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ABSTRACT 

Most current commercial automated IC inspection 

systems use gray-level or binary images for IC defect 

detection in spite of the fact that color permits defect 

detection where gray-level information is insufficient. 

Three color image processing techniques including the 

spectral-spatial clustering, principal components, and hue-

saturation-value (HSV) color features have been investi

gated to evaluate the usefulness of color for IC defect 

detection. 

The AMOEBA spectral-spatial clustering algorithm, an 

un-supervised color segmentation approach, with a sequence 

of image processing procedures resulted in segmentation 

results with high accuracy and discriminated successfully 

an isolated and homogeneous defect with an unique color 

signature. The principal components transformation and 

the HSV color features, two color enhancement/separation 

algorithms, have proven useful for enhancing and isolating 

weak spectral signatures in the defect regions. The 

results of this investigation into the use of color are 

promising. 
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

Quality control is critical in the process of 

integrated circuits fabrication. Visual inspection is one 

of the most important procedures performed at numerous 

stages in the process to increase IC product reliability. 

Conventionally, the task of visual inspection is carried 

out by human operators. A major drawback of human inspec

tion is inconsistency. One test done by KLA Co. [KLA, 

1984] indicated that human inspectors with the same train

ing interpret the same IC patterns differently by a 

factor of 5. Another test [West, 1983] indicated that 

some inspectors tend to consistently miss certain types of 

defects. 

The inherent character of IC products has changed as 

advanced technologies have developed. Changes such as 

reduced pattern geometry, larger chip size, and high yield 

demand of VLSI wafers illustrate the limitation of manual 

inspection and make the need for an automated IC inspec

tion system increasingly obvious. Figure 1.1 illustrates 

the trends in line width reduction of circuit components 

and the trends in maximum size of IC chips. Several 

attractive features such as economy, efficiency, thorough
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ness, consistency, and higher quality control can be 

obtained from a "well-developed" automated inspection 

system. However, to develop a cost effective automated 

inspection system is a very challenging task. The system 

must be able to compete with trained human operators in 

terms of the features mentioned above. 

Visual inspection is performed at different stages in 

the IC fabrication process. It consists of three general 

categories: macro-inspection, critical dimension measure

ment, and micro-inspection [Harris, 1983]. Macro-inspection 

is performed on full wafers to check for patterning 

problems and relatively larger defects such as particu

late contaminations. Micro-inspection is performed to 

check for random, repeating, and patterned defects at the 

finest levels. Critical dimension measurement, which 

measures the dimensions of the smallest circuit features 

[Nishihara, 1988], determines if the exposure and develop

ment in photolithography process were appropriately 

performed to generate correct circuit pattern size. It is 

essential to assure the performance of semiconductor 

products. 

IC micro-defects can be divided into three different 

categories: random defects, repeating defects, and pattern

ed defects. Typically random defects have irregular 

shapes. Liquid-borne and air-borne particulate contamina

tion, cracks, and voids are some examples of random 
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defects. Repeating defects, like random defects, are 

local defects. But they are found every time the circuit 

patterns are printed. Patterned defects are global defects. 

They are observed on all equivalent geometries within the 

field of view [Harris, 1983]. 

There are some generic properties of IC patterns 

[Chae, 1987; Hsieh,1980]. Usually an IC image consists of 

horizontal, vertical, or 45 degrees straight line segments 

and relatively smooth regions. Both lines and regions 

form the image patterns which in general are repetitive. 

An IC image is obtained from three dimensional semicon

ductor products which are composed of superimposed mask 

patterns. Different image gray levels (GL) or colors are 

due to different materials (metal or substrate) or differ

ent thickness of the SiC>2 film. 

By "defect", we mean anything that does not match the 

generic properties of IC patterns or anything that is not 

consistent with IC design data. For example, objects 

having irregular shapes or abnormal color signatures are 

considered as potential defects. Also when image patterns 

are compared with design data, anything out of place, or 

missing, or having dimensional errors is considered a 

defect. 

Developing an automated IC inspection system is the 

solution to the problem of manual inspection. An auto

mated IC inspection system based on imaging has three 
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major components: sophisticated image processing algo

rithms, high speed image processing architecture, and 

complex optics and illumination [Mathews, 1984]. Image 

processing plays an important role in such a system. 

Without an appropriate image processing paradigm, defect 

detection is impossible. A collection of preprocessing and 

feature extraction techniques needs to be developed for the 

detection of specific types of defects. 

1.2 Use of Color Information 

Most current commercial automated IC inspection 

systems use gray-level images or binary images. The 

analysis of color IC images has received little attention 

in developing an automated inspection system, in spite of 

the fact that color should provide much useful informa

tion. There are several limiting factors to the use of 

color information in developing an automated inspection 

system. In comparison to gray level processing, color 

image processing requires more image data to be processed, 

higher cost, longer processing time, more complicated 

computer software algorithms and hardware architectures and 

a more sophisticated set-up of optical devices. However, 

if the usefulness of color information in IC defect 

detection can be proven, the importance of these factors 

will be reduced because of the rapid advances of computer 

technologies such as parallel algorithms and very large 
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multicomputer architectures that can handle these 

algorithms efficiently. 

Currently, there are no automated inspection systems 

that can inspect for all types of defects on wafers using 

a single algorithm. Different types of defects usually 

need different specific solutions. For some IC defects 

which are characterized by regions with irregular shapes 

and abnormal spectral distribution such as particulate 

contaminations, color image processing techniques may be 

more powerful than ordinary GL spatial segmentation 

techniques. 

This project's aim is to investigate effective color 

image processing algorithms and evaluate the usefulness of 

color information for detecting defects in integrated 

circuits. Three different image processing approaches 

using multispectral color information have been explored 

thus far, 

1) The spatially improved color segmentation; 

2) The principal components transformation; 

3) The HSV transformation. 

In color image processing, the color of a pixel is 

usually represented by three values corresponding to the 

tristimuli R (red), G (green), and B (blue). The use of R, 

G, and B requires no transformation, but the R, G, and B 

images are usually highly correlated and thus have a lot 

of redundancy. Therefore various kinds of color features 
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have been derived from the tristimuli for better image 

representation and feature extraction. The PC analysis 

and the HSV transform are two examples. 

AMOEBA, an automatic clustering and classification 

algorithm previously used exclusively in remote sensing, 

makes use of both spectral information and spatial 

relationships of image data [Bryant, 1979] and was used 

for color segmentation of IC images. Also, some modifi

cations have been made in the processing to improve the 

segmentation results. 

The principal components (Karhunen-Loeve) transforma

tion was used to enhance image spectral information and to 

extract region defect information which can not be easily 

obtained from GL images. In this study, the principal 

component (PC) images were viewed as a tool to provide 

discrimination/separation between the defect features and 

the normal circuit features. A simple and fast image 

processing technique such as thresholding can then be 

applied to PC images to extract defects. The advantage of 

this technique is that it reduces the color spectral 

segmentation problem to a monochrome spatial segmentation 

problem. 

The HSV transform is an algorithm which describes 

color in terms of hue (H), saturation (S), and value (V). 

A sequence of procedures was developed to achieve automated 

defect detection with the HSV transform. 
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1.3 Objectives 

This study comprises two objectives. The first was, to 

develop a sequence of image processing procedures which 

implement the color segmentation algorithm (AMOEBA) for 

automatic detection of IC defects. Additional issues such 

as how to improve the segmentation results by suppression 

of boundary artifacts arising from clustering algorithms 

were also studied. The second was, to investigate the 

effectiveness of two color transformation algorithms, the 

principal components transformation and the HSV transforma

tion, in the application of automatic IC defect detection. 

The criteria to be used for judging the effectiveness 

of the color segmentation approach are: (1) the ability to 

distinguish between defects and valid circuit features, 

(2) the uniformity and simplicity of regions of interest 

by the quantitative measure of the classification 

accuracy, and (3) the simplicity and straightness of 

boundary pixels. The criteria for judging the second and 

third approaches are: (1) the ability to distinguish 

between defects and valid circuit features and (2) the 

ability to provide a suitable image presentation for 

extracting defects automatically by the image processing 

tool. 

