
designs.

The structure is analogous to the phenotype in natural systems and corresponds to a can-
didate solution to the optimization problem or a point in the design space, while the string
encoding of the arguments to the function being optimized is analogous to the genotype. A
decoding from the string representation to the structure is made for the purpose of fithess
analysis by the objective function. The objective function yields a quantitative measure of
an individual’s utility or goodness, to be used as a selection criterion.
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4.4.3 Two-level Thresholding

For two-level thresholding, Ostu’s method [100] is applied to select the threshold. It can be
regarded as the simplest and most standard method for an automated threshold selection.
It only uses the zero-order and first-order cumulative moments of the gray level histogram.
The two classes of pixels are separated by the between-class vasignce,

o(T) = Pi(1 — p)* + Papa — p)? = PiPa(pn — pio)? (4.54)

whereP andy are the corresponding probability and mean values of class 1 and 2, respec-
tively.

The optimal threshold is the one that maximizes the between-class variance (or, con-
versely, minimizes the within-class variance). The optimal thresho6lid given by

ol (T*) =maz o2(T) 1<T<L (4.55)

where L is the highest gray level of the pixels for a given image(e.g., gray level 255 for
the 8 bit image).

4.4.4 Multi-level Thresholding Based on Maximum Fuzzy Entropy

For multi-level thresholding, the problem is how to determine the best thresholds. The
relationship between a probability partition and a fuzzy c-partition (FP) in thresholding
are explored by Zhao [101]. Based on this relationship and entropy approach, a technique
derived to get best fuzzy c-partition can be used to find the optimum thresholds.

LetD = {(i,j):i=0,1,..., M —1;5=0,1,...,N —1},G ={0,1,...,1 — 1}, where
M, N and | are three positive integers. Then a digitized image is considered a mapping
I:D — G. I(x,y) is the gray level value of the image at the pikely).

I(x,y) e G Y(x,y) €D
Dk:{(x7y) II(l’,y):k, ($,y) ED} (456)
E=0,1,...,1—1
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ny
hy, = 457
F =N (4.57)
k=0,1,....,1—1

wheren,, denotes the number of pixels .

The following conclusions can be formed:
-1
U;u%:DaMDﬂM%:¢@#@wa0§mg1?:m:Lk:QLmJ—L
=0
H = {hg, h1,...,_1} is the histogram of the imagd.[, = {Do, D1,...,D;1} is a
probability partition (PP) oD with a probabilistic distribution.

e = p(Di) = hy (4.58)
k=01,..1—1

The radiographic images are stored with 8 bits, so the gray |éi@Rb6. So, an 255 level
digitized radiographic image is characterized by the [RR,of its domain derived from
equations (4.57) and (4.58).

A fuzzy set is an extension of a classical set in which an element may partially belong to
a set. A fuzzy setd in the observed spac¥ is characterized by a membership function
wa(z) that associates each elementf X with a real number in the intervéd, 1]. The
interval [0, 1] is called the fuzzy domain. The value @fi(z) is the grade of: belonging

to A. Generally, a fuzzy set whereA C X is defined as

A=A{(z,pa(x)) | € X} (4.59)

where0 < py < 1.

One of the interesting point about transforming an image from the intensity domain into
the fuzzy domain is how much information it can keep. According to the information
theory [34], Shannon entropy can be defined as

N

H(A) == p(x;)logp(z;) (4.60)

=1



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

CHAPTER4. SEGMENTATION OF RADIOGRAPHIC IMAGES 89

wheregz p(z;) = 1 andz;, i = 1,..., N are the possible outputs from sourdewith the
probat;TIiltyp(xi). The larger entropy/ (A) is, the more informatiol has. The width and
attribute of the fuzzy region is decided by maximum fuzzy entropy, in turn the thresholds
can be decided by fuzzy parameters.

Three-level Thresholding

For a considered radiographic image, the domain D of the original image is classified into
three parts:it,, E,,,Ey. E4is composed of pixels with low level pixelg;,, is composed

of pixels with middle gray levels, and, of high level pixels. [[; = {Eq, B, Ep} is

an unknown probabilistic partition D, whose probability distribution isp; = P(Ey),

Pm = P(En), pp = P(Ey).

For three-level thresholding, we use the simplest function that is monotonic to approximate
the memberships of bright,, mediumy.,,, and dark,;. Wherey (k) = pap, pim (k) =

Pl @nduy(k) = pye. The three membership functions are shown in Figure 4.18. The
membership functions have four parametersh;, a, andb, (see Figure 4.18). In other
words, two thresholds, ¢, for three-level thresholding are depend@nb,, as, bs.

Let

1
1 = 5(611 + by)

1
tg = 5(012 + bg) (461)
I
Moy Ha
. === N mem— =
N /
B W N
ﬁ NS
2 ¢
/ : ™ :
£ ; ki : = x (gray level)
ey ty b, 235

Figure 4.18: Fuzzy 3-partition
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1 k S ay
lud(k) = % a < k<b (462)
0 k> b
.
0 k S aq
lf“;_—“all ap < k<b
ﬂm<k) = 1 b <k <as (463)
% g < k < bg
0 k > by
\
.
0 k S a9
(k) =9 k=g, <k < (4.64)
1 k > by

\

And the following conditions are satisfigd < a; < b; < ay < by < 255, for each
k=0,1,..,255, let

Dkd = {(x,y) : [<:B7y) < i1, ($ay) € Dk}
Dip ={(z,y) 1 t1 < I(z,y) < to, (z,y) € Dy}

Dy = {I(x,y) > ta, (x,y) € Dy}

Thenpyy = P(Dya) = pr*Paji Pkm = P(Dim) = Pe*Pmje @NApry, = P(Dyy) = pr*Dojic -
Note thatpg, + pmix + s = 1for k = 0,1,...,255. When the pixel belongs t&,, it

is evident thatpy;., pmx andpy; are the conditional probability of a pixel when it is
classified into the class “d” (dark), “m” (medium) and “b” (bright) respectivley. So,

255 255 255

pa=P(Eq) =Y P(Dra) = > pi*par = Y _ P * g(k) (4.65)
k=0 k=0

k=0
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255 255 255
k=0 k=0 k=0
255 255 255
po=P(By) = P(Diw) =Y prxpok = i * (k) (4.67)
k=0 k=0 k=0

Then the following conclusion can be gained:

255

Da = Zpk * fig(F)
k=0

255

P = Y Dk * () (4.68)
k=0

255

Dy = Zpk )
k=0

In this thesis, an entropy function is used to justify if the information of an image is mostly
retained after thresholding, i.e. to measure the compatibility between the PRrmad the
FP of G. The fuzzy entropy function is given below.

H(ay,as,b1,b2) = —pqlog pg — pm 10g P — o log py, (4.69)

wherep,, p,, andp, are given in equation (4.68). The valuefa, as, by, by) is used to
measure the compatibility between the histogidna: {hg, hy, . . ., hoss } of a given X-ray
image and the fuzzy 3-partitiop[; = {1, ttm, ta} Of G. The largerH (aq, as, by, bs) is,
the more compatiblé/ and][,.

The fuzzy entropy varies along with four variables b,, a2, b,. We can find an opti-
mal combination ofay, by, as, b2) So that the total fuzzy entropl/ (a1, as, b1, b2) has the
maximum value. Then the most appropriate two threshgldsdt, can be computed.

Four-level Thresholding

For a considered radiographic image, the domain D of the original image is classified
into four parts: E4q, Enma, Emy and Ey. [1, = {Ead, Emd, Emb, Ew} 1S @an unknown
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probabilistic partition ofD, whose probability distribution isp,y = P(Eai), pmp =
P(Em), poy = P(E)-

For four-level thresholding, three membership functions are consideredugarkedium

dark ji,,q, medium brighty,,,, and brightyu,, where (k) = paar, pma(k) = Pmdji
Hmb (k) = Pmdjk s Umd (k) = Dmpjre @Nd (k) = pree . The four membership functions are

shown in Figure 4.19.

A

ot

membership

1 k<a
paa(k) = 4 AL g < < by (4.70)
\ 0 k> b
r
0 k<a
gy <k <
(4.71)

tma(k) = 1 b <k<a
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0 k S (05}
f;f; as < k < by
:umb(k> = 1 by < k< as (472)
a’:bfs az < k < b3
0 k> b3
0 k < as
pop (k) = hoes gy < k< by (4.73)
1 k > bs

\

The membership functions have six parametgr9,, as, by, as, b3. In other words, two
thresholds,, ¢, andts, for four-level thresholding are depend @) b1, as, b2, as, b3. And

the following conditions are satisfigd< a; < by < as < by < az < by < 255, for each
k=0,1,..,255, let

Dyaa = {(z,y) : I(z,y) < ta, (7,y) € Dy}
Dima = {(z,y) 1 t1 < I(z,y) < ty,(x,y) € Dy}
Dy = {(,y) : t2 < I(z,y) < t3,(7,y) € Dy}

Dy, = {I(z,y) > t3,(z,y) € Dy}

Thenprig = P(Dyad) = Pk * Pddik » Pkmd = P(Dimd) = Dk * Pmdjkc» Pkmp = P(Dgmp) =
P * Pk @NAPgyy, = P(Diap) = pi * Devjic - NOt€ thalpagyi + Prmdje + Prsir + Paai = 1 for
k =0,1,...,255. When the pixel belongs t0;, it is evident thapgayi. , Prmajk » Prmsj @Nd
peeje @re the conditional probability of a pixel when it is classified into the four classes.

So,
255 255 255
paa = P(Eaq) = Z P(Draa) = Zpk * Pddlk = Zpk * f1gq(K) (4.74)
k=0 k=0 k=0
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255 255 255
Pma = P(Epa) = > P(Dgma) = Zpk * Dimdlk = Zpk * (K (4.75)
k=0
255 255 255
Pmb = P(Emp) = Z (Dimp) = Zpk * Dmblk = Zpk * flyp (K (4.76)
k=0
255 255 255
po = P(Ew) = P(Dg) = Zpk: * Dbl = Zpk * iy (K (4.77)
k=0

The fuzzy entropy function is given below. Here, an entropy function is used to justify if
the information of an image is mostly retained after thresholding.

