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ABSTRACT

The particulate failure is one of the most important issues in Hard Disk Drive
manufacturing. This thesis presents contaminated particle detection algorithm in
order to measure particle’s quantity and sizes; including feasibility study of material
identification. This algorithm contains two main sections; Otsu technique to extract
particle from the image background and Kmeans to classify particle into multi
clusters. After that the RGB information of each cluster is used to evaluate material’s
type. Many experiments using Optical Image Analysis (OIA) with 200X magnification
with intentionally doped gold, stainless steel (SST) and tray powder as contaminated
particles have been done. By using RGB baseline analysis the material identification
criterion can be set. This proposed method shows that it can detect particle of size
25 micron and above. By detection particle’s quantity the average errorness has
found to be about 3%, 13% and 12% for the sample which are gold with tray, gold
with SST and SST with tray, respectively. Finally, this algorithm shows the correct
display for the sample of gold with tray only. However, the proposed method can be

developed further in the future for more accurate material identification.
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CHAPTER 1

Introduction

1.1 Background and Problems

Cleanliness control is required for Hard Disk Drive (HDD) component and HDD
processes since contaminated particles could cause a serious HDD failure, i.e.
particulate failure. Hence it is very important to able to detect the contaminated
particle beforehand. There are many techniques, which are used for particle
inspection and analysis, such as Liquid Particle Counter (LPC), Air Borne Particle
Counter (APC), Scanning Electron Microscopy (SEM)-and Optical Image Analysis(OIA).
Among these, Optical Image Analysis (OIA) is the most interesting technique, since it
has the lowest operating cost and the shortest operating time. The method has
already been used for screen media lubricant contaminated on slider, particle
mapping, particle distribution model of HDD process, monitoring cleaning process
and other functions which are related to cleanliness.

Optimal Image Analysis (OIA) is operated the result of particle’s quantity by
using human eye. In particle inspection process, if the sample has a large amount of
particles, the human error and operating time are limitation of this measurement.
Moreover, it is not able to measure particle’s size and also identify the type of

material.

Figure 1.1 Particle measurement



1.2 Objectives

The main objective of this research is to develop on algorithm for OIA
measurement in order to reduce operating time and provide information of particle’s
quantity and material. The algorithm is integrated with automatic optimal threshold
finding to extract image of particles from background and use multi cluster technique
to classify material of that particular particles. Finally, the information of an amount

of particle, particle’s size and expected material are evaluated and displayed.

1.3 Scope of Research

1.3.1 Develop an algorithm-on MATLAB for operating with OIA measurement.

1.3.2 Use OIA measurement with the developed algorithm to specify sizes
and total amount of contaminated particle.

1.3.2 Study feasibility to identify material of particle by using OIA measurement
with the developed algorithm.

This thesis is organized as follows. Chapter 2 describes literature review of
previous research articles which presented image segmentation techniques and also
image optimal  thresholding techniques. Chapter 3 describesimage processing
techniques which are used in the algorithm. Chapter 4 explains the algorithm to
detect contaminated particle. Finally, Chapter 5 presents the algorithm’s results. It

also leads to conclusion of the research as well.,



CHAPTER 2
Literature Review

Many research articles present inventions and applications of image
segmentation algorithm. It has been evaluated in many works for object detection.
Moreover, some works present applications of the algorithm to find object’s size and
quantity. In this chapter, the relative works are reviewed and studied feasibility to

apply the concept with contaminated particle detection algorithm.

The first research article presents the successful results to count soybean
grainsby using image processing with. MATLAB. This paper “Grain Counting Method
Base on Image Processing”[1] was published by Zhao Ping and Li Yongkui. The key
learning is image processing algorithm which ‘is operated on the input image from
digital camera. The algorithm starts from convert RGB input-image to gray scale
image. Then the second step, the median filtering is applied to remove the noise
and also improve the edge quality of image object. The third step, the optimal
threshold value is calculated by Otsu algorithm to ‘separate the pixel of object and
background, and then the image information is converted from gray scale to binary
image by respect to the selected threshold. This process is very essential for the
accurate results. The forth step, the binary image from the previous step is operated
with mathematical morphology to eliminate the error on object boundary. Finally,
the object is counted and reported the quantity. This paper shows the successful
results and gives inspiration to study about-image thresholding techniques. The work
flow of soybean grains detection is shown in Figure 2.1, the image results of each
step and the results of grain counting and error are shown in Figure 2.2 and Figure

2.3, respectively.