Three different test image sets were used to evaluate 

the feasibility of the color approaches for IC defect 

detection. The IC test images were acquired from the 
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manual "Visual Inspection Criteria for ICs and Hybrids" 

published by the Integrated Circuit Engineering (ICE) 

Corporation [ICE, 1987]. They were acquired by using red, 

green, and blue gelatin filters with a CCD camera in the 

Digital Image Analysis Laboratory (DIAL) at the University 

of Arizona. The images were digitized at 300x370 pixel 

resolution and quantized to 8 bits/pixel/color. The 

algorithms were implemented in FORTRAN on a VAX-11/750 VMS 

computer system. 
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CHAPTER 2 

OVERVIEW OF AN AUTOMATED IC INSPECTION SYSTEM 

A considerable degree of research and development has 

been done in terms of automated IC inspection [Harris, 

1983, 1984; Mathews, 1984; Odawara, 1986; Hara 1982; 

Hsieh, 1980]. Currently most automated inspection systems 

have been implemented only to a limited extent because of 

the cost and technical difficulties in hardware, software, 

and optical set-up for developing a "versatile" automated 

inspection system. With rapid advances in computer 

technology and more interest in inspection automation, the 

degree of difficulties posed above will be reduced and make 

the development of a completely automated IC inspection 

system practicable. 

In general there are several requirements of an auto

mated IC inspection system: 

- Automation of the inspection process. 

- High inspection speed. 

- High inspection accuracy. 

- High inspection sensitivity. 

- High throughput. 

In many cases, some of these requirements can be met, but 

it is an extremely difficult task to develop the 

inspection system which meets all the requirements. In 
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such cases, a computer-aided inspection system (semi-

automated) system is generally used as an alternative. 

There are three different types of semiconductor 

wafers that can be inspected by an automated inspection 

system: unpatterned wafers, in-process wafers, and fully 

patterned wafers. The inspection of unpatterned wafers is 

generally conducted by using the laser scanning methods 

(refer to Sec. 2.5.2) which are different from the conven

tional optical imaging methods used for the inspection of 

in-process wafers and fully patterned wafers. 

2.1 Functions of an Automated IC Inspection System 

The results from manual inspection are generally 

inconsistent and subject to the operator's judgement. An 

automated inspection system requires consistent illumi

nation and objective algorithms. It also should provide 

quantitative inspection results for process analysis. 

The functions incorporated in an automated inspection 

system include macro-inspection, critical dimension 

measurement, and micro-inspection [Harris, 1983,1984]. 

2.1.1 Macro-Inspection 

Macro-inspection is defined as wafer inspection at low 

magnification. The inspection of a patterned wafer in this 

stage is to detect gross defects such as particulate 

contamination. 
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2.1.2 Critical Dimension Measurement 

Critical dimension (CD) measurement is necessary to 

establish the performance of the semiconductor products. An 

automated inspection system which makes automated CD 

measurements has been developed [Baird, 1984]. This 

system can automatically load, find, and measure a pre

defined inspection pattern. The pattern to be measured is 

stored in memory and can be rotated continuously for 

alignment up to 15 degrees in real time. In this system, 

CD measurements require reference methods using circuit 

design data. 

2.1.3 Micro-Inspection 

Micro-inspection is defined as wafer inspection at 

high magnification. It is performed to check for random, 

repeating, and patterned defects (refer to Sec. 1.1). 

Micro-Inspection can be accomplished by using either 

reference methods or non-reference methods (refer to Sec. 

2.3.1). 

2.2 Engineering Aspects of an Automated IC Inspection 
System 

2.2.1 Optical Set-Up and Illumination 

In semiconductor manufacturing, inspection tasks are 

conducted during different processes. A single optical and 

illumination set-up is not sufficient to meet the require

ments of various inspection functions. What is needed 
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[Mathews, 1984] is a system which provides multiple 

magnifications, depth-of-focus, fields-of-view and viewing 

angles so that the overall image quality and appearance 

are optimized for different inspections. It is also 

important to have the capability for uniform and consist

ent object illumination. Incorrectly designed illumina

tion conditions may cause the rejection of a valid circuit 

component or the acceptance of a critical defect. Hara et 

al. [Hara, 1982] provided an example of appro-priate 

illumination by designing an illumination system (Fig.2.1) 

which involves both vertical and diagonal illuminations to 

avoid the problem of shadowing. 

2.2.2 Hardware Design Considerations 

An inspection system in general consists of four 

major hardware components [Mathews, 1984] : video 

interface, memory, processor, and communication interface. 

The video interface performs analog-to-digital (A/D) 

conversion. The processor executes system control and 

image processing. The communication interface provides 

communication with other in-process tasks. For an 

automated inspection system having the capability of 

color analysis, it is essential to develop special image 

processing architectures and a high degree of parallelism 

(refer to Sec. 5.3) for compensating the additional 

computation burden from color image processing algorithms. 

Some algorithms which have a pipelined structure and local 
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neighborhood operations are suitable for hardware imple

mentation. The development of new image processing 

architectures and custom VLSI chips for time-critical 

stages involved in effective feature extraction algori

thms will make the inspection tasks more practicable. One 

example computer inspection system using image processing 

techniques is shown in Figure 2.2. 

2.2.3 Software Design Considerations 

There are three major tasks to be addressed in the 

software design of an automated inspection system: (1) 

defect detection, (2) defect classification, and (3) 

process analysis. A block diagram of the software design 

of an automated inspection system is illustrated in Figure 

2.3. 

2.2.3.1 Defect Detection 

In the defect detection stage, there is a need to 

develop an image processing/pattern recognition toolbox 

which consists of well proven algorithms chosen from 

current IC inspection methods (refer to Sec. 2.3.1). An 

interesting observation has been found from various 

experiments [Strickland et al, 1988]; every specific 

defect type has its own distinct image processing/ 

pattern recognition requirements. The requirements could 

be very simple, but they may not be the same for different 

defect types. For the purpose of automation, the defect 
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positions are generally determined by a sequence of 

effective color or gray-level image processing procedures 

selected from the image processing toolbox. Therefore 

the image processing toolbox should include not only 

special-purposed image processing algorithms (feature 

extraction, comparison, morphological operations, segmenta

tion, transformation, etc.) for detecting different types 

of defects but also some basic routines such as image 

statistics, image enhancement, and filter operations to 

automate the inspection process. In order to achieve the 

high throughput requirement, it is essential to realize 

the specialized algorithms using dedicated software and 

hardware for real time inspection. 

One possible configuration of a defect detection 

subsystem applying the concept of an image processing 

toolbox is illustrated in Figure 2.4. The input to an 

automated inspection system is assumed to be color images. 

A color decision system determines if there are abnormal 

color signatures. If there are no unusual color signa

tures, monochrome analysis tools can be applied to the 

input for defect detection. If there are such abnormal 

signatures, the defect detection should be achieved by 

using color analysis tools. Eventually the defect map 

derived from either color or monochrome analysis tools is 

passed to the expert system for defect classification. 
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2.2.3.2 Defect Classification 

An expert system takes the information generated from 

the first stage and labels the defect; it provides an 

intelligent interpretation of defect types. This defect 

classification subsystem also decides the fate of the IC 

under inspection. 

2.2.3.3 Process Analysis 

After defects have been classified by the expert 

system, a statistical analysis is needed to take the data 

from the first and second stages and provide information 

on frequency and locations of defect occurrences. The 

main function of this stage is to determine the likely 

sources of the defect and provide recommendations about 

improving the process. 

2.3 Current IC Inspection Technologies 

In this section, the most commonly used inspection 

methods which either apply image processing techniques or 

use newly developed instruments will be discussed. 

2.3.1 Conventional Imaging and Image Processing 
Methods 

Specific image processing procedures which might take 

advantage of the characteristics of IC images have been 

developed to detect specific defects such as chipouts, 

multiple probe marks, pad discoloration, voids, cracks, 

scratches, contamination and dirt [Baird, 1984]. These 
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defects can be grouped into two kinds. Some of the 

defects are characterized by regions that have an abnormal 

color signature and irregular shape and some of them are 

characterized by edges/boundaries that are not linear or 

not in any allowable directions. 

Recently there is a great deal of attention devoted to 

the development of specific image processing procedures to 

detect specific defects. The most common inspection 

methods using image processing fall into three general 

categories: (1) reference methods using pixel-by-pixel 

comparison, (2) reference methods using general object 

information, and (3) non-reference methods. The pixel-by-

pixel comparison method compares the circuit pattern to be 

inspected with a reference image on a pixel-by-pixel basis. 

Any mismatches are considered defects. Most commercial 

automatic inspection systems are implemented with this 

method because of its simplicity and high speed. All 

different kinds of defects may be detected, but a lot of 

false alarms may also be generated from alignment errors 

or quantization errors arising when the original image is 

binarized. In addition, this technique requires the 

storage of the reference image and can not easily include 

the tolerance allowed in the design rules. 