H(ah a2, b1, e, as, bs) = —Pad 108 Pad — Pmd 108 Dimd — Db 108 Dy — Doy log pew  (4.78)

The fuzzy entropy varies along with six variables by, as, b2, as, b3. We can find an opti-
mal combination ofay, by, as, b, as, b3) So that the total fuzzy entropy (ay, as, by, ba, as, b3)
has the maximum value. Then the most appropriate three thresholdsand¢; can be
computed as follows:

1
tl = 5(@1 + bl)
1
tg = 5(@2 + bg) (479)

1
t3 = 5(@3 + bg)

4.4.5 Genetic Algorithm Implementation

In this study, a genetic algorithm (Figure 4.20) is implemented to find the optimal fuzzy
parameters so that the total fuzzy entropy has the maximum value. It can provide a near-
optimal solution for an objective or fithess function of an optimization problem. It can
also overcome many defects in other optimization techniques such as calculus based tech-
niques, exhaustive technique and knowledge based techniques.
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After a population of individuals has been initialized, the fitness of the individuals is cal-
culated according to the given fitness function. Parents are then selected with a probability
proportional to their fitness. Once the parents have been selected, individuals for the next
generation are formed using two main genetic operators, crossover and mutation. This
process is repeated until an acceptable solution is found. The reproduction and crossover
operators determine which parents will have offspring, and how genetic material is ex-
changed between the parents to create those offspring. Mutation allows for random al-
teration of genetic material. Reproduction and crossover operators tend to increase the
quality of the populations and force convergence. Mutation opposes convergence and re-
places genetic material lost during reproduction and crossover.

Population
initialization

l

Fitness
Evaluation

»l

Reproduction

l

Crossover

:

Mutation

:

Fitness
Evaluation

:

No Yes
Termination? > Stop

Figure 4.20: The GA algorithm

The algorithm is described in detail as follows.
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Population Initialization

The first step is to encode the parameters into string. Binary representation is often used
in GAs where each gene has a value of either 0 or 1. Other presentations have been
proposed, for example, floating point representations [102], integer representations [103],
gray- coded representations [104] and matrix representations [105]. Floating point rep-
resentations are faster, more consistent and have higher precision than binary represen-
tations [102]. So, in this study, the floating point representation is used to encode the
parameters. For three-level thresholding, each string is a sequence of floating point repre-
senting the four parametets, b1, as, b, and these four parameters follow the increasing
order and the maximum value 6f is 255. For four-level thresholding, each string is a
sequence of floating point representing the six parametels, as, by, as, b3, and these

six parameters follow the increasing order and the maximum valubg igf255. Then a
population of N strings is randomly generated. In our experimentss equal to 300.

Fitness Computation

The fitness function is a particular type of objective function that quantifies the optimality
of a solution (that is, a chromosome) in the genetic algorithm so that that particular chro-
mosome may be ranked against all the other chromosomes. For three-level thresholding,
we choose the entropy function 4.69 as the fitness function. For four-level thresholding,
we choose the entropy function 4.78 as the fithess function.

Reproduction

A reproduction operator combines the relative fithess of generation chromosomes with
some randomness in order to determine parents of the following generation. In this study,
roulette wheel method which is one of the computationally simplest and most popular
methods is used. This method calculates the r&fiQ  ; f; for each chromosome which

is considered its probability of survival into the next generation. As explained by Ansari
and Hou [106], this approach gives strings with higher fithess vafuagyreater proba-

bility of survival. In addition, since the number of strings in a population is held constant
over time, the reproduction operator will generate a new population of the same size. This
implies that chromosomes with higher fitness values will eventually dominate the popula-
tion.
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Because the GA is blind in nature, it is possible for the offspring to be worse than their
parents and some fitter chromosomes may be lost from the evolutionary process. To over-
come this problem, in the study the elitist strategy is used in conjunction with the roulette
wheel strategy. Elitism automatically forms a child in the new generation with the exact
qualities of the parent with the highest merit. This approach guarantees that the highest
fitness in a given generation will be at least as high as in the previous generation.

Crossover

Crossover is a probabilistic process that exchanges information between two parent chro-
mosomes for generating two children chromosomes. It is the main explorative operator
in the GA. It is performed in two steps. First, the selected parents are mated at random.
Second, a random position in the gene structure is selected for each pair of mates, and the
remaining segments of the parents are swapped with crossover probability

In this study, convex crossover with crossover probabilitpofs used. Ifx, y are two
parents, the parentis replaced by’ = Az + (1 — \)y and the pareng is replaced by
Y =Ay+ (1 — XNz, whered < X < 1.

Mutation

Mutation is a background operator, mainly used to explore new areas in the search space
and to add diversity to the population of chromosomes in order to prevent being trapped in
a local optimum. It is applied to the offspring chromosomes after crossover is performed.

Each chromosome undergoes mutation with probability For binary representation

of chromosomes, a gene is mutated by simply flipping its values. Since we are con-
sidering real number representation in this thesis, we use nonuniform mutation. For a
given parent, if the genex, is selected for mutation, then the resulting offspring is

¥ =[xy 2 - -z, Wherez), is selected with equal probability from the two choices:

zj, = xp + (255 — xy) (1 — £)P oraj, = xy, + yax(1 — £)°, wherey is a random number
chosen uniform fornj0, 1], ¢ is the current generation numbgrjs the maximum number

of the generation antlis the parameter determining the degree of nonuniformity.
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4.4.6 Experimental Results

The proposed algorithm is implemented in MATLAB language. In the experiments, dozens
of gray-level (8 bit intensity) images have been used to test the performance of the pro-
posed method.

One, two, or three optimal thresholds for each image based on the character of each radio-
graphic image is obtained. The original images are partitioned into two parts, three parts

or four parts as shown in Figure 4.21, Figure 4.22 and Figure 4.23. The obtained results

show most of the defects can be extracted using this proposed method.

(a) Image after preprocessing

(b) Image after segmentation-£ 83)

Figure 4.21: A radiographic image with crack defect

The contrast between the minimum defect that could be segmented and background is
measured. The minimum contrast ratio (MCR) is defined to evaluate the segmentation
performance:

contrast between minimum de fect that could be segmented and background

M p—t
¢ (255 — 0) gray levels

(4.80)

25 radiographic images are measured. From the Table 4.1, we can see that MCR of the
proposed algorithm is smaller than the two-level thresholding method. So, the proposed
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(a) Image after preprocessing

(b) Image after segmentatioty (= 64, to = 135)

Figure 4.22: A radiographic image with porosity defect

(a) Image after preprocessing

(b) Image after segmentatioty (= 2, to = 53, t3 = 162)

Figure 4.23: A radiographic image with incomplete penetration defect
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(a) Image after preprocessing

(b) Image after two-level thresholding

(c) Image after three-level thresholding

(d) Image after four-level thresholding

Figure 4.24: The result of multi-level thresholding{D < 50)
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(a) Image after preprocessing

(b) Image after two-level thresholding

(c) Image after three-level thresholding

(d) Image after four-level thresholding

Figure 4.25: The result of multi-level thresholdirig) (< ST D < 70)
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(a) Image after preprocessing

(b) Image after two-level thresholding

(c) Image after three-level thresholding

(d) Image after four-level thresholding

Figure 4.26: The result of multi-level thresholdingl{D > 70)
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algorithm can extract more defects.

Table 4.1: The minimum contrast ratio

Method MCR

Proposed method 3.92%

Two-level thresholding  12.50%

The performance of multi-level thresholding is shown in Figure 4.24, Figure 4.25 and
Figure 4.26. The results show the proposed method is a robust method. This method can
reduce the over-segmentation comparing with only using three-level thresholding or four-
level thresholding. WheRT D < 50, the two-level thresholding gives the best result. The
three-level and four-level thresholding result in over-segmentation. When ST D <

70, the three-level thresholding gives the best results. Two-level thresholding misses some
defects. Four-level thresholding leads to over-segmentation. \&Whén > 70, four-level
thresholding can segment defects, while two-level and three-level thresholding can not
extract defects. .

4.5 Segmentation Performance Evaluation

Two new segmentation algorithms developed for extracting welding flaws from digitized
radiographic image have been presented. In this section, the proposed methods, MTFEGA
and MEWT, are compared with each other. 25 radiographic images are segmented using
these two methods. In 25 images, 544 defects are detected by human vision. The data in
Table 4.2 summarizes the defect number segmented for each image. MTFEGA segments
473 defects and MEWT segments 374 defects.

The length and width of the defect are defined as the projection of the defect along the ma-
jor axis and minor axis of the ellipse that has the same normalized second central moments
as the potential region. Axes and orientation of the ellipse is shown in Figure 4.27.

The size of minimum defect that could be segmented and the contrast between the mini-
mum defect that could be segmented and background for each image are measured. The
results are summarized in Table 4.3, where the length, width and MCR are tabulated for
these two methods. These results are illustrated in Figure 4.28.