Make grains disperse

Acquire image Input i
by vibration o s e (s

v

Realize counting and Image
output result = processing

Figure 2.1 Work flow of soybean grains detection [1]



(b) Original image afier vibration

(c) Binary image (d) Eroded image

Figure 2.2 Image results of each processing step [1]

Table 2.1 Grain counting results and error [1]

Specimen | Actual Number | Measured Number NS :‘;f’""
Soybean 433 433 0.00
Soybean 341 341 0.00
Cow gram 278 278 0.00
Cow gram 206 206 0.00
Mung bean 493 494 0.29
Mung bean 329 329 0.00

The next research article is “A Review on Global Binarization Algorithms for
Degraded Document. Images”’[2] by MaythapolnunAthimethphat. This article
introduces the proposal and equation of 7 image thresholding algorithms. The main
conclusion is not only one algorithm can be solved all problems in image
segmentation process. However, the proper algorithm can be selected to perform

better result in the work.



t Objects Background -

3 4
* - I-.-‘-‘JL-—qr————q.

Figure 2.3 The image histogram with optimal threshold

- Ridler and Calvard Algorithm [8]: Ridler and Calvard, they developed the
algorithm to optimize the threshold value between object and background of
bimodal image histogram. The algorithm uses an iterative clustering by starting the
initial mean of image intensity, then iterates the value until meet the criteria.

The object and background distribution probability are p,p; and ppg,

TH
Pobj = Zpi = w(TH) (2.1)
et
L
Pbg = Z pi =1— w(TH) (2.2)
i=TH+1

where TH is the image threshold, p; is the intensity of pixel in image, w(TH)is the

object’s weight in the image, and Lis the maximum threshold.

The mean value of object and background intensity arep,pjand ppg,

TH

ip; _ u(TH)
.= —_— (2.3)
e Zo Pov;  @(TH)

_ Z ip; (L) — u(TH)
Hbg = Pbg ~ 1-w(TH)

i=TH+1



The optimal threshold (TH,p,) is

TH) + p,pi(TH
#bg( ) #b;( )} (2.5)

THope = argmin{ >

Figure 2.4 Bimodal image histogram [2]

- Kapur Algorithm [2]: This algorithm considers the object and background
distributions by threshold level. It maximizes the entropy summation of two areas by
optimizing a single threshold value.

The object and background distribution probability are

Pobj = zpi (2.6)
i=0
L
Pbrg = Z pi =1~ Pop; (2.7)
i=TH+1

The object and background distribution areH (0, TH)and H(TH, L),

TH P P
H(0, TH) = —Z W (2.9)
i=1P0bj Pobj
L
P, P
H(TH L) = — z e I (2.10)
P By



The optimal threshold value is
THoptimar = H(0,TH) + H(TH, L) (2.11)

- Fan Algorithm [2]: Fan presented the fast entropic technique by minimizing
the complexity of computation.

The object and background distribution probability are

TH

Popj(TH) - Z Di (2.12)
i=0
TH

Pon; (TH) - Z p; (2.13)
i=0

The object and background distribution are

TH
Hypj(TH) = —Z oot (2.14)
l.=1Pobj(TH) Popi(TH)
b
Hy (TH) = — z 5 £ Z 4l (2.15)
g Py (TH) " Py, (TH) ‘

i=TH+1

The optimal threshold is
THoptimal & Argmax{Hobj(TH) + Hbg (TH)} (2.16)

- Portes de Albuquerque Algorithm [2]: Portes de Albuquerque developed
this algorithm in 2004 by customizing the non-extensive entropy.

The object and background distribution probability are

TH
Popj _ ZP;‘ (2.17)
i=0
L
Pog= D Pi=1= Popy(TH) (2.18)

i=TH+1



The object and background distribution are

1-Zi5 (ppi .)q
Hop (TH) = — obj (2.19)
1 zTHTH+1 (pI:i )q (2.20)
Hbg(TH) = = 1 r

The optimal threshold value is

H,pj(TH) + Hp,(TH)
(2.21)

TH,ptima = Argmax
optimal 9 L_(l -q) (Hobj(TH)Hbg(TH))

- Xiao Algorithm [2]: Xiao presented the improvement method from the Kapur
algorithm. He applied the gray-level spatial correlation (GLSD) histogram to develop
the entropic algorithm.

