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APLIKASI PENGLIHATAN MESIN UNTUK PERUASAN KECACATAN 

DALAM RADIOGRAF KIMPALAN SECARA AUTOMATIK 

'\. ABSTRAK 

Objektif penyelidikan ini adalah untuk membangunkan satu kaedah peruasan 

kecacatan kimpalan automatik yang boleh meruas pelbagai jenis kecacatan kimpalan 

yang wujud dalam imej radiografi kimpalan. Kaedah segmentasi kecacatan automatik 

yang dibangunkan terdir:i daripada tiga algoritma utama, iaitu algoritma penyingkiran 

label, algoritma pengenalpastian bahagian kimpalan dan algoritma segmentasi 

kecacatan kimpalan. Algoritma penyingkiran label dibangunkan untuk mengenalpasti 

dan menyingkirkan label yang terdapat pada imej radiograf kimpalan secara automatik, 

sebelum algoritma pengenalpastian bahagian kimpalan dan algortima segmentasi 

kecacatan diaplikasikan ke atas imej radiografi. Satu algoritma pengenalpastian 

bahagian kimpalan juga dibangunkan dengan tujuan mengenalpasti bahagian kimpalan 

dalam imej radiogaf secara automatik dengan menggunakan profil keamatan yang 

diperoleh daripada imej radiografi. Algoritma ini mampu mengenalpasti bahagian 

kimpalan dalam imej radiografi tanpa mengira sama ada profil keamatan yang 

diperolehi itu mempunyai sifat profil Gaussian atau pun tidak. Akhirnya, algoritma 

segmentasi kecacatan kimpalan telah dibangunkan untuk mensegmen kecacatan 

kimpalan secara automatik daripada imej dengan mengunakan teknik penolakan latar 

belakang dan teknik penyama-rataan secara aturan. Kajian perbandingan antara teknik 

penyama-rataan secara aturan dan teknik pemadanan pemukaan dengan fungsi 

polinomial juga dilakukan. Adalah didapati bahawa teknik penyama-rataan secara 

aturan memberikan keputusan yang lebih baik berbanding dengan teknik pemadanan 

pemukaan dengan fungsi polinomial dalam meramal latar belakang untuk imej 

radiograf kimpalan dalam penyelidikan ini. Kaedah peruasan kecacatan kim pal an 

automatik yang telah dibangunkan dalam penyelidikan ini telah diuji dengan berjayanya 

xvii 



ke atas 30 imej. Penyumbangan penyelidikan ini ialah pembangunan algoritma 

penyinkiran label secara automatic di mana pada masa kini, masih belum ada 

penerbitan tentang kajian dalam bidang penyikaran label secara automatik untuk imej 

radiografi kimpalan yang diterbitka~:, Selain itu, algoritma pengenalpastian bahagian 

kimpalan yang dibangunkan telah membaiki kaedah pengenalapastian bahagian 

kimpalan Liao dan Ni (1996) yang mana hanya terhad kepada imej radiografi yang 

mempunyai profil keamatan yang menyerupai bentuk profil Gaussian. Akhirnya, 

algoritma peruasan kecacatan kimpalan yang telah dibangunkan untuk mensegmen 

kecacatan kimpalan sec9ra automatic telah dibuktikan dapat meruas kecacatan dalam 

imej yang mengandungi hingar dan pencerahan tidak serata. 
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MACHINE VISION APPLICATION FOR AN AUTOMATIC DEFECT 

SEGMENTATION IN WELD RADIOGRAPHS 

ABSTRACT 
. \ . 

The objective of the research is to develop an automatic weld defect 

segmentation methodology to segment different types of defects in radiographic 

images of welds. The segmentation methodology consists of three main algorithms. 

namely label removal algorithm. weld extraction algorithm and defect segmentation 

algorithm. The label removal algorithm was developed to detect and remove labels that 

are printed on weld radiographs automatically before weld extraction algorithm and 

defect detection algorithm are applied. The weld extraction algorithm was developed to 

locate and extract welds automatically from the intensity profiles taken across the 

image by using graphical analysis. This algorithm was able to extract weld from a 

radiograph regardless of whether the intensity profile is Gaussian or otherwise. This 

method is an improvement compared to the previous weld extraction methods which 

are limited to weld image with Gaussian intensity profiles. Finally. a defect 

segmentation algorithm was developed to segment the defects automatically from the 

image using background subtraction and rank leveling method. A comparative study on 

weld radiograph image background estimation by rank leveling technique and 

polynomial surface fitting algorithm was also carried out. The rank leveling technique 

was found to yield better result compared to polynomial surface fitting algorithm in the 

tested images. The developed automated defect segmentation methodology was 

successfully tested on 30 weld radiographs. One main contribution of this research is 

the development of an automatic label removal algorithm which. to the best of the 

author's knowledge, no previous work has been published on this topic. The label 

removal algorithm developed enables the application of the defect segmentation 

methodology on weld radiographs which contains labels. Besides that, a weld 

xix 



extraction methodology which improved the previous method was developed to extract 

weld area across good as well as defective welds. Finally, an automatic defect 

segmentation algorithm by rank leveling technique was developed to segment 

defective area from non-uniformly \llIuminated weld radiographic images. The weld 

extraction and defect segmentation algorithm proposed in this research are able to 

process noisy and non-uniformly illuminated weld radiographic images. 