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

CHAPTER4. SEGMENTATION OF RADIOGRAPHIC IMAGES 104

Table 4.2: Segmented defect number

Defect Type Image Human Vision| MTFEGA MEWT
Linear 1 27 25 20
Porosity 2 21 18 15
3 12 10 7
4 58 52 40
Clustered 5 49 43 28
Porosity 6 38 30 24
7 20 11 8
Coarse 8 65 59 50
Scattered 9 47 45 38
Porosity 10 46 40 35
11 26 23 17
Fine 12 38 33 26
Scattered 13 25 20 14
Porosity 14 18 13 10
15 8 8 7
Lack of 16 18 16 12
Fusion 17 8 7 5
18 3 3 3
Slag 19 6 6 5
Inclusions 20 5 5 4
21 2 2 2
22 1 1 1
Crack 23 1 1 1
24 1 1 1
25 1 1 1
Total Number 544 473 374

The smallest defect segmented by MTFEGA method is 2.3 both in length and width. The
smallest defect segmented by MEWT method is 5.7 in length and 3.8 in width. The size of
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Minor axis

Major axis

Figure 4.27: Axes and orientation of the ellipse
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Figure 4.28: The segmented defects vs their sizes and contrast

minimum defect segmented by MTFEGA method is much smaller than the size by MEWT.
The MCR of MTFEGA is 3.92% and the MCR of MEWT is 7.06%. The MTFEGA
method can segment smaller defects with lower contrast compared to the MEWT method.

The drawback of these two methods is that the size of the defect segmented is a little
different from the real size of the defect. From table 4.3, we can see that the size of the
defect extracted by MTFEGA is smaller than real size of the defect and that the size of
defect extracted by MEWT is bigger than the real size of the defect.

The experiments’ results show the effectiveness of these two methods for image segmenta-
tion. The MTFEGA approach is a better choice for our dataset for segmenting low contrast
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radiographic images with small size defects.

Table 4.3: Performance of MTFEGA and MEWT

MTFEGA MEWT
Image Real size MTFEGA Real size MEWT
Length Width | Length Width| MCR | Length Width | Length Width| MCR

1 2.3 2.3 2.3 2.3 9.02% | 6.3 5.2 8.3 7.2 26.67%
2 4.5 3.3 3.5 2.3 16.47% 8.0 6.1 8.6 7.5 23.92%
3 3.2 3.0 2.8 2.8 10.20% 7.8 4.9 9.2 6.4 11.37%
4 4.8 4.2 3.7 3.0 10.59% 7.8 5.7 7.3 6.4 16.47%
5 3.5 3.5 2.3 2.3 12.94% 6.6 5.5 7.9 7.2 12.94%
6 4.6 3.5 3.3 2.6 8.24% | 5.2 5.2 8.6 6.8 9.02%
7 7.7 4.2 4.1 2.9 8.63% | 7.3 6.4 8.5 7.4 13.33%
8 4.8 4.2 2.3 2.3 10.20% 6.7 6.7 7.7 6.4 17.25%
9 4.4 4.3 4.1 3.0 8.63% | 7.6 5.3 7.7 7.3 17.25%
10 4.8 4.6 4.1 3.0 5.49% | 7.3 5.7 7.3 6.9 14.51%
11 5.7 4.5 3.3 2.1 7.84% | 5.8 4.6 8.0 7.2 17.65%
12 5.7 4.5 3.3 2.1 4.31% | 6.9 6.1 7.9 7.6 7.06%
13 7.9 4.1 4.5 3.3 5.88% | 7.4 6.5 8.9 7.4 19.61%
14 6.9 6.1 4.4 4.3 6.27% | 10.1 | 7.2 8.3 7.6 6.27%
15 22.3 |55 8.1 3.2 9.02% | 26.6 | 7.0 251 |59 20.78%
16 191 | 3.2 7.3 2.1 3.92% | 27.1 | 3.6 15.7 | 2.3 10.20%
17 8.6 2.2 3.5 1.2 5.10% | 16.0 | 4.8 169 | 7.3 12.55%
18 8.9 5.0 6.7 3.2 16.47% 8.9 5.0 101 | 7.0 16.47%
19 6.5 4.5 5.2 2.9 9.80% | 6.8 54 7.1 6.3 20.78%
20 4.6 3.5 3.7 3.0 8.24% | 5.6 5.2 8.2 7.8 18.04%
21 27.6 | 248 | 274 | 245 | 35.29% 27.6 | 24.8 | 35.0 | 30.5 | 35.29%
22 255 | 6.5 210 | 3.2 29.41% 255 | 6.5 27.2 | 8.0 29.41%
23 9.6 4.5 7.2 3.3 31.37% 9.6 4.5 10.1 |64 31.37%
24 279 | 5.0 224 |65 28.63% 27.9 | 5.0 21.3 | 3.3 28.63%
25 5.7 3.8 5.2 4.2 18.04% 5.7 3.8 10.7 | 9.4 18.04%
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Chapter 5

SVM-based Feature Selection and
Classification

5.1 Introduction

After extracting potential defects using the MTFEGA method, in order to perform an
automated classification task, a set of measurements need to be taken from the potential
discontinuity that must be classified. With the extraction of the set of features that will be
used for the defect classification, the next step is the process of discriminating between
defects and non-defects. In this study, a classification system based on statistical learning
theory, called the support vector machine (SVM) is applied to the defect classification.
Figure 5.1 shows the diagram of the system.

Feature selection using Feature selection using
SVM-based criteria ROC curves

'y

Best features
selected

l

SVM Classifier

Figure 5.1: Classification system based on SVM
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Support vector machines are a relatively new generation of techniques for classification
and regression problems. The process of learning involves identification of a model based
on the training data that are used to make predictions about unknown data sets.

Linear discrimination functions are the simplest form of discrimination functions. To
overcome the limitation of only linear decision functions some attempts have been made to
incorporate nonlinearity into the classical algorithm [107]. Hastie et al. [108] introduced
the so called model of flexible discriminant analysis(FDA). FDA is reformulated in the
framework of linear regression estimation and a generalization of this method is given by
using nonlinear regression techniques. The proposed regression techniques implement the
idea of using nonlinear mappings to transform the input data into a new space in which
again a linear regression is performed.

In the case of too many predictors, such as the pixels of a digitized image, we do not
want to expand the set: it is already too large. Breiman and lhaka [109] proposed an
idea to fit an linear discriminant analysis model, but penalize its coefficients to be smooth
or otherwise coherent in the spatial domain, i.e. as an image. We call this procedure
penalized discriminant analysis(PDA). With FDA itself, the expanded basis set is often so
large that regularization is also required.

Hastie and Tibshirani [110] developed mixture discriminant analysis (MDA). MDA is to
model each class by a mixture of two or more Gaussians with different centroids, but with
every component Gaussian, both within and between classes, sharing the same covari-
ance matrix. This allows for more complex decision boundaries, and allows for subspace
reduction as in LDA.

A tree-structured method for classification and least-square regression was first proposed
by Morgan and Sonquist [111] in order to handle interactions in survey data. Their idea
was to recursively partition the data until a criterion is met, so that the partitions reduce
prediction error. The computer program is called AID (Automatic Interaction Detection).
Breiman et al. [109] proposed classification and regression tree (CART), which extended
the basics of AID. Rather than stopping the partitions when a criterion is met. CART
first grows a large tree, and then cuts it back to a smaller size. subsequently, a number
of tree-structured methods based on CART have been developed. However, because AID
and CART evaluate all possible partitions, they are computationally very expensive. Fur-
thermore, such an exhaustive search may cause a bias in covariate selection because it is
sensitive to outliers and prefers endcuts.



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

CHAPTERS5. SVM-BASED FEATURE SELECTION AND CLASSIFICATION 109

In real world applications these approaches have to deal with numerical problems due
to the dimensional explosion resulting from nonlinear mappings. In the recent years ap-
proaches that avoid such explicit mappings by using kernel functions have some popular.
The main idea is to construct algorithms that only afford dot products of pattern vectors
which can be computed efficiently in high-dimensional spaces. Examples of this type of
algorithms are the support vector machines (SVM).

SVM, first introduced by Boser et al. [112] and discussed in more detail in [40] [41], has
its roots in statistical learning theory [39] which aims to create a mathematical framework
for learning from input training samples with known identity and predict the outcome of
data points with unknown identity. This results in two important theories. The first theory
is called empirical risk minimization (ERM) where the aim is to minimize the learning or
training error. The second theory is called structural risk minimization (SRM), which is
aimed at minimizing the upper bound on the expected error over the whole dataset. SVMs
are based on the SRM theory.

A SVM is a supervised learning technique based on the principle of optimal separation
of classes. The goal is to find a linear separating hyperplane that separates the classes
of interest provided the data is linearly separable. The optimum hyperplane provides the
maximum margin between the two classes. For each class, the data vectors forming the
boundary of classed are located on supporting hyperplanes - the term used in the theory
of convex sets. Thus, these data vectors are called the “support vectors”. It is noteworthy
that the data vectors located along the class boundary are the most significant ones form
SVMs. Here is a simple example in 2D where a user is trying to separate data of two
classes of samples (red circles and green squares) as shown in Figure 5.2.
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Figure 5.2: 2D example of separating data to two classes [1]

One of the main advantages of SVMs is that they are maximal margin classifiers. For
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example, in Figure 5.3 on the following page, D is a better separator than A, B or C
since it will be more likely to classify new samples that are close to the current decision
boundary.
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Figure 5.3: Maximal margin classifiers [1]

Two results make this approach successful:

1. The generalization ability of this learning machine depends on the VC dimension (a
measure of the capacity of a learning algorithm) of the set of functions that the machine
implements rather than on the dimensionality of the space. A function that describes the
data well and belongs to a set with low VC dimension will generalize well regardless of
the dimensionality of the space.

2. Construction of the classifier only needs to evaluate an inner product between two
vectors of the training data. An explicit mapping into the high dimensional feature space
iS not necessary.

5.2 Defect Features

Most researchers extract the morphological features associated with the shape and size of
the defects. Mery [23] proposed to extract texture features. In this study, we will extract
these groups features: texture features and morphological features.
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5.2.1 Texture-based Features

For our problem, the description of texture of the defect in the radiographic image, two
texture features: co-occurrence matrix and Gabor filter are extracted.