The object and background distribution probability are

TH NXN
Popj = Z Z P(k,m) (2.22)
=0 m=41
255 NXN
Pyg = Z ZP(k.m) (2.23)
k=TH+1 m=1

wherekis the member of grey level in small windows which contain N X Npixels,

and mis the number of pixels in small windows as well.

The object and background distribution are

TH NXN

P(k, P(k,
Hop; (TH, N)——ZZ em) < ( m))w(m,N) (2.20)
o e | ob] Pobj
255 NXN

Hbg (THI N) =
k=TH+1m=1

P(k,m) - (P(k, m)
Pbg

) w(m, N) (2.25)

Pyg



The optimal threshold value is

THoptimal = ArgMax{f,(TH,N)}

(2.26)

- Otsu Algorithm [6]: This algorithm is very simple and powerful to find the

optimal threshold value. It has been selected to use in this work. Equation and the

calculation example are shown in Chapter3.

- Kittler and Illingworth Algorithm [13]: Kittler and Illingworth, they presented

the method to minimize the probability of classification error by evaluating the

density of gaussian function.

The object and background distribution probability are

TH
Pobj _ Zpi =
i=0

L

Pog =0 B =L 5 Pouy(TH)

i=TH+1

The object and background mean are

TH—
”ﬁ
Hobj
P, |
gl
L g
”%
Hpg = =
P
i=TH+1 29

w(TH)

The object and background variance area?, j and J,fg ’

TH .

s N\ (= Hopj)*Py
Oopj = P, .
i=0 obj

bz (i — upg)*Ps

i=TH+1

(2.27)

(2.28)

(2.29)

(2.30)

(2.31)

(2.32)
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The continuous likelihood variablesare

1 _(x—pop))?
202,
p(xlllobj' aobj) = ‘/—_—-e obj (2.33)
277.'0'0bj
1 _(x‘ﬂbg)z
e %% (2.34)

p(xlﬂbg! Gbg) = m
g

The optimal threshold value is

THype = Argmin[1 + Z[pobjlnaobj(TH) + pbglnabg(TH)]

(2.35)
—2[Popjln Pobj + Dbgln Pyl

This article gives many image processing egations. and also describes
advantage and disadvantage for implementation of 7 image segmetation algorithms.
This information is very useful to be applied to contaminated particle detection
algorithm.

The next research article “Adaptive Image Thresholding for Real-Time Particle
Mornitoring”[3] by Keivan Torabi, Seed Sayad and Stephen Thomas Balke in 2006.
The authors studied and developed image thresholding teahnique to detect
particle’s quantity and also its sizes in the real time monitoring system. They usesd
CCD camera hardware with resolution 5 um? in their work. They classified the image
thresholding techniques into 6 groups which are histogram shape-based methods,
clustering-based methods, entropy-based methods, object attribute-based methods,
spatial methods and local or adaptive thesholding methods. They also gave
comments on the basic histogram thresholding which separates the object threshold
and background threshold into two peaks that, this teahnique is not cappable to
detect the particle in case of it has very small quantity. However, this issue can be
solved by deviding image area into many squares area then process the minimum
threshold value between object and background peaks. Finally, the results of each
squares are combined. However, this technique is not good to support the realtime
operation due to its cost is very expensive and also noise issue finding.

Finally, the authors introduced MaxMin thresholding to improve the sensitive

error in particle’s size measurement, and to reduce the background nosie also.



3 i
Traxmin = MaxXj=q to k[Mini=1 ton(4; ;)] (2.36)

Where Tyaxmin S the MaxMin thresholding value which calculated from the

maxmimum value of the minimum area of particle detected or 4; ;.