xx 



CHAPTER 1 

INTRODUCTION 

1.1 Background of research . \ ' 

Welding is a technique for joining metallic part which is usually carried out 

through the application of heat or pressure (Houldcroft, 1979). For critical application of 

weld where failure can be catastrophic, such as in pressure vessels, load-bearing 

structural members and power plants, welded structures often have to be tested non

destructively. Non-destructive test (NDT) is a testing method for materials and 

components that does not damage or destroy the test sample. Radiography testing is 

one of the NDT methods which are widely accepted for weld quality inspection (Hayes, 

1998). Inspection of welded structures is important to ensure that the quality of the 

welds meets the requirements of the design standard, so that the safety and reliability 

of the structures can be assured. 

In radiography testing, the welded structure to be examined is placed between 

radiation source (X-ray or Gamma ray) and the film (Hayes, 1998). The film registers 

the differential absorption of the radiation by the weld internal structure as a projection 

shadow graph. The photographic record which is recorded on the film is called a 

radiograph. Radiographs are generally viewed on a light box, where the quality of weld 

can be inspected by the trained and experienced radiographer to detect any 

interruptions in the typical welded structure. Interruptions that do not meet the 

requirements of standard, codes or speCification are referred to as defects. 

Several types of weld defects can be observed from a weld radiograph. The 

defects have various shapes, sizes, orientations and locations. The most common weld 

defects and their sample radiographs are presented in Table 1.1. 

1 



Table 1.1: Typical weld defects in weld radiographs 
(International Institute of Welding, 1978). 

Sample radiograph 

2 

Defect 

Description 

Radiographic 
Appearance 

Defect 

Description 

Radiographic 
Appearance 

Defect 

Description 

Radiographic 
Appearance 

Defect 

Description 

Radiographic 
Appearance 

Defect 

Description 

Radiographic 
Appearance 

Defect 

Description 

Radiographic 
Appearance 

Weld defect details 

Porosity 

Cavities due to entrapped gas. 

sharply defined dark shadows of 
rounded contour. 

Slag Inclusion 

Slag or other foreign matter 
entrapped during welding. 
dark shadows of irregular 
contours. 

Incomplete Penetration 

Lack of fusion in the root of the 
weld or gap left by failure of the 
weld metal to fill the root . 
dark continuous of intennittent 
line in the middle of the weld. 

Lack of Fusion 

Two dimensional defect due to 
Lack of union between weld 
metal and parent metal. 
thick dark line with snarply 
defined edges. 

Crack 

Discontinuity produced by 
fracture in the metal. 
Fine dark line, straight or 
wondering in direction. 

Undercut 

a groove or channel in the surface 
of the plate along the weld edge. 
A dark line, sometime broad and 
diffuse, along the edge of the 
weld 



Conventionally, a weld radiograph is checked and interpreted by a human 

inspector. The interpretation of radiographs takes place in three basic steps which are: 

detection, interpretation, and evaluation (Liao et al., 2000). All of these steps make use 

of the radiographer's visual percepti~n. The ability of a radiographer to detect defects in 

radiographs is affected by the quality of the radiograph, size of the defects, the 

experience level for recognizing various features in the image, etc. The result of the 

interpretation is very much dependent on the capability and experience of the 

radiographer. 

The major setbacks of the interpretation of weld radiograph by human inspector 

are that they are very subjective, inconsistent, labor intensive, and biased (Liao & Ni, 

1996). Due to the nature of image formation and resultant image quality, the 

radiographic image presents many problems to human inspector, which makes 

interpretation of weld radiographic images very difficult and inconsistent (Jagannathan 

et al., 2000). Moreover, human inspectors require training and theirs skills may take 

time to develop. Although humans can do the job better than the machine in many 

cases, they are slower than the machine and get tired quickly (Malamas et al., 2003). 

Radiographs are normally viewed on a light-box. However, it is becoming 

increasingly common to digitize radiographs and view them on a high resolution 

monitor (Hayes, 1998). Due to the recent development in the fields of computer vision 

and digital image processing, automatic inspection is being widely applied in many 

fields such as defect analysis, detection of welding defects, part measurements, 

assessment of surface texture, and etc (Shafeek et al., 2004). 