The second category is reference methods using general 

object information. Object information such as pattern 

geometry specifications and region statistics derived from 
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either design data or pseudo design data, is used instead 

of the reference image itself for comparison. This 

technique works well for relatively simple IC patterns. 

However, when circuit patterns become complicated, there 

are difficulties in finding simple and effective 

characteristic features for defect detection. 

The non-reference methods use no reference information 

and merely rely on the generic properties of IC images. In 

some cases this technique fails due to the lack of informa

tion about the object. One example of the non-reference 

methods is the template-set approach [Chae, 1986]. This 

morphological feature extraction method uses a set of 

templates which represent the morphological properties of 

the circuit patterns. This method compares a windowed 

image to the set of templates and flags the center of 

every window that contains an unacceptable pattern. 

2.3.2 Alternative Data Acquisition Systems 

This section describes two alternative data acquisi

tion systems for IC wafer inspection: laser scanning 

microscopy and acoustic microscopy. 

2.3.2.1 Laser Scanning Microscopy 

Conventionally, particle detection on polished wafers 

has been conducted using a laser scanning system which is 

different from imaging systems. The system is equipped 

with a helium-neon laser and two-axis beam scanner for 
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scanning the wafer surface. Contamination on the wafer is 

detected by sensing the laser energy scattered by the 

contamination. Specular reflection from the wafer surface 

is trapped so that only scattered light is sensed by the 

photodetectors. The system provides two kinds of statis

tical information: (1) the number of particles, and (2) the 

sizes and positions of particles. The particle size is 

determined by measuring the intensity of the scattered 

light. The number of particles is determined by counting 

the number of scattered light pulses. Figure 2.5 [Rosa 

and Rose, 1986] shows a new laser scanning microscope 

(LSM) developed at AT&T Technologies Engineering Research 

Center(ERC) for automatic detection of particle contami

nation on patterned silicon wafers. 

2.3.2.2 Acoustic Microscopy 

The acoustic microscope is a newly developed 

instrument in the field of microscopic imaging. The 

acoustic microscope differs from optical instruments in 

several ways. An acoustic lens and electroacoustical 

transducers and electronic detectors are components in an 

acoustic microscopy imaging system. With such a system, 

high resolution images which show details not seen in 

optical micrographs may be obtained. Acoustic imaging 

should play a role in selected areas with respect to IC 

inspection tasks. One example is to identify the lack of 
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adhesion of the chrome films which are the major 

components of photomasks for the fabrication of integrated 

circuits. This kind of defect is difficult to detect with 

optical methods [Quate, 1985]. 
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CHAPTER 3 

COLOR IMAGE PROCESSING TECHNIQUES 

Three image processing techniques were investigated 

for IC defect isolation and detection: 

1. Color segmentation; 

2. Principal components transformation; 

3. Visual color features. 

3.1 Color Segmentation 

Image segmentation is usually a fundamental step in 

developing an automated IC inspection system. In image 

segmentation, connected regions which consist of pixels 

sharing the same image properties are extracted based on 

either gray level or color. In our case, the problem is 

how to partition IC color images into regions which 

correspond to the major components (normal and abnormal/ 

defective) of the product under inspection. 

A wide variety of segmentation techniques have been 

developed. In general, they can be divided into two 

categories: pixel-based and region-based approaches 

[Rosenfeld, 1983]. Pixel-based methods assign pixels to 

classes based on pattern classification techniques. 

Region-based methods divide an image into maximally 

homogeneous regions, typically by an initial partition 
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followed by splitting and merging operations. Splitting 

occurs when there is an inhomogeneous region and merging 

takes place when the union of two regions is homogeneous. 

Unsupervised Clustering is a pixel-based method. It makes 

no assumption about the structure of the image data and 

organizes image pixels into clusters such that pixels 

within a cluster have similar image properties such as 

gray level, color, or texture. 

3.1.1 The K-means Clustering Algorithm 

One of the most common clustering algorithms is the 

K-means algorithm [Schowengerdt, 1983]. It begins with an 

initial partition by randomly choosing k mean vectors for 

k classes. Each pixel is then assigned to the closest 

mean vector using the minimum-distance classifier. This 

partition algorithm allows iterative modification of 

partition results so that a poor initial partition can be 

corrected later. A new set of mean vectors is generated 

from the previous partition and the pixels are reassigned 

to the new classes. The iteration of clustering continues 

until either there is no significant change of partition 

from one iteration to the next or the number of iterations 

exceeds a user-supplied limit. 

3.1.2 The AMOEBA Clustering Algorithm 

AMOEBA (Analysis of Multi-image Observations Employing 

a Boundary Algorithm), an automatic spectral clustering 
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and classification algorithm [Bryant, 1978; 1979], makes 

use of not only spectral information but also spatial 

relationships of image data. The algorithm requires no 

mandatory user-supplied parameters, although there are a 

few optional parameters which determine the segmentation 

smoothness and number of classes in the final class map. 

In another words, the algorithm operates primarily in an 

unsupervised mode. With this property, the technique is 

not affected by substantial variations in input images. 

This is a desired feature in our case, since an automated 

inspection system includes as little external knowledge as 

possible. Decisions are supposed to be made internally. 

The AMOEBA clustering algorithm which determines the 

cluster positions and number of clusters in color feature 

space is based on a theoretical model [Bryant, 1978; 

1979]. This model assumes that real classes are present 

in spatial groupings called patches. All pixels in the 

same patch are in the same real class. The model also 

determines a measurement of classification errors called 

pair probability of misclassification (PPMC) which is the 

sum of the probability that two pure pixels are in the 

same real class and are clustered differently (omission 

errors) and the probability that two pure pixels are in 

different real classes and are classified the same 

(commission errors). The omission error for each cluster 

center can be estimated by using 10 unordered pairs from 5 



3 9  

test pixels which are selected randomly from each patch. 

The commission error for each cluster center can be 

measured first by arranging the cluster centers so that 

adjacent clusters are spectrally similar. Next, 10 pairs 

which are from different - but not too different real 

classes are selected for the estimation. The objective of 

the AMOEBA algorithm is to minimize the PPMC and assign 

pure pixels to a meaningful cluster. AMOEBA applies the 

nearest (in feature space) cluster center classification 

scheme. If a pixel has two or more neighbors classified 

in the same class, it is assumed that this pixel is 

correctly classified. The AMOEBA Fortran source code was 

obtained from Dr. Bryant and implemented on the VAX-11/750 

under VMS at the Digital Image Analysis Laboratory. 

3.1.3 AMOEBA procedure 

The procedure for implementing the AMOEBA clustering 

algorithm consists of two modes: the AMOEBA per-pixel mode 

and the AMOEBA neighborhood mode. The AMOEBA per-pixel 

mode includes the following steps [Bryant, 1979; Jenson, 

1982]: 

( 1 )  U s e  1 - D  g r a d i e n t  t h r e s h o l d s  t o  d e f i n e  t h e  b o u n d a r y  

pixels. The boundary thresholds are determined internally 

in the program and adapt to data variability so that about 

one third (empirically determined) of the image data are 

boundary pixels. 
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(2) Form "patches" which are the remaining spatially 

connected regions. 

(3) Select five pixels (test pixels) from each patch to 

form "test sets". 

(4) Form initial mean vectors from each test set. 

(5) Classify test pixels to the nearest spectral mean 

vector. 

(6) Eliminate those mean vectors which do not attract test 

pixels sufficiently. Also eliminate those mean vectors 

which have relatively high PPMC. 

(7) Reclassify test pixels which were classified to an 

eliminated mean vector. 

(8) Classify unlabelled pixels from each "patch" and 

boundary pixels to the nearest remaining spectral mean 

vector. 

The AMOEBA neighborhood mode adds three more steps: 

( 1 )  D e c l a s s i f y  p i x e l s  n o t  s a t i s f y i n g  t h e  c o n d i t i o n  

specified by the parameter NALIKE. NALIKE specifies the 

number of points in the eight neighborhood which must be 

classified like the pixel in question. 

(2) Reclassify these pixels into the class of a spatial 

neighbor which remains classified. 

(3) If this fails, restore the original classification to 

the pixel and proceed to the next neighborhood. 

A computer flow chart which describes the procedures 

done by AMOEBA is shown in Figure 3.1. 
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3.2 Principal Components Transformation 

Information in digital IC images consists of two 

forms, spectral and spatial . The principal components 

(PC) analysis was chosen to enhance the spectral informa

tion. The principal components (or Karhunen -Loeve) 

transformation is a data compression technique that can 

be applied to multispectral images to remove spectral 

redundancy among individual bands of multispectral images 

[Gonzalez and Wintz, 1977; Jenson and Waltz, 1979; 

Schowengerdt, 1983]. It is also frequently used to 

accomplish image enhancement and noise reduction. 