Min. Particle Size
c03aBR8RESE

130 145 160 175 190
Grey Level Threshold

Figure 2.5 Example of a small contaminant particle [3]

130 145 160 175 190 205
Grey Level Threshold

Figure 2.6 Example of a large contaminant particle [3]

The next article “Two-Stage Image Segmentation by Adaptive Thresholding
and Gradient Watershed”[4] was presented by Ming Hong Pi and Hong Zhang in 2005.
This article presents the image segmentation technique to measure size of oil-sand.
The authors studied both watershed image segmentation and image threshold
segmentation algorithm. They found that these techniques can be used to subtract
oil-sand over the image background, but it have difference segmented weakness.
Figure 2.7 shows the original image of oil-sand on conveyer belt and Figure2.8shows
the image results of watershed image segmentation. The majority issue of watershed
is over-segmentation results. In other hand Figure 2.9 shows binary image after
segmentation by using image thresholding algorithm (Otsu’s algorithm). However, it

shows an error result due to some of oil-sand is not detected.
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Figure 2.7 Original image of oil-sand on conveyor belt [4]

Figure 2.8 Image result of watershed image segmentation [4]

Figure 2.9 Binary image from Otsu thresholding [4]
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To recover an error from both image segmentation algorithms, the authors
proposed two-stage image segmentation algorithm to improve over-segmentation
and also object identification error. The algorithm combines the advantage of
watershed image segmentation (Procedure2 in Figure 2.10) to identify image object
and image thresholding (Procedurel in Figure 2.10) to eliminate the error from over-

segmentation results.

Image

Procedure | Procedure 2

The Segmentation of The Segmentation of

coarse segments the fines

Size distribution of Size distribution of
coarse segments the fines

Combined
size distribution

Figure 2.10 Flow chart of two stage image segmentation algorithm

Image processing techniques without thershold consideration are reviewed
also, one pass bounddary detection and image edge density algorithm are found in
the article “Fast Measuring Particle Size by using the Information of Particle Boundary
and Shape”[5] by Weixing Wang. Several edge detection techniques were discussed
and evaluated in this article. There are comparison results on 7 edge detection
techniques which are Soble, Robert, Laplacian, Prewitt, Canny with high threshold,
Canny with low threshold and new egde detection algorithm. Among these, the new
edge detection algorithm gives the best results and also performes the lowest error.
To achive on accurate result this algorithm uses four directions instead two directions
to detect the valley as shown in Figure 2.11. Another advantage it can reduce some
noise and illumination variations error from the original image. Finally, egde density is

used to calculate the estimate size of the moving particle on coveyor belt.



N,

Figure 2.11 A grey value landscape [5]

Grey value A

2
™ //‘:}

i L i .

Fa P B Section

Figure 2.12 The optimal point between PA and PA [5]
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CHAPTER 3

Image Processing Techniques

In the previous chapter, many research articles present the effectiveness of
image segmentation algorithms in order to specify and evaluate the results of
object’s quantity and size. However, objective of the contaminated particle
detection algorithm has been set not only to measure particle’s size and quantity
but also able to identify the type of material as well. Hence this chapter describes
the techniques which are proposed to specify and classify contaminated particle in

this work.

The design phase, work flow is divided into 5 main sections which are input
RGB image, RGB to grey scale conversion, image thresholding, Kmeans and object

detection as shown in Figure 3.1.

Figure 3.1 Structure of contaminated particle detection algorithm
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3.1 RGB to Grey Scale Conversion

RGB image from OIA is acquired to MATLAB program. RGB image is composed
of red, green and blue image information with matrix mxnx3 bytes. To process image
thresholding, Formula 3.1 is used to convert RGB to grey scale image. The matrix /
which has mxn bytes is the representative of grey scale information. It has only the

brightness information.

I=a-R+pB-G +X-B (3.1)

Where Q, B and X are the weight of R,G,B.components respectively.

3.2 Image Threshold Optimization

Image thresholding is the crucial process to subtract particle over the image
background. Otsu [6] is the selected technique to specify total particle in this work. It
was invented by Nobuyuki Otsu -in: 1979. This technique iis simple to use but
effectiveness to find the optimum threshold between object and background. This
threshold is used to separate object and background in process binary image
conversion.