For the past several years, few attempts have been made to develop a 

computer aided interpretation" system for detecting defects in welds (Lawson and 

Parker, 1994; Bonser and Lawson, 1998; Liao et al., 1999). A computer aided weld 
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quality interpretation system generally comprises of three major functions: weld 

extraction, defect segmentation and defect classification. Weld extraction refer to the 

operation of segmenting welds from the background. Defect segmentation on the other 

hand is an operation of segmenting'Jlaws in the weld while defect classification is to 

classify the types of segmented flaws. 

Lim (2004) developed an automatic defect classification methodology from weld 

radiographs by using a Multilayer Perceptron (MLP) neural network. The author 

proposed a weld extraction and defect segmentation algorithm to segment the weld 

defects from the radiographic image before applying the defect classificatien 

methodology to the segmented defects. However, weld extraction algorithm proposed 

by author failed to extract '""eld from noisy images and images that contain labels. On 

the other hand, defect segmentation algorithm proposed by Lim (2004) also failed to 

perform ideally on a noisy and non uniformly illuminated weld radiographs. In 

segmenting defects, it was found that some noise cluster also appeared in the binary 

image. More details on the weld extraction and defect segmentation algorithm 

proposed by author are discussed in Chapter 2. The focus of the author's research is to 

develop an automatic defect clarification system that is able to detect and classify 

multiple defects in weld radiographs. This research is a continuation of Lim's (2004) 

work where an automatic weld defect segmentation methodology which aims to 

segment weld defect from the whole section of weld radiographs was proposed. The 

output of the automatic weld defect segmentation methodology proposed in this 

research is a binary image showing the segmented defects. 

1.2 Problem statement 

Before carrying out weld defect segmentation, weld extraction operation is 

normally carried out to extract the weld region from the entire image. However in 

certain weld radiographic images, labels may be included to indicate the weld number 
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or other identification (American bureau of Shipping, 2002). These labels need to be 

removed from the radiographic images in order to ensure that the weld extraction 

algorithm will not be affected. To the best of the author's knowledge, no research in this 
, 

area has been published in the \ literature. The absence of an automatic weld 

radiograph label removal algorithm limits the application of weld extraction algorithm on 

a label-free weld radiographic images. 

The reason for applying weld extraction algorithm before defect segmentation 

stage is to avoid unproductive processing of the background image and also to avoid 

the occurrence of false alarm from the detection of noise in the background image. To 

date, not much literature has been published in this area. Some of the methodologies 

that were proposed in previous research failed to extract weld from non-uniformly 

illuminated images (Gueudre et al., 2000, Lim, 2004). On the other hand, methodology 

proposed by Liao and Ni (1996), Liao et al., (2000) used intensity profile of weld 

radiographic images to extract weld. Their methodology is limited to images with 

Gaussian-like intensity profile. 

In a digital radiographic system there is a variety of imaging noise, which 

originates from most of the elements of the system, such as charge coupled device 

(CCO) camera, imaging screen, radiation source, etc (Chen, 2000). Besides that, the 

images may be corrupted by non-uniform illumination (Lashkia, 2001). The major 

problems suffered by current defect segmentation algorithms are unable to segment 

defects from a noisy, low contrast and non-uniform illuminated radiographic images 

(Lashkia, 2001). 
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1.3 Research objectives 

The main objective of this research is to develop an automated weld defect 

segmentation methodology that can segment defects on low contrast and noisy 

radiographic images. 

To achieve the goal of developing an automated weld defect segmentation 

methodology, three sub objectives of the research have been identified, including: 

(a) To develop an automatic label removal algorithm in order to remove labels 

printed on the weld radiographic images. 

(b ) To develop an automatic weld extraction algorithm so that weld region in 

the image can be segmented from the background image. 

( c) To develop a defect segmentation algorithm capable of segmenting 

multiple defects that occurs in welds from a single radiograph image. 

1.4 Research Scopes 

The developed automated weld defect segmentation methodology serves as a 

pre-processing stage for defect classification methodology. Defect classification 
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methodology was developed earlier by Lim (2004) and therefore is not included in this 

research. 

, 
The scopes of this research are: 

.VVelding for the metals is not included in the scope of this research . 

• Radiography testing on weldment is not included in the scope of this research. 

• Weld radiographs are provided by Malaysia Institute of Nuclear 

Technology (MINT). 

• Digitization of weld radiograph by using a high resolution digital scanner 

was carried out at MINT. 

• The entire algorithm and computer program are written by using Matlab 

programming language. 

1.5 Research Approach 

First of all, literature review on automatic weld radiograph inspection was 

carried out. Automatic weld extraction and defect segmentation were two major focus 

topics. Past research on these two topics are reviewed thoroughly to determine the 

current state-of-art in this research. 