Geometrically, the principal components transformation 

is a linear orthogonal transformation that rotates and 

shifts the coordinate axes of the original n-dimensional 

probability density function (PDF) to create uncorrelated 

principal component images with orthogonal axes (Fig.3.2). 

The mathematics of this statistical technique is the 

transformation of the covariance matrix of the original 

data to a diagonal covariance matrix. The principal 

component images are ordered by decreasing gray level 

variance; therefore, the first principal component image 

has the greatest contrast and, by this measure, the most 

information content. The detailed mathematics of the 

principal components technique can be found in many 

references [Jenson and Waltz, 1979; Siegal, 1979]. 
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3.3 Visual color features 

There are a variety of techniques for display of 

multispectral image data in color. To be an effective 

color presentation, the image data must be displayed in a 

way which provides extractable information ( in our case, 

defect information ) related to the user's applications. 

The HSV transform, a pixel-by-pixel transformation, is 

an algorithm which describes color in terms of hue (H), 

saturation (S), and value (V) [Smith, 1978]. These color 

features are perceptual variables related to human 

impressions of colors, which are different from the more 

frequently used "primary" components of Red, Green, and 

Blue. The use of HSV features might be suitable for the 

analysis of IC images, because it provides information 

which is perceptually important for a human inspector. 

The HSV transform is based on the hexcone color model 

which is derived from the RGB colorcube. Figure 3.3 

describes how the hexcone model defines H, S, and V 

components. The quantity Value (V) is defined as the 

maximum of tristimulus values R, G, and B. Increasing V 

from black (GL = 0) to white (GL = 255) determines a 

series of hexagons of increasing size (Figure 3.3(a)). 

These hexagons form a solid hexcone. Given a V, H and S 

are defined geometrically in the corresponding hexagon; H 

is defined by the angle and S is defined by the length of 
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a vector with one end located at the center of the hexagon 

which is called the gray point (Figure 3.3(b)). 
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Figure 3.1. The computer flowchart for the clustering 
algorithm AMOEBA. 
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CHAPTER 4 

RESULTS AND DISCUSSION 

This chapter presents the experimental results 

obtained from the color image processing techniques 

investigated for IC defect isolation and detection. 

4.1 Color Segmentation 

The test image set #1, which depicts an isolated 

homogeneous metallization void, is shown in Figure 4.1 and 

used for evaluating the effectiveness of the color segment

ation approach. In the application of IC wafer inspection, 

the goals of clustering algorithms are to: (1) classify as 

many pixels as possible in a region with similar color 

into one class, ( The ideal case is that all pixels in the 

region are classified the same.), (2) distinguish between 

defective circuit components, which are characterized by 

irregular regions with abnormal internal spectral distri

butions, and normal circuit components, and (3) retain 

boundary information. 

There are several optional parameters specified during 

the AMOEBA clustering process: 

( 1 )  N I T E R  ( 1 : 5 ) :  n u m b e r  o f  i t e r a t i o n s .  T h i s  p a r a m e t e r  

allows the initial estimate of the boundary to be 

modified. NITER was set to 1 in this experiment. 
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(2) PCTFLD (25:75): percent in "patches". In an image with 

complex spatial structure, the initial estimate of bounda

ries will be improved with a low PCTFLD value. 

(3) NALIKE: the number of pixels in the eight neighborhood 

which must be classified like the pixel in question. 

NALIKE was set to 6 to obtain a smooth classification map. 

The evaluation of AMOEBA as a clustering tool was 

conducted in two ways: one is a quantitative measure and 

the other is a qualitative description. First of all, the 

assumption was made that each homogeneous region with 

similar color represents a real class. The classifica

tion accuracy is defined by the percentage of pixels of 

the majority class in a selected homogeneous region (Fig. 

4.2). This accuracy measure thus reflects the homogeneity 

of the selected regions. Table 4.1 illustrates the 

classification accuracy of each selected homogeneous 

region obtained from both the AMOEBA per-pixel and AMOEBA 

neighborhood modes. The overall classification accuracy 

for the AMOEBA neighborhood (64.31%) is slightly higher 

than that for the AMOEBA per-pixel (59.04%). 

In Figure 4.3(a), a color display of the output from 

the AMOEBA per-pixel mode is shown. In Figure 4.3(b), a 

similar color display from the AMOEBA neighborhood is 

shown. Neither output is entirely satisfactory. Fist of 

all, the 64% classification accuracy is not high enough. 

Secondly, the segmented regions are not simple, uniform 
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and homogenous enough. That is, the resulting classifica

tion map has a noisy appearance; many isolated pixels and 

small groups of pixels whose classification is different 

from that of their neighbors are present in the classifi

cation map. To improve the segmentation results,some 

modifications in the processing were made and will be 

discussed in the next section (4.1.1). In terms of 

qualitative performance, the region of defective circuit 

components (marked G in Figure 4.2) stands out clearly as 

an isolated uniform region. 

When circuit design data is available, the defect 

region can be detected by matching information from the 

segmented image with models (circuit design data) stored 

in the computer. If the circuit design data is not 

available, the defect detection is a challenge and must be 

based on reasonable assumptions. By observing that the 

defect region is regular in shape and homogeneous in color, 

it is difficult to distinguish it from the normal circuit 

components. The only clue is the color difference. The 

defect region is dark bluish; however, most of the rest of 

the image is light brownish. In this case, pixels in the 

defect region can be regarded as outliers to be detected. 

If we assume the color of the whole IC image is approxi

mately uniform, then the defect class which has a unique 

color signature may be detected automatically by comparing 

the mean vector of each class with the overall mean 
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vector, which is a weighted linear combination of the mean 

vectors of all the classes. The mean vector of the defect 

class (if any) will be the most distinct from the average 

and the class will be flagged as a defect candi-date. 

Boundary pixels and their associated class are one major 

problem that we can foresee. In most cases, the boundary 

class will be flagged as a defect candidate because of its 

dark gray level. To address this problem, some 

modifications were made in the color segmentation 

procedures and are discussed in the next section. 
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Table 4.1. The classification accuracy of each selected 
homogeneous region for two AMOEBA modes. 

Region # of pixels classification accuracy % 

AMOEBA AMOEBA 
per-pixel neighborhood 

A 3221 61 .91 (24.00) 73.39 (20.99)* 
B 3058 48.56 (42.35) 49. 18 (44.18 ) 
C 857 86.83 ( 7.57) 96.15 ( 2.21 ) 
D 752 56.51 (37.50) 62.50 (35.64 ) 
E 1 103 41 .61 (35.90) 41 .52 (36.54) 
F 2136 31 .74 (31.69) 34.78 (28.37) 
G 1420 95.35 ( 4.08) 97.54 ( 2.11) 
H 2334 70.52 (12.30) 78.06 (14.35) 

Total 14881 59.04 64.31 

* The percentage of pixels in the parentheses indicates the 
second largest class in the selected region. 



Figure 4.1. Test image set #1. An isolated homogeneous 
metallization void is shown as a dark bluish 
region centered in the image. 

52 



Figure 4.2. The selected regions (A-H) for measuring the 
classification accuracy. 

53 
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( a ) 

(b) 

Figure 4.3. (a) A color display of the segmentation result 
from the AMOEBA per-pixel mode. (b) A color 
display of the segmentation result from the 
AMOEBA neighborhood mode. Each color 
represents a unique spectral signature; there 
are 12 classes. 
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4.1.1 Spatially Improved Segmentation 

The fact that edge pixels have a tendency to contain 

transitional colors is likely to affect the clustering. 

For example, consider a pixel p on the real boundary 

between two adjacent real fields containing distinct real 

classes x and y. It is possible that p is misclassified 

in class z in the nearest neighbor classification. Since 

AMOEBA is a region-based method, information on linear 

features which would appear as regions with a width of 

only several pixels is generally suppressed. If we isolate 

edge/boundary pixels in our clustering process by replacing 

the boundary pixels with a mask, then the classification 

confusion raised by the boundary pixels can be avoided and 

a specific boundary class will be created. The pseudo

colored classification map obtained from the original IC 

images with boundary pixels masked out will show not only 

segmented homogeneous regions but also enhanced boundaries. 