The object and background distribution probability are p,p;and ppg,

TH
Py =  Pr= W(TH) 4
i=0 '
e
Pyy = Z P, = 1— W(TH) H
i=TH+1 :
Popj + Ppg = 1 (3.4)

_ NP u(TH)
Hont = 4 4Poy;  W(TH) (3.5)
=

= P, u(L) — u(TH)
HUpg = Z =

- 3.6
L Py 1-W(TH) (3.6)
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L

Hrota = M(L) = Popjttonj + Pogltng = Z iP; (3.7)
i=0

Where p,piand up, are mean of object threshold and background threshold,
respectively. And a2, j,afg, o, and g3 are variance of object, variance of background,
variance within class and variance between class, respectively. Finally, the optimal
threshold is evaluated by maximizing variance between class and minimizing variance

within class.

Z (e /"obj) P;
9o = Pop; (3.8)
- TR
bg) — 3.9
i=TH+1 Pog (3:9)
O"I%otal = Z(l N #(L))ZPI L ¢ 0‘/2V + O-B? (310)
O-I%/ C Wobjo'gbj A nga-lfg (3.11)
05 = WopiWig(ng = Hobj)? (3.12)

Example to calculate the optimal threshold by Otsu’s algorithm is shown as
follows. The initial state threshold T=3 is selected, then the image is separated into

initial background and initial object for calculation.

012345

Figure 3.2 Simple6x6 image [23]

76483



The initial state of background is shown in Figure 3.3.

0

012345

8 pixels 7 pixels 2 pixels

Figure 3.3 Threshold histogram of background [23]

Background mean is

o (0><8)+(1x7)+(2x2)_ 0.6471.
g 17

Background variance is
2 _ ((0-0.6471)*x8)+((1-0.6471)*x7)+((2-0.6471)*X2)

Ohg= = = 0.4637.
Background weight is
Whg= —onz = 04722
The initial state of object is shown in Figure 3.4.

8-

6=

4

2~

12345
9 pixels 4 pixels

Figure 3.4 Threshold histogram of object [23]

18
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Object mean is

(3%6)+(4%x9)+(5%x4
Mot . )_3.8947.

Object variance is

2 ((3-3.8947)?x6)+((4—3.8947)*x9+((5-3.8947)?x4)
a-Obj_ 19

= 0.5152.

Object weight is

Wop= == 0.5278.

Variance within class and variance between class are

o= (0.4722 x0.4637) + (0.5278 X0.5152) = 0.4909.

ag= (0.4722 x0.5278) (0.6471—3.8947(0.6471-3.8947)2)= 2.6287.

The summary of variance within class and variance between class from threshold
T=0 to T=5 is shown in Table 3.1. Threshold T=3 is considered to be the optimal
value between object and background because it has minimum variance within class

and maximum variance between class.

Table 3.1 Variance within class and variance between class from threshold T=0 to

T=5.

Threshold ISP e TN St =g T=5

[}
(=]

(Xl

Within Class Variance o = 3.1196;02; = 1.5268 0% = 0.3561 6% = 0.4909 of = 09778 o% = 2.2491

Between Class Variance - o’ = 0 oy = 1.5228 o = 2.5635 o3 = 2.6287, o’ = 2.1417 o = 0.8705

3.3 Morphology Transformation

Although Otsu is a powerful technique to segment the image object but
some pixel in the boundary between object and background is not good handled
enough. To recover this issue, morphology technique is applied. This technique is
also generally used in many proposes such as, image pre-processing, enhancing
object structure, image segmentation and quantitative description of object. In this
work, Morphological Opening [7] is applied to binary image from thresholding process
in order to improve quality of object’s boundary. To understand Morphological

Opening, Morpholosgical Dilation and Erosion [7] are needed to understand as well.
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3.3.1 Morphological Dilation

Morphological Dilation combines vector information of two images for
possible vector additions. It is represented with Equation 3.13, where X and B are
sets of image vector, and p is image pixel. This method is used for filling the small
holes and gulfs in objects and also increasing the object size. It is not good for the

work that original size is required.