In order to carry out the weld extraction process more effectively, an algorithm 

was developed to remove labels from the weld radiographic images. The existence of 

label pixels in an image was confirmed with a normality test. Any detected label pixels 

were removed from the image with a series of image processing techniques. The 

algorithm was tested on radiograph image with labels which contains various types of 

weld defects to prove its effectiveness. The algorithm was also tested on label-free 
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radiographic images to show that the proposed algorithm does not remove any other 

details from the image except the labels. The label removal algorithm removes labels 

from the radiograph and the label free image was then subjected to the weld extraction 

process. . \, , 

An automatic weld extraction algorithm based on image intensity profile was 

developed. The weld boundary was determined by using graphical analysis of weld 

intensity profile taken across the image. Boundary point detection of weld region was 

carried out on every intE?nsity profiles taken across the weld area. Finally, the weld 

boundary points were connected to form weld upper boundary and weld lower 

boundary. As a result, the weld region which is located between weld upper and lower 

boundaries was extracted. 

Finally, an automatic defect segmentation algorithm was developed. This 

algorithm only operates in the extracted weld region to speed up the processing time 

and also avoid unnecessarily processing in the background region. The background 

subtraction method was used to level the non-uniform illuminated background of the 

image. This was followed by contrast enhancement of the leveled image, before defect 

segmentation is carried out by using histogram thresholding method. Lastly, post-

processing of the segmented binary image was carried out to remove false detection 

and noise in the image, so that only the defects remain at the end of the process. 

1.6 Thesis outline 

This thesis is arranged in accordance to the objectives and approach as 

mentioned above. Chapter 2 presents the basic concept of welding process and also 

nondestructive testing of welded structure, which is mainly focused on radiography 
. 

testing. Reviews on related research from the early stage until recent years on 

automatic weld extraction and defect detection will also be presented. Advantages and 
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limitations of the existing approaches on these two areas of interest will be discussed in 

detail. 

Chapter 3 discusses the \', development an automatic labels removal 

methodology to remove labels printed on weld radiographic images. Chapter 4 

presents an automatic weld extraction methodology based on gray level profiles of the 

weld radiograph to segment the weld region from the background. 

In chapter 5, autQmatic defect segmentation methodology on extracted weld 

region by background subtraction method using rank leveling technique has been 

proposed. Comparative study of background subtraction method by using rank leveling 

and surface fitting algorithm has also been carried out. Chapter 6 discusses the 

integration of the label removal algorithm, weld extraction algorithm and also defect 

segmentation algorithm which were developed in Chapter 3, Chapter 4 and Chapter 5 

respectively. Integration of these algorithms provides a fully automated weld defect 

segmentation methodology which is able to segment the weld defect from digitized 

weld radiographic images. 

Finally, conclusions of this research are drawn in Chapter 7. Recommendations 

and suggestions for future research are also provided. 
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2.1 Introduction 

CHAPTER 2 

LITERATURE REVIEW 

. \ . 

This chapter presents an overview of welding process and also non-destructive 

testing of weld, which is mainly focused on radiography testing. Concept of welding 

process and classification of welding types are briefly discussed. After that, basic 

theory of weld structure non-destructive testing, especially radiography testing is 

presented. Next, literature review on automatic weld radiograph inspection is carried 

out. Special attention is focused on three major topics, which are automatic label 

removal, automatic weld area extraction and also automatic defect segmentation of 

weld radiograph. Recent studies and researches on these areas are reviewed 

thoroughly, where advantages and limitations of past researches are identified to 

determine the area that need to be focused in this research. 

2.2 Overview of welding process 

Welding is a process of joining together two pieces of metal, which uses heat or 

pressure or both, and with or without added metal (Houldcroft, 1979). Welding process 

can be classified into two major categories: fusion welding and non-fusion welding 

(solid state welding). Fusion welding is any process of joining metals that involve the 

melting of parent metals. On the other hand, non-fusion welding or solid state welding 

is the process of joining metals that does not involve the process of melting the parent 

metals. Figure 2.1 illustrates a classification of the welding processes. 
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- Metallic arc 

welding. 

- Shield arc 

welding. 

- Carbon arc 

welding. 

- Oxy-acetylene 

welding. 

- Butt welding. - Black smith. 

- Seam welding. 

- Spot welding. 

- Projection welding. 

Figure 2.1: Classification of welding processes. 

Two main processes in fusion welding are arc welding and flame welding. Arc 

welding use the heat created by an electric current to raise the temperature of parent 

metals to the appropriated welding temperature. Examples of arc welding are metallic 

arc welding, shielded arc welding and carbon arc welding. Flame welding on the other 

hand uses heat from ignited gases to melt the parent metal. Flame welding is usually 

done with oxy-acetylene flame, although other mixtures of fuel gas and oxygen are 

sometimes used (Pender, 1968). 