Co-occurrence Matrix

There are several reasons to choose co-occurrence matrix as one method for our analysis:

1. The defects’s positions are random. It is impossible to predict where the defects
appeatr.

2. The background is uniform. The pattern of optical density is rather random. The
defects are not the only dark region in the image. Some parts of the image may have
a darker gray level.

3. The size of defects is small. The smallest defect we deal with has the length or width
around 2-5 pixels.

4. Co-occurrence matrices have the significant advantage that they describe the pixels’
spatial inter-relationships in an image in a way that is unaffected by monotonic gray
level transformations.

A co-occurrence matrix is a square matrix with elements corresponding to the relative
frequency of occurrence of pairs of gray level of pixels separated by a certain distance in
a given direction. Formally, the elements ofregray level co-occurrence matrig; for a
displacement vectat = (dx, dy) is defined as [69]:

Pd<i7j) = H((Tv 8)7 (t,v)) : I(T,S) = i7[(t7v) = ]}’ (51)

wherel denotes an image of siZéx N with G gray levels(r, s), (t,v) € NxN, (t,v) =
(r + dz, s + dy) and|.| is the cardinality of a set. Figure 5.4 shows the four directions of
the co-occurrence matrix. Figure 5.6 shows co-occurrence matrices for Figure 5.5.

Haralick [24] proposed 14 measures of textural features which are derived from the co-
occurrence matrices, and each represents certain image properties such as coarseness, con-
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Figure 5.4: The four directions for the co-occurrence matrix

1 1 2 2
1 1 2 2
3 3 1 1
3 3 1 1

Figure 5.5: A4 x 4 image with 3 gray-level values 1-3

Grey |1 2 3 Grey | 2 3

level level

1 4 2 0 1 2 2 0

2 0 2 0 2 0 1 0

3 2 0 2 3 2 1 1
(a) (b)

Grey |1 2 3 Grey | 2 3

level level

1 4 2 0 | 3 1 1

2 0 2 0 2 | 1 0

3 2 0 2 3 1 0 1
(c) (d)

Figure 5.6:Co-occurrence matrices for Figure 5.5: (8),
(b) 45°, () 90°, (d) 135°

trast, homogeneity and texture complexity. Those used in this work for extracting features
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in the defect detection of radiographic images are:

1) Shannon Entropy:

fe==Y_> pli.j)logpli,j) (5.2)
i
Entropy measures the complexity of the image. Complex textures tend to have higher
entropy.
2)Contrast:

fo==>_Y(i—3)pli,j) (5.3)
i
Contrast feature is a measure of the image contrast or the amount of local variations present
in an image.

3)Angular Second Moment:

fa==2_2 i)Y (54)

The angular second moment, also called energy, is a measure of textural uniformity of an
image. Energy reaches its highest value when gray level distribution has either a constant
or a periodic form.

4)Inverse Difference Moment:

Jr= —ZZﬁp(i,j) (5.5)

The inverse difference moment measures image homogeneity. Hence it is suitable measure
for detection of disorders in image. For homogeneous textures value of angular second
moment turns out to be small compared to non-homogeneous ones.

In Equations (5.2)-(5.5)y(¢, 7) refers to the normalized entry of the co-occurrence ma-
trices. That isp(i,j) = Pa(i,j)/R, whereR is the total number of pixel pair§, j).

For a displacement vectat = (dz,dy) and image of size/ x N, R is given by
(M — dx)(N — dy).
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In this work, the texture features are extracted for four directions46°, 90° and135°)
for distanced = 1.

Gabor Filter

A common technique for implementing multiresolution analysis is the wavelet transforms.
However, wavelet bases are shift invariant and, therefore, it is difficult to characterize a tex-
ture pattern from the wavelet coefficients since the wavelet descriptors depend on pattern
location [113]. Gabor filters can also decompose the image into components correspond-
ing to different scales and orientations. Gabor filters achieve optimal joint localization in
spatial and spatial frequency domain [35].

In this work, measurements in both the spatial and the spatial frequency domains are con-
sidered. As mentioned above, Gabor filters have the ability to perform multi-resolution
decomposition due to its localization both in spatial and spatial frequency domain. Filters
with smaller bandwidths in the spatial-frequency domain are more desirable because they
allow us to make finer distinctions among different textures. On the other hand, accurate
localization of texture boundaries requires filters that are localized in the spatial domain.
However, normally the effective width of a filter in the spatial domain and its bandwidth

in the spatial-frequency domain are inversely related according the uncertainty principle.
That is why Gabor filters are well suited for this kind of problem.

In the spatial domain, the Gabor function is a complex exponential modulated by a Gaus-
sian function. The Gabor functions are a complete (but nonorthogonal) basis set given

by

flx,y) = 1 exp {_l (x 4 %)} exp(2mjugr) (5.6)

- o2
2mo,0, 2 \ o} by

whereo, ando, denote the Gaussian envelope alongitedy axes, and:, defines the
radial frequency of the Gabor function.

In the frequency domain, the Gabor function acts as a bandpass filter and the Fourier
transform off (x, y) is given by

F(u,v) = exp {—% {(“_—“O)Q + ”—2} } (5.7)
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whereo,, = ﬁ ando, = -——. An example of a Gabor filter in spatial domains is given

2moy "

in Figure 5.7.

(b)

Figure 5.7: A directional Gabor filter in the frequency (a) and spatial(b) domains

Most Gabor filters have small response to regions of uniform luminance. This results in
sensitivity to background luminance levels, which signifies a first order difference between
regions. This can be corrected by subtracting the mean pixel value of each filter from each
of pixel value. In the frequency domain this results in the subtraction of a sinc function
with the same value as the filter at the origin. Unfortunately, the sinc function induces
ripples in the filter's response, especially at low frequencies. However, if the amplitude
of the sinc is sufficiently low then these ripples are not detectable in the spectral plots
for the filters. A Gabor filter is built in the Fourier domain, aAdu, v) is kept zero at

u = v = 0. This ensures that the filters do not respond to regions with constant intensity.
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In addition to radial frequency and orientation, frequency and orientation bandwidths are
also very important. The filter parameters are decided such that the space frequency plane
is covered nearly uniformly. In our implementation, we have used the following scheme
to cover the frequency plane nearly uniformly [114], herés scalen is orientation.

frm(@,y) =" f(2,y) (5.8)
¥ =a "(x-cosf+y-sinbh) (5.9)
y =a " (—x-sinf+y-cosb) (5.10)

wherea > 1, m,n = interger. § = nn/K and K is the total number of orientations.
The scale factory ™ ensures that the energy is independent.dcale)

[e¢) o) 2
E.n :/ / | foun(, )| dxdy (5.11)

Let U; andU,, denote the lower and upper center frequencies of interestikLbé the
number of orientations antibe the number of scale in the multiresolution decomposition.
The the design strategy is to ensure that the half peak magnitude cross-sections of the
filter responses in the frequency spectrum touch each other. This results in the following
formulas for computing the filter parametersando,,.

a = (Up/U)"EY (5.12)
. (Oé - 1)Uh
Ou = a1V (5.13)
s 02 n 2O'2
oy = tan(5)[Un — 21112(—1;)][2 In2— %]W (5.14)

wherem = 0,1, ..., 5 — 1.

Each of the complex Gabor filters has the real and imaginary parts that are conveniently
implemented as the spatial magkx L sizes. In order to have a symmetric region of
support,L should be an odd number. In our work, the filter parameters used are2,
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Figure 5.8: Gabor kernels at 8 orientations and 8 frequencies in the frequency domain

U, =0.4, K =8, andS = 8. Figure 5.8. shows the Gabor kernels at 8 orientations and 8
frequencies in frequency domain.

The Gabor filters are applied to each segmented windohat contains the hypothetical
defect and its surrounding. The filter window#s,,, are computed using the 2D convolu-
tion of the windowlV" of the radiographic image with the Gabor mask as follows:

Crn = {[frun (@, 9)r + W (@, ) + [frun ()i % W (2, )]}/ (5.15)

wherex denotes the 2D convolution operation, afg.(z,vy), and f,..(x,y); represent

the real and imaginary parts of the Gabor filter separated from 5.8. The Gabor features,
denoted byy,.,., are defined as the average outpud9f,, ie, it yields K x S features for

each segmented window:

I e -
G = > Gl ) (5.16)
Putw = “=

where the size of the filtered windows, .., IS p., X ¢
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5.2.2 Morphological Features

This category features descriptors comprises area, length, shape factors of potential de-
fects.

1. Area
Area is defined as the number of pixels interior to or on the potential defect boundary.
2. Length

Length is the projection of the potential defect along the major axis of the ellipse that has
the same normalized second central moments as the potential region.

3. Width

Width is the projection of the potential defect along the minor axis of the ellipse that has
the same normalized second central moments as the potential region.

4. Elongation
Equation (5.17) computes the ratio between the length and width of the potential defect,

which takes a valued between 0 and 1.

width
length

(5.17)

elongation =

5. Orientation

The orientation of the potential defect stretching in the weld is calculated as the angle (in
degrees) between the horizontal line(x-axis) and the major axis.

6. Ratio of width to area (RWA)

Equation (5.18) computes the ratio between the width and the area of the potential defect.

width
area

RWA =

(5.18)

7. Compactness
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This feature measures the object shape that is calculated by

erimeter?
compactness = perimerer (5.19)
area

where perimeter is the number of boundary points around the defect area. A circular object
has a smaller compactness valued than a non-circular object.

5.2.3 Summary

The complete set of features is shown in Table 5.1. For each potential discontinuity, 87
features are extracted.

Table 5.1: Extracted features for defect detection

Feature No. Feature description

From f; to fs4 Gabor features

From fgs to fso | Co-occurrence matrix features

From fg; to fsr Morphological features

5.3 Design of Support Vector Machines

In this section, the SVM will be designed for feature selection and classification. Based
on statistical learning, Vapnik [45] [115] formulated the SVM. It is based on SRM to
achieve the goal of minimizing the simultaneous bounds on the VC-dimension and the
empirical risk. SVM claims to guarantee generalization, i.e., the decision rule reflects the
regularities of the training data rather than the incapabilities of the learning machine. It
also allows various other learning machines to be constructed under a unified framework,
hence simplifying comparisons and promoting understanding.