X®B-{p € ¢2:p=x+b,x € Xand b € B} (3.13)

Example,

X =1{(1,0), (1,1), (1,2), (2,2), (0,3), (0,4)}

B = {(0,0), (1,0)}

X®B-={(1,0), (1.1),(1,2), (2,2), (0,3), (0,4), (2,0), (2,1),(2,2), (3,2), (1,3), (1,4)}

(a) (b)

Figure 3.5 (a) Set X, (b) Set B[7]

o
=
' LA
B
o

(@
Figure 3.5 (c) SetxD B[7]

3.3.2 Morphological Erosion
Morphological Erosion also uses vector information of the images similar to
Morphological Dilation but the calculation procedure is difference. This technique,

the subtraction vectors are considered instead of the possible addition vectors.

XOB-{p€ e?:p=x+b€Xforeveryb € B} (3.14)
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Example,

X=1{(1,0), (1,1), (1,2), (0,3), (1,3), (2,3),(3,3),(1,4)}
B ={(0,0), (1,0%}

X©B-={0,3), (1,3), (3,3)}

|
. L]
(b)

(a)

Figure 3.6 (a) Set X, (b) Set B[6]

2

(c)
Figure 3.6 (c) SetX © B[7]

3.3.3 Morphological Opening

Morphological ‘Opening 'is the method to resolve variation of object’s size
from Morphological Dilation and Erosion process. This. method is composed of 2
operations which are erosion then following with dilation. The result of Equation 3.15

is Morphological Opening on image X by elementB.

XoB-(X ©B)®B (3.15)
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3.4 Kmeans Image Clustering

Kmeans image clustering [16] [17] is the technique to classify image object
into multiple classes and. In this work, it is proposed to separate particle into k
cluster by following 4 main steps. The data points around centroids are minimized

the sum-of-squares criterion
\ :ch=1 ijESl'(xj - l"i)z (316)

wherex;is a vector representing the jthdata point and y;is the geometric centroid of
the data points in S;.

Step 1 : The number of cluster (k) is assigned.

Step 2 : The object data is assigned into each clusters base on the number of
cluster and its distance from the centroid. In this step, the centroid value is initialized
by using random value from the intensity distribution.

Step 3 :The centroid of each cluster is recomputed by respecting to the

centroid intensity (c®.
. . 2
(cDyearg min; ||x© — ;| (3.17)
Step 4 : The new centroid value is iterated until meet the criterion.

' T, ewy=i}x® (3.18)
v IR ewm=i)

The advantages of Otsu, Morphological Opening and Kmeans Image Clustering
in this chapter are leaded to develop contaminated particle detection algorithm in

Chapter 4.



CHAPTER 4

Contaminated Particle Detection

Contaminated particle detection algorithm is developed to measure particle’s
quantity and size. Moreover, the feasibility to use OIA for material identification is
studies by using this algorithm also. To design process flow in the algorithm, many
image processing techniques are reviewed in Chapter 2 and 3. Finally, Otsu, Kmeans
and Morphological Opening are the main techniques which are applied to the

algorithm as shown in Figure 4.1.

=l

Figure 4.1 Flow chart of contaminated particle detection algorithm
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4.1 Input RGB Image

The prepared samples are captured the image by optical microscope (OIA).
The magnification of OIA is set at 200X with resolution 0.557 x 0.557 microns per
pixel. The original RGB imagej: shown in Figure 4.2.

Figure 4.2 Original RGB image

4.2 RGB to Grey Conversion
RGB image from OIA is converted to grey scale image as show in Figure 4.3.

The grey scale information is prepared for Otsu image thresholding process.

Figure 4.3 Grey scale image
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4.3 Otsu Image Thresholding

Otsu technique is applied to evaluate the optimal threshold between object
and background distribution. Figure 4.4 shows histogram of image intensity. The red
line or threshold 186 is the optimal value which is used to separate grey level into 2

classes for object and background.

Dptimal Threshold = 186

25}

Figure 4.4 Image histogram with optimal threshold value

4.4 Grey to Binary Conversion
The optimal threshold value from the previous process is applied to segment
contaminated particle and image backeround into black and white pixel as binary

image in Figure 4.5.

Figure 4.5 Binary image
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4.5 Morphological Opening and Fill Hole
Morphological Opening is applied to improve quality of object boundary. The
lost pixels are resolved by filling all holes inside the object boundary. The result of

binary image after Morphological Opening and fill hole process is shown in Figure 4.6.