The Sobel operator was applied to extract the boundary 

pixels (Fig. 4.4(a)). The boundary pixels were then masked 

out of the original color image (Figure 4.4(b)). The last 

step to improve the segmentation result is to apply a 

majority filter. The majority filter is a classification 

smoothing technique [Schowengerdt, 1983]. A moving window 

is passed through the classification map and the majority 

class within the window is assigned to the center pixel. 
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The spatial smoothing performed by the majority filter 

always slightly improved the segmentation results. 

4.1.2 Application to IC Defect Detection 

The classification map obtained from AMOEBA with edge 

pixels masked out is shown in Figure 4.5(a). A smoothed 

version of Fig. 4.5(a) obtained by applying the majority 

filter is shown in Figure 4.5(b). By comparing Figure 

4.3(b) with Figure 4.5(a), it can be concluded that the 

regions created with the mask generally are more homoge

neous than those created without the mask. Therefore, the 

classification accuracy from this modified method is 

increased dramatically. 

A complete comparison of the results using four 

classification procedures (the AMOEBA per-pixel, AMOEBA 

neighborhood, AMOEBA neighborhood with mask, and AMOEBA 

neighborhood with mask and majority filter) is shown in 

Figure 4.6. Table 4.2 summarizes the accuracy of 

classification results obtained from the above four 

procedures. Table 4.3 provides the classification summary 

obtained by AMOEBA from the test image set #1 with the 

boundary pixels masked out. From the results, it can be 

concluded that the goals mentioned in section 4.1 have 

been achieved. First of all, the classification accuracy 

(83.17%) of the last classification procedure mentioned-

above is about 20% higher than that of the AMOEBA per-

pixel procedure. Secondly, the defect region (marked G in 
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Fig. 4.2) has been separated from the other regions which 

correspond to normal circuit components. Finally, a 

segmentation result with relatively homogeneous regions 

and clear boundaries was obtained. 

When circuit design data is available, the defect 

region can be detected by matching information from the 

segmented image with models (circuit design data) stored 

in the computer. If the circuit design data is not 

available, the defect detection can be based on some 

assumptions. In this case, the assumption that the color 

variation of the whole IC image is small except for the 

defect region, was made. In order to successfully detect 

the defect class using the assumption, the problem arising 

from the boundary pixels and associated classes (refer to 

Sec. 4.1) has to be solved. 

The computer procedure FIND_REGION was used to divide 

the final classification map into two categories: region 

classes and non-region classes. A non-region class is 

characterized by linear segments only a few pixels wide; 

however, a region class is characterized by relatively 

larger homogeneous regions. A 7x7 mask was applied to the 

final classification map and the moving window algorithm 

was used to find the potential "region" locations. The 

center pixel of the mask was flagged as a potential 

"region" location if all 49 elements are labelled the 

same. Table 4.4 shows the output file generated from the 
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FIND_REGION procedure. It provides the number of potential 

"region" locations for each class and determines the region 

classes (4, 5, 8, 11, 13, and 14). It should be noted that 

there is a threshold (T= 100) set internally to separate 

the region classes from the non-region classes. The final 

step to determine the potential defect class from the 

region classes is to apply the assumption mentioned 

earlier. The mean vector of each region class was 

compared with the overall mean vector, which is a weighted 

linear combination of the mean vectors of all the region 

classes. A mean-squared difference from the mean (MSD) 

was calculated for each region class. Finally the 

potential defect class which has the largest MSD was 

flagged. This procedure is called the MSD method to 

determine the potential defect class. Table 4.5 shows the 

computer output including the overall mean vector, the MSD 

for each boundary classes, and the potential defect class 

(class # 4). Class #4 pixels were then processed using the 

majority filter to remove noisy pixels. The resulting 

filtered map of class #4 was superimposed on the original 

image data and shown in Figure 4.7(a). A smoothed 

version of the final defect map is shown in Figure 

4.7(b)). Figure 4.8 depicts the flow diagram of the final 

color segmentation procedure. 
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Table 4.2. The classification accuracy of each selected 
homogeneous region obtained with four 
classification procedures. 

Region, # of pixels, Classification accuracy 

AMOEBA AMOEBA AMOEBA AMOEBA 
per- neighbor neighbor neighborhood 
pixel hood hood with with mask and 

mask majority 
filter 

A 3221 61 .91 73.39 89.26 92.80 
(24.00) (20.99) ( 7.57) ( 6.18)* 

B 3058 48.56 49.18 78.81 81 .65 
(42.35) (44.18) (10.95) ( 9.74) 

C 857 86.83 96.1 5 77.97 80.30 
( 7.57) ( 2.21 ) (18.18) (16.90) 

D 752 56.51 62.50 94.95 97.21 
(37.50) (35.64) ( 2.39) ( 2.79) 

E 1 103 41 .61 41 .52 92.66 95.74 
(35.90) (36.54) ( 3.08) ( 2.17) 

F 2136 31 .74 34.78 83.71 87.55 
(31.69) (28.37 ) ( 9.41 ) ( 6.31) 

G 1420 95.35 97.54 95.42 96.34 
( 4.08) ( 2.11) ( 3.80) ( 3.66) 

H 2334 70.52 78.06 46.36 50.47 
(12.30) ( 14.35 ) (23.82) (22.96) 

Total 14881 59.04 64.31 80.06 83. 17 

* The percentage of pixels in the parentheses indicates the 
second largest class in the selected region. 



6 0  

Table 4.3. Classification summary obtained by AMOEBA 
from test image set #1 with boundary pixels 
masked out. 

Class index, 
B) 

pixel #, Mean vectors by band(R,G,and 

1 48408 26 27 26 
2 8045 32 30 30 
3 2182 32 35 32 
4 3724 43 36 32 
5 3130 87 63 50 
6 2169 93 77 50 
7 2086 90 90 60 
8 4548 89 88 67 
9 1401 96 87 62 
10 4706 92 90 64 
1 1 1 1040 100 90 65 
12 4518 93 1 06 95 
13 13744 1 03 118 90 
14 1299 105 120 98 
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Table 4.4. The output file generated from the FIND_REGION 
procedure to separate region classes from 
non-region classes. 

Class index Number of "region"locations 

1 0 
2 38 
3 0 
4 1059 
5 242 
6 5 
7 0 
8 321 
9 0 

1 0 21 
1 1 1141 
12 56 
1 3 4967 
14 196 

Potential region classes are: 4, 5, 8, 11, 13, and 14. 
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Table 4.5. The computer output which includes the overall 
mean vector, the mean-squared difference from 
the mean (MSD), and the potential defect class 
for the test image #1. 

Overall mean vector by band (R, G, and B) is 

(93.19, 93.44, 71.02) 

Class index Mean-squared difference from the mean 

4 7341.58 
5 1407.07 
8 63.37 

11 94.49 
13 1059.40 
14 1572.52 

Potential defect class # is : 4 
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(a) 

(b) 

Figure 4.4. (a) The mask created by the Sobel filter is 
used to cover boundary pixels in the process of 
color segmentation. (b) Original test image 
set #1 with boundary pixels masked out. 
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(a) 

(b) 

Figure 4.5. (a) A color display of the output from the 
AMOEBA method with boundary pixels of original 
data masked out. (b) A smoothed version of 
Fig. 4.5(a) created by the majority filter. 
Each color represents a unique spectral 
signature; there are 14 classes. 
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Figure 4.6. A complete comparison of the results from four 
procedures including the AMOEBA per-pixel, 
AMOEBA neighborhood, AMOEBA neighborhood with 
mask, and AMOEBA neighborhood with mask and 
majority filter. 



( a ) 

(b) 
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The possible defect class class 
superimposed on the original image data. 
(b)The final possible defect map obtained from 
Fig. 4.7(a) by a majority filter. 
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Figure 4.8. Flow diagram of the final color segmentation 
procedure. 
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4.2 Principal Components 

4.2.1 Numerical Outputs 

The test image set #2 with a metallization scratch is 

shown in Figure 4.9. Because the defect area has an 

abnormal color signature, this image was used to test the 

application of the Principal Components approach to IC 

defect detection. The numerical output of the principal 

components technique includes the covariance matrix of the 

original data (Kij), the correlation matrix (Cij), the 

eigenvalues of Kij , and the eigenvectors. 

Covariance can be used as a measure of the scatter 

between two bands [Jenson and Waltz, 1979]. Since 

principal components analysis is a transformation of the 

original covariance matrix to a diagonal covariance 

matrix (i.e. for all i \ j, Kij = 0), the original 

covariance matrix has to be determined first. The 

covariance matrix of the test image set #2 (Fig. 4.9) is 

shown in Table 4.6. The diagonal elements in the 

covariance matrix represent the variance of individual 

bands; the other elements represent the covariance between 

bands. In this case, the total variance (or total inform

ation content), the sum of the diagonal elements, is 

approximately equally distributed among the original three 

bands. 