There are three main types of non-fusion welding: forging, resistance welding 

and braze welding. In forging process, metals will be heated to the correct temperature 

in a fire. The parts are then hammered and joined together by the pressure of 

hammering. In resistance welding, the parts to be welded are clamped between two 

electrodes. The heat is then generated by an electric current and flows through the 

electrodes and the welding will' be formed between metals on the contact point of the 

electrodes. For braze welding process, a welding rod is required to join two metals 
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together. The parent metals are heated to a temperature which is lower than its own 

melting point, but higher than the melting point of the welding rod. Therefore, pieces of 

metal will be joined by the molten metal from the welding rod. 

Arc welding is a joining process that is widely used today (Pender, 1968). It is a 

fusion process because it melts the base metals being joined. As the electrode is 

bringing close to the base metal, an arc is created by an electric current that flows 

between the electrode and the base metal. The arc causes the base metal and the 

electrode to melt and the ,molten metal from the electrode then flows into the joint. 

Three distinct zones can be identified in a typical arc welding joint (as shown in Figure 

2.2): base metal, heat-affected zone and weld metal (Kalpakjian and Schmid, 2001). 

Heat-affected zone l 
, , 

Base metal 

Fusion zone (weld metal) 

Figure 2.2: Three distinct zones of a typical arc welding jOint. 
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2.3 Non-destructive testing of welded structure 

Weld structure always has to be tested non-destructively to examine the quality 

of the welds (Liao and Ni, 1996). Non-destructive test (NOT) are examinations carried 
, 

out on the component, which do not·damage the component, and after successfully 

testing, the component may be put into service. The most common types of NOT for 

weld structures are: ultrasonic testing, radiographic testing, magnetic particle testing 

and liquid penetrant testing (Haynes, 1987). 

In ultrasonic testing, high frequency sound beam is directed through the weld. 

When the sound beam strike an interruption in the material continuity (weld defects), 

some of the sound will be reflected back and collected by an instrument and displayed 

on a screen. In radiographic testing, gamma or X-ray is transmitted from the radiation 

source through the weld structure and onto a film. Weld internal features are indicated 

as lighter and darker areas on the film. Magnetic particle testing on the other hand is a 

method of locating defects in magnetic materials. When a component is magnetized; 

any defects will make leakage fields and attract magnetic particles. Liquid penetrant 

testing is widely use for leakage detection. A common procedure is to apply fluorescent 

material to one side of the joint and view the other side with ultra violet light to check for 

any leakages (Hayes, 1998). 

Radiographic testing is one of the most important, versatile and widely accepted 

NOT methods for weld quality inspection (Hayes, 1998). Radiographic testing involves 

the use of penetrating gamma or X-radiation to examine product's defects and internal 

features. X-rays are produced by high-voltage generators while gamma rays are 

produced by the atomic disintegration of radioisotopes. An X-ray machine or 

radioactive isotope is used as a source of radiation and the radiation produced is 

directed through a weld and onto film. The resulting radiograph shows the internal 

features and reliability of the weld. Material thickness and density changes are 
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indicated as lighter or darker areas on the film. When less absorption of the radiation 

energy happens due to the thin section or low density of the metal, dark region occurs 

in the radiograph. On the other hand, thicker or higher density area absorbs more 
, 

radiation energy and therefore the' corresponding area on the radiograph will appear 

lighter. Figure 2.3 illustrates the working principle of radiographic testing of weld. 

Radiation source 

• ,,",,., 
, 1111 \ 

, 'III \ , I". \ 
/' /::! '\ 

, I" t " 

" I J I \ 
I ' I I \ 

c:::==:~~i' ~:~:=t' =='~==Jweld piece 

Figure 2.3: Radiographic testing. 

2.4 Application of machine vision on weld inspection 

Industrial radiography is a traditional technique for evaluating welded structure 

quality. Digital image processing techniques allow the interpretation of the radiographic 

images to be automated. Avoiding the presence of human inspectors makes the 

inspection system more reliable, reproducible and faster. Moreover, the high level 

image processing methods can even replace the expert's knowledge (Jagannathan et 

al., 2000). 

Automated X-ray inspection has been an active field of research for the past 

several years (Shashishekhar, 2004). Preprocessing process prepares the acquired 

raw digital images for defect segmentation stage by reducing noise, contrast 
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enhancement and removing geometric structures which otherwise would affect the 

defect segmentation stage. In automated weld radiograph inspection, this normally 

involves welds extraction. Lawson and Parker (1994), Gueudre et al. (2000), Liao and 
, 

Ni (1996), Liao et a/. (2000) and lim (2004) were among the researchers who has 

been working on the topic of automated weld extraction. 