Let x; = (215, T2, -, Tni) T, i = 1,..., M, be a sample ok € R™ and belong to Class |
(defect) or Class Il (non-defect). For linearly separable data, it is possible to determine

a hyperplane that separates the data leaving one class on one side of the hyperplane, the
other on the other side. This plane can be described by the equation:
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f(z) :WTX—i-b:ijxj—i—b:O (5.20)
j=1

wherew € R" is a weight vector antlis a scalar. The vectav and the scalar determine
the position of the separating hyperplane.
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Figure 5.9: Overview of SVMs in linear separable case [1]

Figure 5.9 shows an overview of SVMs in the linear separable case. SVMs optimize
parametersv andb based on maximum margin strategy. The margin is defined as the dis-
tance between two separate hyperplanes which is equal distant from and a parallel with the
optimal hyperplane, like hyperplane in Figure 5.9. The strategy theoretically guarantees
low generalization error for unknown example even in a high dimensional feature space.

The margin can be written as norm ﬁ)jﬂ Thus, we can find an optimal hyperplane
maximizing margin by solving the following problem:

o 1, o
minimize §||W||
subject to y;(w - x; +b) > 1 (5.21)
The solution of this problem is obtained using the Lagrangian theory:

l
L(w,b,a) — %HWH2 =3 ai(piw - x; +b) — 1) (5.22)
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The corresponding dual is found by differentiating with respeest andb,

OL(w, b, ) l
b
OL(w.b,a) Zazyz =0 (5.24)
!
w = Z QY X (5.25)
i=1

However, in practice, data sets are not linearly separable due to noise and mixture of
classes during the selection of training data. So, it is impossible in practice to create
a linear separating hyperplane to separate classes of defect and non-defect without any
misclassification error for a given training data set. This problem can be tacked by using a
soft margin classifier [116] [117]. Soft margin classification relaxes the requirement that
every data point belonging to the same class must be located on the same side of a linear
separating hyperplane. It introduces slack variglitetake into account the noise or error

in the dataset due to misclassification.

I
L L o
minimize §HW|| —I-CZ;&
subject to y;(w-x; +0) > 1—¢; (5.26)

where¢; > 0 for all 7. This new formulation trades off the two goals of finding a hy-

the data well (minimizing thé&;). The paramete€’ controls this trade-off. Figure 5.10
illustrates the soft margin SVM.

Often, a linear separating hyperplane is not able to classify input data without some error.
Under such circumstances, the data are transformed to a higher dimensional space using
a non-linear transformation that spreads the data apart such that a linear separating hyper-
plane may be found. However, due to very large dimensionality of the feature space, it
is not practical to compute the inner product of two transformed data vectors. Neverthe-
less, this may be achieved by using a kernel trick [118] instead of explicitly computing
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Figure 5.10:(a) The data points are not linearly separable.
The solid black line is the SVM solution. The
white triangle and the white rectangle are mis-
classified. The slack variables designate the
distance of these points from the dashed lines
for the corresponding classes. (b) The classes
are separable. The dotted line is the solution
when the tradeoff parameter C is very large
(e.g., infinite), and this gives us the maximum
margin classifier for the separable case. If the
tradeoff parameter is small, then one allows er-
rors (given by the two slack variables), but one
gets a much larger margin.

transformations in the feature space. The kernel function is played by substituting a ker-
nel function in place of the inner product of two transformed data vectors. The use of
the kernel trick reduces the computational effort by significant amount. Using the kernel
trick makes the maximum margin hyperplane fit in a feature space. The feature space is
a non-linear map from the original input space, usually of much higher dimensionality
than the original input space. In this way, non-linear SVMs can be created [119]. Support
vector machines non-linearly map thekdimensional input space into a high dimensional
feature space. In this high dimensional feature space a linear classifier is constructed.

The basic idea of kernel trick is to nonlinearly map the data to a feature space of high or
possibly infinite dimensions — ¢(x), then compute a decision function of the form:

fx)=w-p(x)+0b (5.27)
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We then apply the linear SVM algorithm in this feature space. A linear separating hyper-
plane in the feature space corresponds to a nonlinear surface in the original space. We can
now rewrite Equation 5.26 using the data points mapped into the feature space, and we
obtain Equation 5.28.

I
1
minimize §HWH2 +C ;ﬁi (5.28)

& > 0 for all 7, where the vectow has the same dimensionality as the feature space and
can be thought of as the normal of a hyperplane in the feature space.

The solution of this problem is obtained using the Lagrangian theory and one can prove
that vectorw is of the form:

l
W= Z ;Y (Xs) (5.29)
=1
wherec is the solution of the following quadratic optimization problem:

1
61‘]’

W 7 1 ) (2 +
maximize Z Q; Z ;oYY K (%4, %5) C

subject to Z ay; =0 (5.30)
=1

wherea; >0 i =1,...,1, J,;; is the Kronecker symboli (x;, x;) is the kernel function

K(x;,%x;) = ¢(x:) - ¢(x;) (5.31)

Some of the commonly used kernels include Linear, Gaussian RBF (Radial Basis Func-
tions), polynomial functions, and sigmoid polynomials as shown in Table 5.2.

The design of an SVM for a classification task consists of two tasks: choosing the kernel
function and setting a value for the parameterThe parametef’' is also called an error
penalty, because it deals with the trade-off between maximum margin and classification
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Table 5.2: Some kernel functions

Kernel Function Definition Parameters
Linear X - X;
Gaussian RBF exp(—%) o is a user defined value
Polynomial of degred (x-x; +1)2 d is a positive integer
Sigmoid tanh(k(x - x;) — 0 | k andd are user defined values

error during training. A high error penalty will force the SVM training to avoid classifi-
cation errors. It is clear that with high error penalty, the optimizer gives a boundary that
classifies all the training points correctly. This, however, can give very irregular bound-
aries that may not lead to good performance of the classifier in the test set. In this study,
we choose”' = 100. Comparing with a lower error penalty = 1 and a higher error
penaltyC = 1000, C' = 100 can reach a good trade-off between maximum margin and
the classification error. The selection of kernel function also has influence on the decision
boundary. Usually an RBF kernel is favored, because they are not sensitive to outliers and
do not require inputs to have equal variances. So, we choose the Gaussian RBF kernel
function.

5.4 Feature Selection based on SVM and ROC

The purpose of feature selection is three-fold: improving the prediction performance of
the predictors, providing faster and more cost-effective predictors, and providing a better
understanding of the underlying process that generates the data. There are many potential
benefits of variable and feature selection: facilitating data visualization and data under-
standing, reducing the measurement and storage requirements, reducing training and uti-
lization times, and defying the curse of dimensionality to improve prediction performance.

In this study, an SVM-based feature selection algorithm is applied to select features.
However, this algorithm relies on a backward feature selection, which is computationally

tractable but not necessarily optimal. We improve the performance of the feature selection
result by combining SVM-based feature selection with an ROC feature selection process.
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5.4.1 Feature Selection Methods

Branch and Bound Methods

The simplest and most commonly used feature selection methods are known as branch
and bound techniques [120] [121]. These techniques are guaranteed to converge to the
optimal set of a given number of features if the measure used to compare different sets is
a monotonic function. That means if, for a feature Bahe suitability measuré has a

value S(F') then, for any other set’, with F' C F”, S(F") must satisfy

S(F') < S(F) (5.32)

A consequence of this inequality is that the value of the meaSwwél always increase

(the value of a corresponding error function will always decrease) by including one more
feature in the proposed set of features and , therefore, this monotonicity does not allow
the determination of the optimal size of the required feature space: the minimum value
of the error function will only be reached if all the possible features have been included.
However, the error function allows the comparison between features sets with the same
number of features.

Given the monotonicity of the error function, some criterion must be used for the determi-
nation of the optimal set of features. Typically, this criterion is chosen as follows:

1. The asymptotid N N error measure.
2. The Bayes’ error.
3. The Bhattacharyya distance between classes [122].

4. The Kolmogoroff-Smirnoff distance between classes [120].

The branch and bound search technique works in the following wayV lbe the total
number of features available ad* the optimal number of features. For one random
set of N* features, say,, o, the value of the suitability measutg F,,, ) is calculated

and it is set as a threshold. Assuming that the best feature set will be the one with the
highest corresponding value 8f a search is initiated by forming all the possible feature
sets of populationV — 1. For each one of these, the valuefofis calculated. If one or
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more of these feature sets give rise to a valué& ddwer than the threshold, the all the
subsets of these feature sets are excluded from any further search as they are guaranteed
to present a suitability criterion value lower tha(F}, ). From the other feature sets of
populationN — 1, the one with the highest is selected and all of its subsets of containing

N — 2 features are considered. The process is repeated until all the possible feature sets
of betweenN* and N features have been either examined or excluded. Every time a set
with exactly N* features is found with a higher than the threshold valu&,af becomes

the currently selected feature set and its corresponglivgjued the new threshold value.

This search algorithm is guaranteed to converge to the optimal feature set for the par-
ticular suitability criterion, offering significant savings compared to exhaustive search.
However, when the number of features is large, even the branch and bound technique is
computationally expensive. Also, the suitability criteria usually require the estimation of
the class-conditional probability density functions which, for large numbers of features, is
impractical.

Forward Feature Selection Method

This feature selection method starts by assuming an empty initial set of features. Then
each feature in the data set is examined separately and the one which provides the best
classification results on its own is selected as the first feature. In the second iteration
all the possible combinations of the first feature with each one of the remaining features
is examined and the pair of features giving the best classification results is kept. This
process continues until such time that no further addition to the selected feature set results
in a significant classification improvement.