The correlation matrix for the image in Fig. 4.9, 



6 9  

defined by 

Cij = Kij/fKiiKjjH/Z, i, j =1,2,3 (red ,green,blue) 

is shown in Table 4.7. Theoretically the correlation 

between bands can range from -1 to +1. A positive 

occurs when bands i and j are positively correlated; a 

negative Cij occurs when bands i and j are negatively 

correlated; if bands i and j are completely independent 

of each other, there is no correlation between them. 

When bands i and j are highly correlated, the image in 

one band can be used to predict the image in the other 

band. From the correlation matrix of the IC test image set 

#2, the red, green, and blue bands are highly and 

positively correlated. They are numerically and visually 

similar. Therefore it is difficult to detect color 

variations in the original RGB imagery. Figure 4.10(a) 

shows the scattergram of the original red and green bands 

having the highest correlation (0.969). Figure 4.10(b) 

shows the scattergram of the transformed images PC1 and 

PC2. 

The eigenvector weights are shown in Table 4.8. The 

longest eigenvector is chosen to be the first principal 

component; the second longest eigenvector is chosen to be 

the second principal component, and so forth. It can be 

observed that the first principal component image is 

weighted nearly equally across the original 3-band data. 

Hence, the first transformed image is simply a weighted 
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average image. The second principal component image 

shows the contrast (variations) between the original red 

band and blue band image data. Similarly, the contrast of 

the original green band to the red and blue bands is shown 

in the third component image. The eigenvalues are shown 

in Table 4.9. The sum of the eigenvalues is equivalent to 

the sum of the diagonal elements in the original 

covariance matrix. This fact implies that the principal 

component transformation rearranges the total variance so 

that the first principal component has the most 

information content. 

4.2.2 Application to IC Defect Detection 

The principal component images obtained from the test 

image set #2 are represented in Figure 4.11. PC1 (the 

first principal component image) shown in Figure 11(a) is 

highly correlated to the original data. It contains most 

of the information content and is a weighted average of 

the original 3-band data. With respect to IC defect 

detection, PC1 does not provide a suitable image repre

sentation for extracting defect information. PC2 and PC3 

(Figure 11(b) and (c) contain a small amount of total 

variance, but they do show the benefits of the principal 

components analysis in defect detection. For example, the 

defect region in PC3 has a vivid GL signature which can 

not be seen in the original R, G, and B images. With a 
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single threshold selected manually, the defect region can 

then be easily separated from valid circuit components. 

In order to achieve this, PC3 was processed by applying a 

1-D intensity profile method. The assumption that the 

distinct tonal density variation due to the abnormal 

circuit component will be shown as either darkest or 

brightest pixels in the lower PC images was made. The line 

segment selected manually shows the most significant peak 

in its intensity profile (Fig. 4.12(a)). The single 

threshold was found by measuring the mean intensity value 

of the strongest peak (Figure 4.12(b)). The defect region 

determined by the thresholding procedure is shown in 

Figure 4.13. After smoothing to remove false alarms by 

the majority filter, the final defect map of the test 

image set #2 is shown in Figure 4.14. 

For automated inspection, decisions should be made 

automatically by the inspection system itself. Defect 

detection by the above procedure is not automated, because 

the intensity profile and the threshold were determined 

manually. An alternative procedure to achieve automated 

defect detection is to apply PC3 as input to the AMOEBA 

program described in Chapter 3. The classification 

summary (Table 4.10) generated by AMOEBA was examined by 

the same computer program discussed in Sec. 4.1.2, and 

class #10 (Fig. 4.15) which corresponds to the defect 

region with the largest mean squared difference from the 
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mean was identified. Table 4.11 provides the computer 

output which determines the potential defect class. After 

the smoothing to remove false alarms by the majority 

filter, the final defect map of the test image set #2 is 

shown in Figure 4.16. 



Table 4.6. The covarlance matrix of the test image set #2 

R G B 

R 412.6 480.5 364. 

G 480.5 596.5 450." 

B 364. 1 450.7 364.5 

Table 4.7. The correlation matrix of the test image set 
# 2 .  

R G B 

R 1 .000 0.969 0.938 

G 0.969 1 .000 0.966 

B 0.938 0.966 1 .000 

Table 4.8. Eigenvector Weights. 

PC1 PC2 PC3 

Red 0. 546 -0. 696 0.466 

Green 0. 664 0. 020 -0.747 

Blue 0. 511 0. 717 0.473 

Table 4.9. Eigenvalues. 

PCI PC2 PC# 

1338.5 23.9 11.6 



Table 4.10. AMOEBA Classification Summary for PC3. 

Class Index # of pixels Cluster Mean 
PC3 

1 17441 75 
2 3706 78 
3 7435 81 
4 7929 88 
5 7284 90 
6 5334 96 
7 36731 97 
8 2001 1 133 
9 2882 1 50 
10 2233 172 
11 1 3 240 



7 5  

Table 4.11. The computer output which includes the overall 
mean vector, the mean-squared difference from 
the mean, and the potential defect class for 
the test image #2. 

Total number of pixels in the image = 111000 

Overall mean gray level is: 100.06 

Class index Mean-squared difference from the mean 

2 
3 
4 
5 
6 
7 
8 
9 

1 0  

628. 1 1 
486.74 
363.37 
145.50 
101.25 
16.50 
9.38 

1084.90 
2493.79 
5175.05 

Potential defect class # is : 10 
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Figure 4.9. Test image set #2. 



( a ) 

(b) 

Figure 4.10. (a) Scattergram of the original red and green 
bands having the highest correlation (0.969). 
(b) Scattergram of the transformed images PCl 
and PC3. 
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(a) 

(b) 

Figure 4.11. Principal component images of the test image 
set 12. (a) PC 1 . (b) PC2. 
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Figure 4.11. Principal component images of the test image 
set # 2. (c) PC 3. 

79 



( a ) 

(GL) 

(b) 
192 

- Mean intensity value 
128 

64 

72 1 ~4 216 288 (POSITION) 

Figure 4.12. (a) The intensity profile with the most 
significant peak. (b) The single threshold 
was found by measuring the mean intensity 
value of the strongest peak. 
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Figure 4.13. Defect region produced by a single threshold 
from PC3 (the third principal component 
image). 

8 1 



Figure 4.14. The defect map of the test image set 2 
obtained from the thresholding method. 
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Figure 4.15. The defect class obtained from the DSM 
method. 
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Figure 4.16. The defect map of the test image set #2 
obtained by smoothing Fig. 4.15. 

84 
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4.3 Visual Color Features 

The test image set #3 shown in Figure 4.17 was 

utilized to evaluate the effectiveness of HSV color 

features in defect isolation and detection. Visually 

this image exhibits a "scratches" defect type which is 

characterized by a dark brownish region with irregular 

shape. Figure 4.18 shows the transformed components hue 

(H), saturation (S), and value (V). Color information is 

isolated in the transformed hue (H) image. The hue image 

was then applied as input to the AMOEBA program described 

in Chapter 3. The pseudo-colored classification map shown 

in Figure 4.19 defines the defect region (labelled white) 

clearly. The classification summary (Table 4.12) generated 

by AMOEBA was examined by the same computer program 

discussed in Sec. 4.1.2 and class #7 (Figure 4.20) which 

corresponds to the defect region with the largest 

mean-squared error (Table 4.13) was identified. A thinned 

version of Figure 4.20 is shown in Figure 4.21. The 

thinning procedure was conducted in order to distinguish 

defect pixels from boundary pixels. After the smoothing 

process conducted by the majority filter, the final defect 

map superimposed on the test image set #3 is shown in 

Figure 4.22. 
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Table 4.12. AMOEBA Classification Summary for the hue image 
derived from test image #3. 

Class Index # of pixels Cluster Mean 
( Hue ) 

1 47938 10 
2 14356 28 
3 21853 34 
4 5568 49 
5 715 55 
6 642 192 
7 19928 244 
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Table 4.13. The computer output which includes the overall 
mean vector, the mean-squared difference from 
the mean, and the potential defect class for 
the test image #3. 