Defects are characterized in radiographic images by local discontinuities in the 

intensity values of the image. The defect segmentation process can be considered as 

pixel classification problem, where the aim is to classify each image pixels as defect or 

non-defect (Shashishekhar, 2004). Methods which were applied by previous 

researchers in automatic defect segmentation are background subtraction (Wang and 

Liao, 2002; Lim 2004), template matching (Bonser and Lawson, 1998), intensity profile 

analysis (Liao and Li, 1998; Just et a/., 1998), artificial neural network (Lawson and 

Parker, 1994; Jacobsen and Zscherpel, 1999; Nafaa at e/., 2000), fuzzy logic (Liao et 

a/., 1999; Lashkia, 2001; Kaftadjian et a/., 2003) and adaptive thresholding (Kehoe et 

a/., 1989; Palenchika and Alekseichuk, 1999). 

In defect classification stage, the defect pixels identified from the previous stage 

are group into connected regions, their characteristics were measured, classified into 

different types, and finally accept or reject decision was made based on the inspection 

criteria. 

2.5 Label removal from weld radiographs 

To the best of the author's knowledge, there is no work published on the 

research area of automatic label removal from weld radiographs. The most relevant 

work, however, was mentioned in automatic weld extraction methodology published by 

Lawson and Parker (1994), and Liao and Ni (1996). 

15 



Lawson and Parker (1994) ignored labels in the image during the training of the 

neural network for weld extraction. After training, the network was applied to the weld 

radiograph with labels and the segmentation result shows that weld region was 

successfully extracted and the labels in the image were ignored. Liao and Ni (1996) 

used intensity profile analysis method for weld extraction. Peaks were observed on an 

intensity profile when it was taken across label and weld region. They developed an 

algorithm to identify and extract the peak which is associated to the weld area. By this, 

peaks which belong to labels in the image were neglected. 

Both methodologies discussed above did not remove the labels from the image. 

Instead of that, these methodologies were somehow trying to "avoid" label in the image 

when performing the weld extraction process. However, it is preferable to remove 

labels from the image entirely in order to make sure weld extraction and defect 

segmentation processes which is to be performed after will not be affected by labels in 

the image. Besides that, removal of labels from the image also can avoid the false 

alarm from occurring during the defect segmentation stage, where the labels would be 

segmented as defects. 

In this research, a label removal algorithm was developed to remove the labels 

from weld radiographic images before weld extraction and defect segmentation 

algorithm is applied. 

2.6 Weld extraction in weld radiographs 

The extraction of weld from the background is very important to avoid 

unproductive processing of the background image during defect detection process. By 

reducing the unproductive processing of image data, the processing time can thus be 

reduced. Weld extraction also aims to avoid the occurrence of false alarm due to the 

detection of noise and intensity variation in the background region. 
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Lawson and Parker (1994) developed a Multilayer Perceptron (MLP) neural 

network to extract the weld region from weld radiographs. The image was first filtered 

with a 5 x 5 low pass filter to reduce noise in the image. After that, the network was 
, 

trained with a single image showing 'a typical weld that is to be inspected, coupled with 

a very simple schematic weld "template", as shown in Figure 2.4(a) - 2.4(c). Their 

neural network was proven to be able to extract the weld region after a lengthy training 

period (40,000 training samples). However, their algorithm used smoothing operators, 

which were very poor in performance for detecting small defects. When these 

operators were used, small and low contrast objects became blurred or even 

disappeared. Besides that, the application of only one image as a template to train the 

network limits the network to operate correctly only on images with similar image 

properties to the trained data (Lim, 2004). 

Don't know 

(a) (b) (c) 

Figure 2.4: (a) Typical radiographic image (b) image from manual interpretation 
of the weld (c) template image used to train neural network. 

Gueudre et al. (2000) used a fundamental image processing technique to 

segment the weld region based on the intensity difference between weld region and its 

background. By introducing the co-operative method of edge and area approach, 

namely 'Edge and Area Segmentation Method', the authors were able to detect the 

weld area in X-ray radiographic images of weld. B-spline curve method was used to 

carry out the segmentation of the detected weld area. However, edge detection 
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technique is very sensitive to noise in the low contrast images, and conventional image 

segmentation method is unable to properly segment non-uniformly illuminated images. 

That is why this method is not suitable for processing the non-uniformly illuminated and 

low contrast images. 

Lim (2004) developed a weld extraction algorithm that is based on the intensity 

profile taken across the weld region. Pixels with low intensity value were regarded 

belong to the non-weld area in the image. These pixels were identified and used to 

draw a least square straight line that acted as an estimated background for the profile. 

Finally, location where the difference of the pixel intensity value and the estimated 

background straight line achieved certain threshold value was extracted as weld 

boundary location. However, the limitation of this method is that the intensity of non

weld area in the images must be smoothly distributed. Error was recorded when the 

intensity of non-weld area in the image is not smoothly distributed, especially in non

uniformly illuminated weld radiographic images. 