Two processes need to be determined in a forward feature selection method: the evaluation
of the classification results and the termination criterion. For the first process, an obvious
choice is the fraction of samples correctly classified, or some other measure such as class
separation, while the termination criterion is usually a statistical significance test.

The sub-optimality of the forward feature selection is due to the fact that a number of
features, when considered together, may provide discriminatory properties, while when
considered individually, they may perform very poorly [123]. Therefore, they may never
be selected by the forward selection method, which will instead only indicate a local max-
imum of optimality.
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Backward Features Selection Method

The backward feature selection is the opposite of the forward method. In fact, it is a more
accurate feature elimination method. Initially, the entire training data set is considered
and the classification performance of the complete set of features is evaluated. The same
process is repeatedl — 1 times for theN — 1 feature sets derived from the complete set
with the exclusion of one feature at a time. The feature whose absence from the feature
set has the least effect on the classification performance is eliminated and the process
continues with the consideration of tiié — 2 possible feature sets formed by excluding

the eliminated feature and one of the remainivig- 2 features at a time. This process

of feature elimination continues until none of the remaining features can be eliminated
without causing a statistically significant decrease in performance.

The backward feature selection does not suffer from the drawback of the forward selection
described earlier. A backward sequential selection has lower computational complexity
compared to randomized or exponential algorithms and it has optimality in the subset
selection problem [124]. However, it is sub-optimal method as well, for other reasons:
the termination criterion may stop the variable elimination process due to a temporary
performance degradation because of a local energy function minimum. Also, in the case
where highly correlated features exist in the feature set and one of them is eliminated,
it may be a feature that would actually prove more useful in a smaller feature set. A
final disadvantage of the backwards feature selection method is that it may be much more
intensive computation than the forwards one, as it considers larger feature set.

5.4.2 Feature Selection using SVM-based Criteria

In this study, a backward feature selection method, SVM-based feature selection algorithm
is applied. The SVM is provided with many statistics that allow one to estimate their
generalization performance from bounds on the leave-one-outferibne leave-one-out

error is the number of classification errors produced by the leave-one-out procedure which
consists in learning a decision function from— 1 examples, testing the remaining one

and repeating until all elements served as test example. The leave-one-out error is known
to be an unbiased estimator of the generalization performance of a classifier trained on
m — 1 examples. One of the most commérerror bounds for SVM is the radius/margin
bound (for decision function with non-zero bigq40]:
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L < 4R?*||w|? (5.33)

where R is the radius of the smallest sphere that contains all the mappeddata A
tighter bound named ”"span estimate” is also available and is based on the diStance
between a mapped support vecidk,) and the span of all other support vectors [125].
The following equation holds:

L<Y s (5.34)
p

wheresS? for SVM with quadratic slack variablg, is related to the extended matrix of the
dot product between support vectors

Koy = (5.35)
170
The SVM-based feature selection algorithm is as follows:
1. Initialization: Ranked = [ |; Var = [1, ..., N]
2. Repeat
1) train an SVM classifier with all the training data and the variables.
2) for all variables inV ar, evaluate the ranking criterioR.(:) of variablei end for
3) best = argmin; R,
4) rank the variable that minimizdsc : Ranked = [best Ranked]

5) remove the variable that minimiz&s from the selected variables sétar = [1, ..., best—
1,...,N]

3. Until Var is empty

It requires a ranking criterion to rank variables. The problem of searching for the “best”
r variables is solved by means of a greedy algorithm based on backward selection [126].



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

CHAPTERS5. SVM-BASED FEATURE SELECTION AND CLASSIFICATION 129

Hence, the algorithm starts with all features and repeatedly removes a featurefeatil

tures are left or all variables have been ranked. Rakotomamonjy [127] presented different
criteria for variable selection algorithms. This criteria are derived from the generalization
error bounds of SVM theory: weight vector nofiw||* and upper bounds of theave-one-
outerror. Drawing inspiration from the neural networks community, a zero-order method
and a first-order method were proposed for each criterion. For the zero-order method, the
criterion C, is directly used for variable ranking, and the method consists in identifying
the variable that produces the smallest valued'oivhen removed. The ranking criterion
then become®. (i) = C\” with C, () being the criterion valued when variablaas been
removed. The first-order method uses the derivatives of the critétiovith respect to a
variable. The ranking criterion iB.(i) = |VC%|. This method differs from the zero-order
method because a variable is ranked according to its influence of the criterion which is
measured with the absolute valued of derivative. We have investigated the experimentally
performance of the different criteria. The zero-or¢ler|? criteria performs consistently

well over the dataset we used.

The zero-ordefw]|? ranking term is:

R.(i) = va(i)||2 = Zaz(i)a;(i)ykyjf((i) (Xk, X;5) (5.36)
k,j

where K is again the gram matrix of the training data when the variabias been
removed. In order to reduce time complexity we consider the paramgj‘@requal toa;
during the evaluation oR,(7).

The top 12 features are ranked as shown Table 5.3.

Table 5.3: Top 12 Features Selected using SVM

RankedNo., 1 | 2 | 3 | 4 | 5|6 | 7|8 |9 |10| 11|12

Feature | fes | fos | fio | Jro | fro | for | fos | fe3 | foa | feo | far | f5

This algorithm relies on a backward feature selection, which is computationally tractable
but not necessarily optimal. Next we improve the performance of the algorithm by com-
bining with the ROC feature selection process.
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5.4.3 Feature Selection using the Receiver Operating Characteristic
Curves

ROC (receiver operating characteristic) analysis is commonly used to measure the per-
formance of a classifier [128]. An ROC curve depicts the true-positive rate versus the

false-positive rate of a classifier for varying classification decision thresholds. In a clas-

sification attempt of a two-class data set we can define four rates. If we label one of the
classes positive and the other negative the four rates are:

1. True positive rate (TPR), the percentage of positive instances which have been cor-
rectly classified as positive.

2. False positive rate (FPR), the percentage of negative instances which have been
wrongly classified as positive.

3. True negative rate (TNR), the percentage of negative instances, correctly classified
as negative.

4. False negative rate (FNR), the percentage of positive instances, wrongly classified
as negative.

It is clear that

FNR=1-TPR
TNR=1-FPR (5.37)

Hence a description of classifier performance may be obtained from the trade-off between
eitherT’PR and FPR or TN R and FFN R. The defect detection involves problems with

only two possible outputs: defect and non-defect. The defect instances are labeled positive
while the non-defect ones are labeled negative.

An ROC curve is a two-dimensional depiction of classifier performance. To compare
classifiers we may want to reduce ROC performance to a single scalar value representing
expected performance. A common method is to calculate the area under the ROC curve,
abbreviated AUC. The AUC is a reasonable performance statistic for classifier systems
assuming no knowledge of the true ratio of misclassification costs. Since the AUC is a
portion of the area of the unit square, its value will always be between 0 and 1.0. However,
because random guessing produces the diagonal line between (0,0) and (1,1), which has
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an area of 0.5, no realistic classifier should have an AUC less than 0.5. The AUC has an
important statistical property: the AUC of a classifier is equivalent to the probability that
the classifier will rank a randomly chosen positive instance higher than a randomly chosen
negative instance.

In our case, each feature is analyzed independently using a threshold classifier. For exam-
ple, Figure 5.11 and Figure 5.12 show the areas under two ROC curves, féatared
featurefs;. Featuref;; has greater area and therefore better average performance.

ROC Curve (AUC=0.6734)

true positive rate
=
[mr]

l:l L 1 1 L 1
1] 0.z 0.4 0.6 0.8 1 1.2

fals e positive rate

Figure 5.11: ROC of featurg,

Table 1 presents the top 12 valued features obtained by computing the AUC in our data
set.

The complete set of selected features is shown in Table 5.5. 16 features are selected by
combining the top 12 features selected using SVM and best 12 features selected using
ROC.
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Table 5.4: ROC analysis

Gabor AUC | Co-occurrence AUC | Morphological | AUC
feature matrix feature feature
s 0.6753 for 0.6852 fs1 0.6977
fz 0.6751 Joo 0.6616 fso 0.6585
I 0.67621 fr 0.6792 fs3 0.6920
fi2 0.6734 J79 0.6852 Jsa 0.6884

Table 5.5: Selected features

Feature type

Selected feature No.

Gabor features

f51 f?! f&a f121 f281 fl2a f55

Co-occurrence matrix featuresfss, fe7, fe0, f71, fr2, fr7, fro

Morphological features

f811 f82a f831 f84
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ROC Curve (AUC=0.5662)
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Figure 5.12: ROC of featurgs;

5.5 Classification Result using SVM

In this study, 25 radiographic weld images are analyzed. In the segmentation stage, 809
potential discontinuities are obtained, of which 473 are real defects. Types and distribution
of welding defects is shown in Figure 5.13. For each potential discontinuity, 87 features
are extracted, and only 16 of them are selected. 14 images with 475 potential defects
are selected and used to train the SVM classifier designed with a Gaussian RBF kernel.
Special attention is paid to ensure that instances of all different defects types are included.
The remaining 11 images with 334 potential defects are used to test the classifier. Using
this method, 97.99% of the existing flaws are detected with 14.81% of false alarms.

In Table 5.6, the classification results with the selected best sixteen features and no feature
selection are compared. The ROC curve obtained by the SVM classification with the
sixteen selected features is shown in Figure 5.14. The ROC curve obtained by the SVM
classification without feature selection is shown in Figure 5.15. We can see that feature
selection can eliminate irrelevant variables to enhance the generalization performance of
a given learning algorithm.
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Figure 5.13: Types and distribution of defects

Furthermore, in Table 5.7 the SVM classifier designed with a Gaussian RBF kernel and
an SVM classifier designed with polynomial kernel are compared. The best performance
is obtained by Gaussian RBF kernel.