Total number of pixels in the image = 111000 

Overall mean gray level is: 62.36 

Class index Mean-Squared difference 

2 
3 
4 
5 
6 
7 

2741.80 
1180.76 
804.41 
178.55 
54.20 

16805.96 
32992.30 

Potential defect class # is : 7 



Figure 4.17. Test image set #3 with a "scratches" defect 
type. 
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( a ) 

(b) 

Figure 4.18. HSV transformed components. (a) Hue. (b) 
Saturation. 
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Figure 4.18. HSV transformed components. (c) Value. 



Figure 4.19. A color display of the classification map 
generated from the hue image by the MSD 
method. 
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Figure 4.20. The possible defect class (class #7) for the 
test image #3. 
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Figure 4.21. A thinned version of Figure 4.19. 



94 

Figure 4.22. The final defect map superimposed on the test 
image set #3. 
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CHAPTER 5 

SUMMARY AND CONCLUSIONS 

The inherent character of IC products has changed as 

advanced technologies have developed. Changes such as 

reduced pattern geometry, larger chip size, more complex 

circuit pattern, etc. illustrate the limitation of manual 

inspection. An automated IC inspection system is believed 

to be the solution to the problem. 

Most current commercial automated IC inspection 

systems use gray-level images or binary images. The use 

of color information has not been included in IC defect 

detection due to some limiting factors (Sec. 1.2). How

ever, color information does play an important role in 

mariy other identification/recognition problems. If the 

usefulness of color information in IC defect detection can 

be proven, it can be incorporated in automated inspection. 

To investigate the usefulness of color information in 

IC defect detection, three color image processing approa

ches have been explored. 

5.1 Color Segmentation for IC Defect Detection 

The AMOEBA clustering algorithm makes use of both 

spectral information and spatial relationship and was used 

for color segmentation of IC images. A sequence of image 
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processing procedures was designed to improve the overall 

performance of the color segmentation algorithm. First of 

all, boundary pixels of the original IC image were iso

lated in the clustering process by replacing the boundary 

pixels with a mask extracted from the Sobel operator. The 

classification confusion raised by the boundary pixels 

thus was avoided and the classification accuracy was 

increased significantly. A specific boundary class, which 

corresponds to the mask, was created and the boundary 

information can be retained in the classification map. 

Additional operations performed by the majority filter 

always slightly improved the segmentation results. 

The other special feature of the color segmentation 

algorithm (AMOEBA) is that it requires no mandatory 

user-supplied parameters and operates primarily in an 

unsupervised mode. This is a desired feature in our case, 

since an automated inspection system includes as little 

external knowledge as possible and decisions are supposed 

to be made internally. 

The automated IC defect detection was based on the 

assumption that the color variation of the whole IC image 

is small except for the defect region. A mean-squared 

difference from the mean (MSD) was calculated for each 

region class. The potential defect class which has the 

largest MSD was flagged. 

In summary, the color segmentation approach resulted 
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in high accuracy segmentation results and segregated 

successfully an isolated and homogeneous defect with a 

unique color signature from the rest of valid circuit 

components in the color experiments. 

5.2 Effective Color Features for IC Defect Detection 

The Principal components approach and the HSV trans

formation, two color enhancement/separation algorithms, 

have proven useful for enhancing and isolating weak 

spectral signatures in the defect regions. The automated 

IC defect detection incorporates the MSD method mentioned 

in Sec. 4.1.2. These color image processing techniques 

measure variations of color in the IC image patterns and 

separate potential defects from valid circuit components. 

The use of color in IC defect detection appears 

feasible and extends the range of inspection methods 

suitable for automated IC inspection. The effective color 

image processing algorithms can then be incorporated with 

spatial segmentation techniques into the image processing/ 

pattern recognition toolbox. 

The major contribution of this thesis is the 

adaptation of color image processing/pattern recognition 

techniques which, based on the results of Chapter 4, have 

exhibited potential for IC defect isolation and detection. 

In all of the color experiments, the detection of defects 

was done automatically by a sequence of image processing 
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procedures with little human supervision. The outputs of 

these experiments are potential defect maps which can then 

be compared with the circuit design data for confirmation 

and submitted to an expert system for defect classifica

tion. An interesting observation obtained from the various 

experiments is that every defect type has its own distinct 

image processing requirements. There is no robust image 

processing algorithm and dedicated hardware which will 

work for all types of defects. 

5.3 Efficient Hardware Implementation 

One of the most important requirements for an 

automated IC inspection system is high inspection speed. 

Table 5.1 illustrates one example of sample inspection 

rates published by KLA Instruments Corporation. With the 

use of color analysis in automated IC defect detection, 

not only is more image data processed, but also more 

complicated computer software algorithms are required to 

perform feature extraction, region description, and object 

identification. Conventional general purpose computers, 

in this case, do not have the capability to achieve the 

requirements of high inspection speed and high computation 

throughput. What is needed is a computer system with a 

high-speed parallel architecture. With rapid advances in 

VLSI, parallel processing and pipelining using custom VLSI 

chips become feasible to meet the critical requirements in 
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implementing an automated inspection system. There has 

been an increasing interest in the analysis of image 

data with high-speed parallel hardware. In this section 

the fundamental concepts of two different parallel computer 

architectures (array processors and pipelines) for image 

processing are presented. 

5.3.1 Array Processors 

Array processors consist of an array of processors 

which function in parallel with each other. Each processor 

with its own memory executes the same set of instructions, 

but on a different part of input data. Therefore only one 

controller is needed in the whole computer system. Since 

the input image data is distributed evenly to all the 

processors, each does exactly the same amount of work. 

The current size of array processors ranges from 4000 

to 16000 processors [Uhr, 1986]. One of the most 

important features of array architectures is the capabi

lity to develop larger arrays. It is expected to have 

arrays with sizes of 256x256, 512x512, 1024x1024, or 

even larger in the near future. Since the increase in 

speed is proportional to the number of processors in the 

array, computational throughput can be increased signifi

cantly when larger arrays are built. 
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5.3.2 Pipeline Architectures 

Pipeline architectures consist of a pipeline of linked 

processors (systolic array). Each processor executes a 

specific set of instructions on a sequence of input image 

data flowing through the pipe [Cantoni, 1983]. The basic 

idea of pipelines is to decompose an image processing/ 

pattern recognition algorithm into a series of processing 

stages which are executed by corresponding processors. 

Each processor gets its input from the previous stage and 

sends its output to the next stage. Figure 5.1 illus

trates the concept of a pipeline architecture. 

In general the increase in speed is proportional to 

the number of processors in the pipeline, but there is an 

additional time saving due to the nature of pipelines. 

Since each processor only has to execute a specific set of 

instructions in its own stage, additional saving is 

obtained by not fetching and decoding instruction sets 

that belong to other processing stages. One possible 

shortcoming of the pipeline architecture is that it is 

sometimes difficult to distribute the whole computation 

task evenly so that each processor does exactly the same 

amount of work. Thus there will be a waste of processor 

utilization. However, for dedicated inspection systems 

where the inspection methods are well defined, the 

pipeline architecture provides the highest computation 

throughput. 
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5.3.3.1 Color Segmentation 

In this study, a specific color segmentation algorithm 

(AMOEBA) was used. Since the algorithm was implemented on 

a conventional computer system (VAX 11/750), the require

ment of high-speed for an automated inspection system can 

not be met. A fast software version of AMOEBA (version 

12) has been developed by Dr. J. Bryant [Bryant, 1988]. 

Hardware implementation of AMOEBA needs specialized 

hardware design. Another alternative to speed the color 

segmentation process is to use the similar square-error 

clustering algorithm [Jain, 1986] which has been imple

mented with hardware. Figure 5.2 shows the flow chart of 

the square-error clustering algorithm [Jain, 1986]. In 

the clustering process, the label reassignment and the 

cluster center updating are two major stages which 

require extensive operations. Special-purposed custom 

VLSI chips involved in a pipeline architecture can be 

designed and fabricated to speed up these key stages. 

Young [Young, 1986] designed a two-level pipelined 

architecture for efficient implementation of the 

clustering algorithm. 

The upper level, which is for the task of label 

reassignment, consists of k difference-square-accumulator 

(DSA) cells/processing elements in parallel and a 
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comparator. The number k is corresponding to k cluster 

centers. Figure 5.3 depicts the pipeline organization and 

the logic symbol of a DSA cell. 

The lower level, which is for the task of cluster 

center updating, consists of pipeline accumulators and 

dividers. The speedup of the clustering process using the 

proposed hardware implementation over a sequential 

clustering processor is approximately 3kN, where k is the 

number of cluster centers and N is the number of segments 

in a primitive pipeline organization. 