Figure 4.6 Image after Morphological Opening and fill hole

4.6 RGB Information to Object Transformation

To classify image object or contaminated particle into multi clusters, RGB
information is needed. Hence RGB information from-input image process is mapped
and replaced over the pixel which is identified as particle. The result is shown in

Figure 4.7.

Figure 4.7 Image after transferring RGB information to object area
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4.7 Kmeans Image Clustering
Kneans image clustering is used to divide image object into multi clusters.
Particles are classified into cluster 1 and cluster 2 as shown in Figure 4.8 and Figure

4.9 respectively.

Figure 4.8 Clusterl from Kmeans image clustering process

Figure 4.9 Cluster2 from Kmeans image clustering process

4.8 Object Counting and Sizing
Particle’s quantity and size are evaluated and displayed for image

thresholding result and image clustering result.
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4.9 Material Identification

A number of material of particle, i.e. gold, stainless steel (SST) and tray
materials are set in the experiments for identification propose. The characteristics if
these materials are investigated in order to be identification criteria in the algorithm.
In sample preparation process, gold stainless steel and tray material powder are
doped on carbon tape as shown in Figure 4.10. Image of the samples are capture on
OIA 200X to analyze RGB baseline by using MATLAB. The results of material baseline

are shown in Table 4.1.

Figure 4.10 Samples of gold, SST and tray powder on carbon tape

The results of RGB baseline of gold, stainless steel and tray material in Table
4.1, it shows that the ranges in B Chanel of these three materials are difference.
Hence, the ranges of RGB baseline are set as criteria to identify material on the
algorithm. Moreover, the hypothesis tests by using 2-Sample tare used to investigate

the difference of mean of RGB baseline also.

Table 4.1 RGB baseline of material

Gold 9 | 235.65|234.96 | 9.71 |(219-248| 205.98 | 210.5 | 12.39 (182-218 105.89 | 107.95| 8.97 |91-119

Stainless steel 21 | 227.83 | 230.15 | 10.97 (194-243| 241.14 | 243.13 | 6.41 [220-250| 246.75 | 248.03 | 3.79 |234-252

Tray 20 |210.53 | 213.46 | 14.53 |181-235| 228.65 | 233.86 | 12.31 |202-247| 202.07 | 207.02 | 17.89 165-233]
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180

Intensity

160

140 -

120
o

God R God_G God'B_ SST R SST-G- SST-B_ Tray R Tray G TrayB

Figure 4.11 Boxplot of gold, SST and tray material

* < Outliex

<] . Distribution Maximuin
(=Min {highest data peint, Q3 +1.5(Q3-Q1)} )

75th Percentile (Third Quartile, or Q3)

+ = Mean

<@\ Median (50th Percentile)

25th Percentile (First Quartile, or Q1)

Distribution Minimum

(=Max {lowest data point, Q1 - 1.5(Q3-QL)} )

Figure 4.12 Boxplot structure [24]

Figure 4.11displays boxplot of the data in Table 4.1 in order to compare the
different RGB information of gold, stainless steel and tray material.
- Rand B Channel, boxplot presents that these materials have some
related data.
- G Chanel, boxplot presents that these materials have unique
characteristics.
The structure of boxplot is shown in Figure 4.12, the data of 3 quartiles or
25" 75" percentile is shown in the box, and the 0 - 25" percentile and 75" - 100"

percentile of data are represented by bottom and top line respectively, and the
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median line in the box is represented the 50" percentile of data. Lastly, the data

outlier is represented by star.

4.9.1 Hypothesis Test

To consider the difference of RGB means of three materials, hypothesis tests
using 2 - Sample t are investigated. The hypothesis is set mean 1 = mean 2. The
conclusion is true, if mean 1 - mean 2 = 0. If not, the difference of mean is
significantly larger or smaller than 0, the conclusion is means different. According to
sample size is limited. The power of tests are investigated the risk to accept error or

B in Figure 4.14.

Figure 4.14 Risk to accept error (B) in hypothesis test

In experiments there are 3 materials with RGB data. The comparisons are set
into 3 cases with 9 hypotheses. These hypotheses are tested by 2-Sample t with
alpha error (@) 0.05.The summary of hypothesis tests is showed in Table 4.2. The

results show that only case of R Chanel between gold VS stainless steel has p-Value
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greater than 0.05 and the power of test is only 50%. Hence this case can’t reject the

hypothesis.