Another weld extraction method based on the intensity profile of the weld 

radiographs was proposed by Liao and Ni (1996). The author's methodology was 

based on the observation that the intensity plot of the weld looks more like Gaussian 

than the other objects in the image. The algorithm developed processed the image line 

by line to detect the peak in the gray level profile. Peak in the line image, which fulfills 

certain pre-defined characteristics, was judged as weld. 

As a continuation of their previous efforts on weld extraction (Liao and Ni, 

1996), Liao et al. (2000) developed another method of weld extraction: implementation 

of fuzzy classifier (K-nearest neighbor (KNN) and c-means) to extract the weld region. 

The procedure for this method consists of three major components: features extraction, 

pattern classification and post-processing. For each peak in the intensity profile 

18 



extracted from the whole image, 3 features were defined: (i) width, (ii) mean square 

error (MSE) between an object and its Gaussian intensity plot and (iii) the peak 

intensity. The fuzzy KNN and fuzzy c-means algorithm were used as a pattern classifier 

to identify each peak as weld or nOrliweld. The post-processing operation was applied 

to remove noise generated due to false alarm, and to connect discontinues weld line 

due to misclassification. This method is proven able to extract linear and curved weld. 

However, fuzzy KNN classifier generated false alarm rate from 16.08% to 23.14% while 

fuzzy c-means classifier generated false alarm rate from 55.48% to 80.4%. Even after 

post-processing, the false alarm rate of 10.73% to 28.34% was recorded. 

A major limitation of weld extraction methodology based on the Gaussian 

characteristic of the intensity profile of weld radiograph is that the method is limited to 

weld radiographs having Gaussian-like intensity profiles across the weld, as shown in 

Figure 2.5(a). Gaussian-like intensity profile is referring to the profile that resembles the 

bell shape of a Gaussian profile. Due to this reason, high false alarm rate was recorded 

when the methodology is tested on weld radiograph with non-Gaussian profiles (Uao 

and U, 1998). Intensity profile taken across a repaired weld and the defective area of a 

weld radiographs usually have non-Gaussian characteristic intensity profile, as shown 

in Figure 2.5(b). 

Loc&tion Location 

(a) (b) 

. 
Figure 2.5: (a) Gaussian-like intensity profile (b) non-Gaussian intenSity profile. 
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In this research, a weld extraction methodology based on the intensity profile 

taken across the weld area of the image is proposed. This methodology will overcome 

the drawbacks of current weld extraction methodology that unable to properly extract 

the weld region from non-uniformly illuminated images and only limited to the weld 
. " ' 

radiograph images with Gaussian-like intensity profile. 

2.7 Defect segmentation in weld radiographic images 

One of the techniques which was applied by researchers in automatic weld 

defect segmentation is background subtraction method. In background subtraction 

method, the background image was estimated from the original image. The estimated 

background image was then subtracted from the original image and the suspected 

defects were detected (Russ, 1999). 

Wang and Liao (2002) estimated the background model of weld radiographic 

image by surface fitting algorithm based on a polynomial function. The weld image was 

converted into a format of three dimensional data, which indicated the location of the 

pixel in x-axis, y-axis and the intensity value of the pixel. This data was then imported 

into Statistical Package for the Social Sciences (SPSS) software and the image 

background model was constructed based on a second order polynomial function. After 

the background was subtracted from the image, histogram thresholding was carried out 

to eliminate noise pixels and thus, defects in the image can be segmented. However, it 

is very difficult to estimate an irregular background image by a simple polynomial 

function (Russ, 1999). 

Lim (2004) proposed another defect segmentation methodology by using 

background subtraction and adaptive thresholding technique. The background 

subtraction method propose'd by him is almost similar to Wang and Liao (2002) 
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method, where a polynomial surface fitting algorithm was used to obtain the 

background image. Weld radiographic image was divided into 30 rows and 100 

columns sub-regions and pixel with highest intensity value in each sub-region was 
, 

selected to obtain the estimated background image using the second order polynomial 

function. After background subtraction, adaptive thresholding operation was carried out 

on the subtracted image. The result shows that there are many noise clusters in the 

image after thresholding, especially for a non-uniformly illuminated background images. 

This is due to the reason that it is very difficult to estimate an irregular background 

image by a simple polynomial function (Russ, 1999). 

Besides background subtraction method, intensity profile analysis was another 

technique which has been explored. Liao and Li (1998) suggested that intensity profile 
.. ~ 

taken across a flawless weld has a Gaussian-like bell shape and welding flaws will 

distort this bell shape of the intensity profile. Spline curve fitting was applied to smooth 

the intensity profiles and reduce the noises. This was followed by a profile anomaly 

detection algorithm to identify abnormalities on the bell shape of the profile. Anomaly 

detection algorithm searches for 3 types of profile anomalies, namely peak-anomaly, 

trough-anomaly and slant-concave-anomaly, as shown in Figure 2.6(a) - 2.6(c). 