5.3.3.2 Principal Components 

Principal components transformation is a data 

dependent pixel-by-pixel linear transformation. The 

implementation time is limited by the speed with which the 

covariance matrix and eigenvectors can be calculated. 

Once the eigenvectors are known, the pixel-by-pixel 

transformation can be done in real time by using the 

output function memories which transform the summed outputs 

of the look-up tables to generate the final PC images 

[Adams and Wallis, 1977]. Special-purposed VLSI chips are 

needed to efficiently implement the calculation of the 

covariance matrix and eigenvectors. 

5.3.3.3 Visual Color Features 

The HSV transform derived from the hexcone model is a 

pixel- by-pixel transformation. The algorithm is quite 



1 0 3  

fast since it requires only simple operations including 

addition, subtraction, multiplication, division, and 

comparison. The parallel computer architecture, array 

processors, is well suited for the implementation of the 

HSV algorithm. Each processor with its own memory takes 

different part of input data and executes the same set of 

operations. 

5.4 Extensions 

Color analysis for IC defect isolation and detection 

has been investigated and discussed. The task to 

incorporate color analysis with monochrome analysis into 

an image processing toolbox for an automated IC inspection 

system becomes an essential topic to be studied in the 

future. One possibility is to develop an autonomous 

decision system for color analysis (refer to Sec. 2.4.1). 

The other critical issue that needs to be investigated 

thoroughly is efficient hardware implementation. Efficient 

color algorithms, that take advantage of current available 

parallel processing and pipelining using special-purposed 

custom VLSI chips, need to be investigated and developed 

to enhance the role of color in automated industrial 

inspection. 
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Table 5.1. SAMPLE INSPECTION 
(from Harris, 1984) 

1. Full wafer macro-inspection. 
2. Critical dimension measurement: 3 on every 4th wafer. 
3. Micro comparison for defects: 

- 0.5 urn pixel size. 
- 4 FOV in each area. 
- 5 areas per wafer. 

Throughput: 110 wafers per hour (32 seconds per wafer) or 
150 wafers per hour without macro-inspection. 
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S t a r t  

No 
Convergence 

Yes 

Yes 
More clusters 

No 

Stop 

Adjust number of 
clusters 

Compute new 
cluster centers 

Assign patterns 

to closest cluster 
center 

Choose k patterns 
randomly as 

cluster centers 

Figure 5.2. Flow chart of a typical example of square-error 
clustering algorithms. 
(From Jain, 1986) 
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Figure 5.3. the pipeline organization and the logic symbol 
of a DSA cell. 
(from Ni and Jain, 1983) 



1 0 8  

REFERENCES 

Adams, J. and R. Wallis, 1977, "New Concepts in Display 
Technology", Computer, pp. 61-69. 

Baird, M. L., 1984, "EYESEE : A Computer Vision System for 
Inspection of Integrated Circuits", SPIE Vol. 470, 
pp. 261-267. 

Bryant, J., 1978, "Application of Clustering in Multi-Image 
Data Analysis", Texas A&M University, Department of 
Mathematics, Report No. 18. 

Bryant, J., 1979, "On the Clustering of Multidimensional 
Pictorial Data", Pattern Recognition, Vol. 11, pp. 
115-126. 

Bryant, J., 1988, "A Fast Classifier for Image Data", 
Department of Mathematics, Texas A&M University, CAT 
1 59. 

Cantoni, V., 1983, "Organization of Multi-Processor Systems 
for Image Processing", WOPPLOT 83 Parallel 
Processing: Logic, Organization, and Technology, 
edited by J. Becker and I. Eisele. 

Celenk M. and S. H. Smith, 1986," Gross Segmentation of 
Color Images of natural scenes for computer vision 
systems", Third Annual Conference on Applications of 
Artificial Intelligence, SPIE Vol. 635, pp.333-344. 

Chae, S. and J. T. Walker, 1987, "Template-Set Approach to 
VLSI Pattern Inspection", SPIE Vol. 730, pp. 136-144. 

Chang, S. K., 1986, "Image Database System", Handbook of 
Pattern Recognition and Image Processing, pp. 
371-393. 

Gonzalez, R. C., and Wintz, P., 1977, Digital Image 
Processing, Addison-Wesley, Reading, MA. 

Hara, Y. and et al. 1983, "Automatic Inspection System for 
Printed circuit board", IEEE Trans.. Pattern Anal. 
Machine Intell., Vol. PAMI-5, No. 6, pp. 623-630. 

Haralick, R. M., 1983, "Image Segmentation Survey", 
Fundamentals in Computer Vision, edited by 0. D. 
Faugeras, pp. 209-223. 



1 0 9  

Harris, K. L., P. Sandland, and R. M. Singleton, 1983, 
"Wafer Inspection Automation: Current and Future 
Needs", Solid State Technology, pp. 199-205. 

Harris, K. L., P. Sandland, and R. M. Singleton, 1984, 
"Process Control by Automated In-Process Wafer 
Inspection", SPIE Vol. 470, pp. 253-260. 

Hsieh, Y. Y. and K. S. Fu, 1980, "An Automatic Visual 
Inspection System for Integrated Circuit Chips", 
Computer Graphics and Image Processing 14, 293-343. 

ICE, 1987, "Visual Inspection Criteria for ICs and 
Hybrids", published by the Integrated Circuit 
Engineering (ICE) Corporation. 

Jain, A. K., 1986, "Cluster Analysis", Handbook of Pattern 
Recognition and Image Processing, edited by T. Y. 
Young and K. Fu, pp. 33-57. 

Jenson, S. K., and Waltz, F. A., 1979, "Principal 
Components Analysis and Canonical Analysis in Remote 
Sensing", Proc. Am. Soc. Photogr. 45th Ann. Meeting, 
pp. 337-348. 

Jenson, S. K., T. R. Loveland, and J. Bryant, 1982, 
"Evaluation of AMOEBA: A Spectral)Spatial 
Classification Method", Journel of Applied 
Photographic Engineering, Vol. 8, pp. 159-162. 

KLA, 1984, "KLA Fills the Gaping Hole in Process 
Automation", Corporate Times. 

Mathews, J., 1984, "Inspection and Automation Systems for 
Test and Assembly", SPIE Vol. 504, pp. 70-73. 

Ni, L. M. and A. K. Jain, 1983, "A VLSI Systolic 
Architecture for Pattern Clustering", Proc. Workshop 
Comp. Arch. Pattern Analysis Image Database 
Management, pp. 110-117. 

Nishihara, H. K. and P. A. Crossley, 1988, "Measuring 
Photolithographic Overlay Accuracy and Critical 
Dimensions by correlating Binarized Laplacian of 
Gaussian Convolutions", IEEE Transactions on Pattern 
Analysis and Machine Intelligence, Vol. 10, No. 1. 

Quate, C. F., 1985, "Acoustic Microscopy", American 
Institute of Physics, pp. 33-41. 



1 1 0  

Rosa, J and D. M. Rose, 1986, "Wafer Inspection with a 
Laser Scanning Microscope", AT&T Technical Journal, 
pp. 68-77. 

Rosenfeld, A., 1983, "Segmentation: Pixel-Based Methods", 
Fundamentals in Computer Vision, edited by 0. D. 
Faugeras, pp. 225-237. 

Schowengerdt, R. A., 1983, Techniques for Image Processing 
and Classification in Remote Sensing, Academic Press, 
New York, NY, 249p. 

Siegal, B.S., and A. R. Gillespie, 1980, Remote Sensing in 
Geology, John Wiley & Sons, New York, 702p. 

Sternberg, S. R., 1984, "Industrial Morphology", SPIE Vol. 
504 Applications of Digital Image Processing VII, pp. 
202-213. 

Strickland, R.N., R.A. Schowengerdt, K. Kim, S. Chi, and H. 
Yang, 1988, "Integrated Circuit Inspection by 
Intelligent Computer Vision", status report prepared 
for IBM General Technology Division, New York, 200p. 

Uhr, L., 1986, "Parallel Architectures for Image 
Processing, Computer Vision, and Pattern 
Recognition", Handbook of Pattern Recognition and 
Image Processing, edited by T. Y. Young and K. Fu, 
pp. 437-469. 

West, J. K., 1983, "Machine Vision in the Real World of 
Manufacturing", Computer Design, pp. 89-96. 

Young, T. Y., and P. S. Liu, 1986, "VLSI Array Architecture 
for Pattern Analysis and Image Processing", Handbook 
of Pattern Recognition and Image Processing, edited 
by T. Y. Young and K. Fu, pp.471-496. 