ROC Curve (AUC=0.9548)

1.2

true positive rate

0 0.2 0.4 0.6 0.8 1 1.2
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Figure 5.14:ROC curve of SVM classifier designed with
Gaussian RBF kernel
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ROC Curve {AUC=0.9293)
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=
[an]

a 0.z 0.4 ne n.g 1 1.2

false positive rate

Figure 5.15: ROC curve of SVM without feature selection

Table 5.6: Feature selection influence for classification

Method error |TP | TN | FP | FN Sh 1-S5, | AUC

Feature selection is ap-7.19% | 195| 115| 20 | 4 | 97.99%| 14.81%| 0.9548
plied before classifica
tion

Feature selection isnlt19.96%| 150| 124 | 11 | 49 | 75.38%]| 8.15% | 0.9293
applied before classifi
cation
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ROC Curve (AUC=0.9333)
1.2

g r

n.e6 r

true positive rate

0.4 r

0.z

I:l 1 L L L L
1] 0.z 0.4 0.8 0.8 1 1.2

fals e positive rate

Figure 5.16:ROC curve of SVM classifier designed with
Polynomial kernel

e TP
sensztzmty Sn = m—m
FP

whereT P is the number of true positives (correctly detected defe€td)js the number of
true negatives (correctly detected non-defedtsy,is the number of false positives (non-
defects detected as defects), dn is the number of false negatives (defects detected as
non-defects). Ideallys,, = 1 and1 — S, = 0, this means that all defects are found without
any false alarms.

5.6 Classification Performance

In this section, an SVM classifier and several types of popular pattern classifiers used for
defect detection are implemented on the data set, and the results are compared with each
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Table 5.7: SVM classifier with different kernel

Kernel error | TP | TN | FP | FN Sy, 1-5, | AUC

Gaussian RBF 7.19% | 195| 115| 20 | 4 | 97.99% 14.81%) 0.9548

Polynomial | 13.17%| 170 | 120 | 15 | 29 | 85.43%| 11.11%/| 0.9333

other. The classifiers compared with SVM in this study are a k-means classifier, a linear
discriminant classifier, a k-nearest neighbor classifier and a feed forward neural network.
It is noteworthy that the k-means method is the typical unsupervised statistical classifier,
the linear discriminant method and k-nearest neighbor classifier are the typical supervised
statistical classifiers, and the feed forward network is a typical artificial neural network.
In other words, we are comparing the classification performances of the SVM with typical
unsupervised/supervised statistical classifiers and artificial neural network in this study.

5.6.1 K-means Classifier

The k-means classifier is a typical unsupervised classifier. In general, the k-means method
assumes that the samples belong to k disjoint classes, and the centroid of each of the
classes in the feature space can be found in an iterative manner. K-means method will
attempt to minimize the following target function [129].

n

T=>3" N =l (5.39)

j=1 i=1

where||:z:§j) — ¢;||? is a chosen distance measure between a data:pﬂr&nd the cluster
centrec;, is an indicator of the distance of thedata points from their respective cluster
centres.

The algorithm is composed of the following steps
1. Place K points into the space represented by the objects that are being clustered.
These points represent initial group centroids.
2. Assign each object to the group that has the closest centroid.

3. When all objects have been assigned, recalculate the positions of the K centroids.



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

CHAPTERS5. SVM-BASED FEATURE SELECTION AND CLASSIFICATION 138

4. Repeat Steps 2 and 3 until the centroids no longer move. This produces a separation
of the objects into groups from which the metric to be minimized can be calculated.

5.6.2 Linear Discriminant Classifier

Linear discriminant method is another widely used method for pattern classification, and
it is adopted in this study to classify different patterns. Linear discriminant method can ef-
fectively discriminate two multivariate normal populations with equal variance-covariance
matrices. The linear discriminant analysis method consists of searching some linear com-
binations of selected variables, which provide the best separation between the considered
classes. These different combinations are called discriminant functions [130]. The fisher
linear discriminant is described in the book [1]. In LDA, within-class and between-class
scatter are used to formulate criteria for class separability. The class separability in a
directionw € R" is defined as

F(w) = W Spw (5.40)

wTSww

The between-class scatter matrix is defined as

Sp = (111 — pi2) (11 — pi2)"
1
Hy =— > xi yel,2 (5.41)

¢ xeD;

The within-class scatter matrix is defined as

Sw=S51+85,
Sy = (% — ) (xi — )", y€1,2 (5.42)

i€y,

For the linear discriminant method in two class case, the classification rule can be stated
as

e Given a sample feature vectey

e Choose class | ifv - x + b > 0 and choose class Il otherwise
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where vectow = Sw ' (i, — p2), vectorb = (g — p2)Sw (i1 + p2)/2. During the
training phasew andb are learned from the training samples.

5.6.3 K-nearest Neighbors Classification

The k-nearest neighbors (KNN) classification is a method of classification that uses a

training set chosen from the data as a point of reference in classifying observations. The
idea of the method is to find the k elements of the training set that are closest to the target
element to be classified. The target is then classified as belonging to whatever category
that is the most frequent among the k-objects.

The KNN method is a widely used technique for solving classification problems. KNN

is a non-parametric procedure. This means that it is not necessary to make assumptions
about the underlying probability density functions of theeatures in the feature vectors.

This is a desirable property since in practise the parameters of density functions are often
hard to obtain. KNN approximates the density functig() of the features as:

pal) = 22 (5.43)

wherek,, is the number of observations within a certain voluein the feature space
with dimensiond andn is the total number of observations. The siz&pfs chosen so that

it containsk observations with the feature vectoas the center point. The approximation
gets more accurate when the number of samples increases [1]. When an obsaristion
to be classified, a separate approximation is performed for each.glass

V

Pn(X, w;) = (5.44)

k; is the number of observations of the clagsvithin the volumel” . The probability that
an observatiox belongs to a certain clag3,(w;|x) can then be calculated as:

&mmzzﬁgg@fwM: (5.45)

wherec is the number of classes. The probabilRy(w;|x) is evaluated for each class and
x is classified as belonging to the class with the highest probability, i.e. maximizing the
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expressiorki/k. KNN can be implemented by calculating the distance from the observa-
tion x of unknown class to all the otherobservations in the training set and then selecting
thek observations with the shortest distance [13lik classified as belonging to the class,
which is most common among tiheneighbors. In the two-class case the numbshould

be odd to avoid ties in the classification. The magnitudé sfchosen depending on the
number of observations. £ should be increased whenis high and decreased wheris

low. The optimal value of: in specific application can be evaluated through testing.

The distance between observations can be calculated with different metrics. A common
metric is the Euclidean distance, tlhe norm. The distance between the observations
andy is defined as:

d
Ly= | > (@m = ym)? (5.46)

m=1

The algorithm can be divided into three steps

1. Calculate the distance from validation sample y to each training sample x using the
Euclidean distance.

2. ldentify the k training samples with smallest distance to y and check what the ma-
jority class is among these.

3. Redo 1-2 for each validation sample

5.6.4 Artificial Neural Network

To assess the performance of the SVMs we also classified our segmented potential using
neural networks with a different algorithms and architectures.

Statistical pattern recognition uses statistical properties and criteria to differentiate data
patterns. Another type of pattern recognition method which has been widely utilized is

the artificial neural network method. Neural networks are designed to have the ability

to learn complex nonlinear input-output relationships, use sequential training procedures,
and adapt themselves to the input data.
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Artificial neural networks result from attempts to modele a system whose performance is
analogous to the most basic functions of human brains. As modern computers become ever
more powerful, scientists continue to be challenged to use machines effectively for some
tasks that are relatively simple to humans. Traditional, sequential, logic-based computers
excel in arithmetic, but are less effective than human brains in many fields. Human brains
have many other features that would be desirable in artificial systems.

Figure 5.17: The diagram of typical artificial neural network

An artificial neural network is an information-processing system that has certain perfor-
mance characteristics in common with biological neuron network. Artificial neural net-
works have been developed as generalizations of mathematical models of human neural
biology, based on the assumptions that: information processing occurs at many simple
elements called neurons; signals are passed between neurons over connection links; each
connection link has an associated weight, which multiplies the signal transmitted; and
each neuron applies an activation function to the input to determine the output signal. The
typical artificial neural network is shown in figure 5.17.

The artificial neural network used in this study is a multilayer feed forward network with
one hidden layer [132], trained using the supervised back propagation approach [132]. The
multi-layer feed-forward neural network distinguishes itself from the single layer network

by the presence of one or more hidden layers, whose computational units are the hidden
layer neurons (nodes). The function of the hidden layer neurons is to intervene between
the external input and network output. By adding one or more hidden layer, the network is
able to approximate severe non-linearity. Back propagation is one of the simpler members
of a family or training algorithms collectively termed gradient descent [133] [134]. The
idea is to minimize the network total error by adjusting the weights. Gradient descent,
sometimes known as the method of steepest descent, provides a means of doing this. Back
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propagation is also the most suitable learning method for a multilayer network. An outline
of the back propagation training algorithm is given by Lippmann [135] as follows.

Stepl Initialize weights and offsets. Set all weights and node offsets to small random
values.

Step2 Present input and desired output. The desired output is 1. The input could be new
on each trial or samples from a training set.

Step3 Calculate actual outputs. Use the sigmoid nonlinearity formulas to calculate out-
puts.

Step4 Adapt weights.

Step5 Repeat by going to step 2.