Lcc:ation Location LocAtion 

(a) Peak-anomaly (b) Trough-anomaly (c) Siant-concave-anomaly 

Figure 2.6: Weld radiographic image profile anomalies. 
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A 2-dimentional flaw-map was then generated for every processed intensity 

profile. However, this methodology is unable to process welds with non-Gaussian 

intensity profiles. High false alarm rate on non-Gaussian intensity profile is expected 

since the methodology was developed based on Gaussian characteristics of intensity 

profile. Besides that, 2-dimentional flaw map generated does not show actual shape 

and geometry of the detected defects. 

Another intensity profile analysis algorithm was developed by Just et al. (1998) 

to detect crack-like defects in the weld radiograph images. From the intensity profile 

taken across weld, a pre-set contrast-based criterion was used to differentiate defects 

from noises in the image. However, this algorithm is only limited to the detection of 

crack-like defects. 

Adaptive thresholding is another segmentation technique which was applied by 

other researchers in automatic weld defect detection. Adaptive thresholding is a 

segmentation method where the threshold value will change over the image according 

to the local image characteristics. Kehoe et al. (1989) applied defect detection with a 

newly developed adaptive edge detection operator, namely mean gradient edge 

detector (MGED). A window is scanned over the weld radiographs where the mean and 

gradient value of the window is determined. Based on the mean and gradient value, 

center pixel of that window is classified as defect or non-defect. The main 

disadvantages of this method are large amount of processing required to complete 

edge detection and edge detection techniques are also very sensitive to noises in the 

image (Lashkia, 2001). 

Palenchika and Alekseichuk (1999) proposed another method for automatic 

defect detection in weld radiographic images by using structure-adaptive binary 

segmentation. Weld radiographic image background and defects were approximated 
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by a polynomial model. Features based on object shapes and intensity attributes were 

used to locate the defects. The drawback for this type of model based approach is that 

it is only limited to certain type of defects (Kaftandjian et al., 2003). 

Bonser and Lawson (1998) proposed a template matching defect enhancement 

technique for automatic defect detection in weld radiographs. They used Laws filter 

(Figure 2.7(a» matched for round defects, and Kirsch filter (Figure 2.7(b» for 

longitudinal defects. After the defects were enhanced, defect segmentation was carried 

out based on the value of standard deviation of local area population. The standard 

deviation value was thresholded to detect areas of high variance (likely to be defects) 

and low variance (likely to be background). However, template matching approach 

required 'a priori' knowledge in order to match the predefined filters to different kind of 

defects. They also concluded that filtering approach is less sensitive to small defects. 

-1 0 2 0 -1 1 1 1 1 1 

-2 0 4 0 -2 1 1 1 1 1 

0 0 0 0 0 0 0 0 0 0 

2 0 -4 0 2 -1 -1 -1 ·1 -1 

1 0 -2 0 1 -1 -1 -1 -1 -1 

(a) Laws filter (b) Kirsch filter 

Figure 2.7: Filter masks for defect detection. 

Application of artificial intelligence (AI) techniques such as artificial neural 

network (ANN) and fuzzy logic, on automatic defect detection of weld radiographic 

images have also been explored. Lawson and Parker (1994) trained a MLP neural 

network based on Kehoe's (1989) adaptive threshold operator. The trained network 

scans the image in a raster fashion, where the input of the network was corresponded 

to a window of size m x n. The center pixel of the window was classified into 
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background and defect accordingly. They compared their neural networks with the 

original Kehoe's adaptive threshold and found that their neural networks perform better 

in defect segmentation compared to the original Kehoe's adaptive thresholding method . 

. \ ' 

Jacobsen and Zscherpel (1999) proposed a method to detect crack and 

undercut type of defects in the weld radiographs based on ANN. The features were 

extracted from the intensity profile using various types of filters, namely morphological 

filter, Derivative of Gaussian filter, Gaussian Weighted Image Moment Vector Operator 

(GWIMV) filter, Fast Fourier Transform (FFT) filter and Wavelet transform filter. 

Extracted features were used as an input to a neural network to identify the intensity 

variations of the profile. The major setback of this work is the limitation of the network 

to detect crack and undercut defects. 

Nafaa et al. (2000) applied an ANN for edge detection of weld defects in 

radiographic images. To extract the edges of the weld defect, a 3 x 3 window slides 

over the entire image and the network classifies each center pixels of the window as 

edge or non-edge based on the intensity value of its neighboring pixels. Thus, the 

network has nine neurons receiving the intensity value of pixels composing the 3 x 3 

window. The output layer contains one neuron which classifies the center pixel of the 

window as edge or non-edge, as shown in Figure 2.8(a). 28 training couples of input 

and output were chosen based on the most dominant contour cases, as shown in 

Figure 2.8(b). However, the edge detection method is very sensitive to noise in the 

image. 
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