Output
Input

ingut
nodes Thidden

nodes

Figure 5.18The multi-layer feed forward artificial neural
network used in this study

The designed neural network is a three-layer feed forward artificial neural network. As
shown in Figure 5.18, this ANN has,,,,, nodes for inputyi;;qq., Nodes in the hidden
layer, and one node for output. Each of the circles in the figure is a neuron, and represents
an input-output transfer function. Neural network researchers have chosen from a vari-
ety of transfer functions; among the more popular ones are the logistic-sigmoid and the
tangent-sigmoid functions. In this study we use the latter, which, mathematically, is:

e —e™"

f(n) = tansig(n) = prp— (5.47)
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where both the inpugz, and the outputf (n), are real scalar-values. Layers are connected

to each other by a system of weights, which multiplicatively scale the values traversing
the links. In the diagram, we observe that there are two sets of weights: one connecting
the input to the hidden layer, and the other from the hidden to the output layer. The values
from weights converging on a given unit are added to farrfl36]. In this study, various
selections ofv,,,: andnpiqqe, are tested. The best,,,; is 6 and the best,; 4, is 10.

Figure 5.19 shows training curve of the neural network, which is used to classify potential
defects.

Peformance is 0.103562, Goal is 0.1
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Figure 5.19: Training curve of neural network

5.6.5 Experiments

In these experiments, we use support vector machine, k-means, linear discriminant, k-

nearest neighbor classifiers and feed forward neural network. 25 radiographic weld images
are analyzed. In the segmentation stage, 809 potential discontinuities are obtained, of
which 473 are real defects. For each potential discontinuity, 87 features are extracted, and
only 16 of them are selected. 14 images with 475 potential defects are selected and used to
train the classifier. Special attention is paid to ensure that instances of all different defects

types are included. The remaining 11 images with 334 potential defects are used to test
the classifier.
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The results are summarized in Table 5.8, where the error, true positives, false positives,
false negatives, true negatives, sensibility, 1-specificity, and AUC are tabulated for the

mentioned classifiers. The best performance is obtained by the support vector machine,
where 97.99% of the existing flaws are detected with 14.81% of false alarms.

Table 5.8: Performance of different classifier

Classifier Error | TP |TN | FP | FN Sy, 1-S, | AUC

Support Vector Machine| 7.19% | 195| 115| 20 | 4 | 97.99%| 14.81%| 0.9548

Linear Discriminant 19.46%| 154 | 112 | 20 | 45 | 77.39%| 14.81%| 0.8833

K-nearest Neighbor | 12.28%| 170 | 123 | 12 | 29 | 85.43%| 8.89% | 0.9123

Artificial Neural Network | 14.67%| 164 | 121 | 14 | 35 | 82.41%| 10.37%]| 0.9089

K-means 29.34%| 113 | 123 | 12 | 86 | 56.78%| 8.89% | 0.7042

There are various reasons for preferring SVM to other classification methods. First of
all, the most distinguishing property of SVM is that it minimizes the structural risk, given
as the probability of misclassifying previously unseen data. Typical pattern classification
methods tend to minimize the empirical risk, which is given as the probability of mis-
classification errors on the training set. More specifically, Vapnik and Chervonenkis (VC)
is a well studied theory that places reliable bounds on the generalization of linear classi-
fiers and therefore indicate the control parameters on the complexity of linear functions in
kernel spaces [40]. The VC dimension of a function is defined as the maximal number of
points that can be shattered by that function. It has been shown that once the VC dimension
of the family of decision surfaces is known, so is the upper bound for the probability of
misclassification for test data of any possible probability distribution [40]. Second, SVMs
pack all the relevant information in the training set into a small number of support vectors.
Since the hypersurface is computed with the information from the supports vectors only,
the computational efficiency of the classification of a test case is increased by the ratio of
the number of data set points over the number of support vectors.

Much research effort in the past ten years has been devoted to the analysis of the perfor-
mance of artificial neural networks in radiographic image classification. One distinctive
advantage of SVM has over traditional neural networks is that support vector machines
achieve better generalization performance. While neural networks such as multiple layer
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perceptrons can produce low error rate on training data, there is no guarantee that this will
translate into good performance on test data. The preferred algorithm of neural network
is feed-forward multi-layer perceptron using back-propagation, due to its ability to handle
any kind of numerical data, and to its freedom from distributional assumptions. Although
neural networks may generally be used to classify data at least as accurately as other sta-
tistical classification approaches a number of studies have reported that the users of neural
classifiers have problems in setting the choice of various parameters during training. The
choice of architecture of the network, the sample size for training, learning algorithms,
and number of iterations required for training are some of these problems. The SVM tech-
nique is independent of the dimensionality of feature space as the main idea behind this
classification technique is to separate the classes with a surface that maximizes the margin
between them, using boundary pixels to create the decision surface. The data points that
are closest to the hyperplane are support vectors. Another major advantage of support vec-
tor classifiers is the use of quadratic programming, which provides global minima only.
The absence of local minima is a significant difference from the neural network classifiers.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this thesis, an automatic welding defects detection system is proposed. After obtaining
digital radiographs, image preprocessing methods are applied to improve the quality of ra-
diographic images. Then the potential defects are extracted using a segmentation method.
After extracting features of potential defects, a feature selection and classification system
is used to classify the potential defects as the defect or non-defect.

Usually, defects in the original radiographic image are low in number compared with back-
ground information, and mixed with noise coming from various processes in the formation
of radiographic images. Image preprocessing is employed to lessen the noise effects and to
improve the contrast, so that the principal objects in the image can be more apparent than
the background. In this thesis, different methods for improving the quality of radiographic
images are investigated. Morphological enhancement and adaptive wavelet thresholding
are applied to enhance radiographic images. Morphological enhancement can not only im-
prove the local contrast of the radiographic images but also reduce the noise produced in
homogeneous areas. The adaptive wavelet thresholding technique can remove the image
noise while keeping the sharpness of defects’ edges well. Through comparative analy-
sis, morphological enhancement and adaptive wavelet thresholding can greatly enhance
radiographic image and are helpful for defect recognition.

Defect segmentation is the most difficult task in the automatic welding defects detection
system. It is used to extract the principal objects, which are welding defects in this re-
search, from radiographic images. In this study, after investigating conventional segmen-

146
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tation methods two new segmentation methods are proposed. One method is multiscale
edge detection based on wavelet transform (MEWT). According to the wavelet multi-scale
character, the coefficients of wavelet transforms are integrated on a series of scales to look
for the best scale where the edges are well discriminated from noise to extract edge fea-
tures. The other method is multi-level thresholding based on fuzzy entropy and genetic
algorithm (MTFEGA). The radiographic image is segmented using multi-level threshold-
ing based on maximum fuzzy entropy. The procedure to find the optimal thresholds is
implemented by a genetic algorithm. The results show these two algorithms can succeed
to segment welding defects present in radiography, contrary to conventional methods. In-
deed, the proposed methods give a good basis for the future recognition and classification
stage. Then the proposed two segmentation method, MTFEGA and MEWT, are compared
with each other. 25 radiographic images are segmented using these two methods. The
size of the minimum defect that could be segmented and the contrast between the mini-
mum defect that could be segmented and background for each image are measured. The
experimental results show the effectiveness of these two methods for segmenting images.
The smallest defect segmented by MTFEGA method is 2.3 both in length and width. The
smallest defect segmented by MEWT method is 5.2 both in length and width. The min-
imum contrast ratio (MCR) of MTFEGA is 3.92% and the MCR of MEWT is 7.06%.
MTFEGA approach is a better choice to segment low contrast radiographic images with
small size defects.

Feature extraction is necessary to obtain a set of features that can describe the character-
istics of welding defects. The author proposes to detect weld defects based on texture
features and geometric features. Two groups texture features are extracted: features based
on the co-occurrence matrix and features based on 2D Gabor functions, and 7 geometric
features of potential defects. For each potential discontinuity, 87 features extracted.

Pattern classification methods are needed to analyze feature data and make a prediction
of the defect. A feature selection and classification system based on the support vector
machine is proposed to the defect recognition. The top 16 best features are selected based
on SVM criteria and ROC and used as inputs to an SVM classifier. In the segmentation
stage, 809 potential discontinuities are obtained, of which 473 are real defects. 475 data
are selected from the entire set of 809 data and used to train the SVM classifier designed
with Gaussian RBF kernel. The remaining 334 data are used to test the classifier. Using
this method, 97.99% of the existing flaws are detected with 14.81% false alarms. The
author examines the behavior of the proposed classification method and various classi-
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fication techniques, k-means, linear discriminant, k-nearest neighbor classifiers and feed
forward neural network, which have been used in the past. The proposed system based on
the support vector machine has the best result.

6.2 Suggestions for Future Work

In future, there are certainly many open questions related to the work and future improve-
ments may well be made to the methods discussed.

First, a fully automatic segmentation method can be further investigated. The MEFEGA
segmentation method still can not extract some fine defects. And the size of defect ex-
tracted by MEFEGA is smaller than the actual size of the defect. It is possible to improve
the MEFEGA algorithm by combining it with MEWT. What is more, the proposed seg-
mentation methods are still gray level based algorithms. In fact, human decision is based
on not only gray levels, but also the position, shapes of defects etc. In order to obtain
better result, perhaps these kinds of features can be considered for segmentation.

In this thesis, the SVM algorithm is used for feature selection and classification. More
work can be done for tuning and validating the classifier. To become useful for detec-
tion, the system needs to be trained and validated on radiographs scanned from different
films or digital detectors. This SVM algorithm has higher false positive rate compared
with k-nearest neighbor classifier and neural networks. In order to reduce the false alarms,
the SVM algorithm might be improved or combined with other classification algorithms.
What is more, the SVM algorithm is used for a supervised classification in which a classi-
fier is created based on a priori knowledge of defect features. In contrast with supervised
classification, unsupervised classification don’t need a priori knowledge. It is worth ex-
ploring unsupervised classification methods in defect recognition.

The current system can only detect defects. In fact, whether a weld line is acceptable or not
depends not only on the sizes of the defects, but on the positions and types, for example,
any size of crack is not acceptable in the application. Hence, it should be established to
classify the different type defects and then an expert system can be built to decide if the
weld line is a good one. What is more, in order to apply it in the industrial environment, a
friendly computer-human interface is necessary.
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