Table 4.2 Summary of hypothesis tests

Gold vs Stainless steel(SST) (R Chanel) Mean Gold = Mean SST 0.05 0.069 50%
(G Chanel) Mean Gold = Mean SST 0.05 0 99%
(B Chanel) Mean Gold = Mean SST 0.05 0 > 99%

Gold vs Tray (R Chanel) Mean Gold = Mean Tray 0.05 0 > 99%
(G Chanel) Mean Gold = Mean Tray 0.05 0 98%
(B Chanel) Mean Gold = Mean Tray 0.05 0 > 99%

Stainless steel(SST) vs Tray |(R Chanel) Mean SST = Mean Tray 0.05 0 99%
(G Chanel Mean SST = Mean Tray 0.05 0 97%
(B Chanel) Mean SST = Mean Tray 0.05 0 > 99%

Case # 1 Comparison between gold and stainless steel material

- (R Chanel) Equal test between gold and stainless steel: 2-Sample t shows
not significant different mean witH p-Value = 0.069. But the power of test refer to the
sample size in Table 4.1 is only 50%. Boxplot also presents that many data are

related between two materials.

Figure 4.15 Boxplot of R Chanel of gold VS stainless steel (SST)

- (G Chanel) Equal test between gold and stainless steel: 2-Sample t shows
significant different mean with p-Value = 0. Power of test refer to the sample size in
Table 4.1 is 99%. Boxplot presents that the data are not related between two

materials.
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Boxplot of Gold_G, SST_G

Gold_G SST_G

Figure 4.16 Boxplot of G Chanel of gold VS stainless steel (SST)

- (B Chanel) Equal test between gold and stainless steel: 2-Sample t shows
significant different mean with p-Value = 0. Power of test refer to the sample size in
Table 4.1 is greater than 99%. Boxplot presents that the data are not related

between two materials.

Boxplot of Gold_8, SST_B

Gold_B ssT.8

Figure 4.17 Boxplot of B Chanel of gold VS stainless steel (SST)

Case#2 Comparison between gold and tray material

- (R Chanel) Equal test between gold and tray: 2-Sample t shows significant
different mean with p-Value = 0. Power of test refer to the sample size in Table 4.1
is greater than 99%. But boxplot presents that some data is related between two

materials.
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Boxplot of Gold_R, Tray_R

Data
g

Gold_R Tray R

Figure 4.18 Boxplot of R Chanel of gold VS tray

- (G Chanel) Equal test between gold and tray: 2-Sample t shows significant
different mean with p-Value = 0.-Power of test refer to the sample size in Table 4.1

is 98%. But boxplot presents that some data is related between two materials.

Boxplot of Gold_G, Trey_G

Gold_G Tray.G

Figure 4.19 Boxplot of G Chanel of gold VS tray

- (B Chanel) Equal test between gold and tray: 2-Sample t shows significant
different mean with p-Value = 0. Power of test refer to the sample size in Table 4.1
is greater than 99%. Boxplot presents that the data are not related between two

materials.

Boxplot of Gold_B, Tray_B

E g8 3

Gold_B Troy_8

Figure 4.20 Boxplot of B Chanel of gold VS tray
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Case#3 Comparison between stainless steel and tray material
- (R Chanel) Equal test between SST and tray: 2-Sample t shows significant
different mean with p-Value = 0. Power of test refer to the sample size in Table 4.1

is 99%. But boxplot presents that some data is related between two materials.

Boxplot of SST_R, Tray_R

SST_R Tray_ R

Figure 4.21 Boxplot of R Chanel of SST VS tray

- (G Chanel) Equal test between SST and tray: 2-Sample t shows significant
different mean with p-Value = 0. Power of test refer to the sample size in Table 4.1

is 97%. But boxplot presents that some data is related between two materials.

Boxplot of SST_G, Tray_G

Figure 4.22 Boxplot of G Chanel of SST VS tray

- (B Chanel) Equal test between SST and tray: 2-Sample t shows significant
different mean with p-Value = 0. Power of test refer to the sample size in Table 4.1
is greater than 99%. Boxplot also presents that the data are not related between two

materials.



35

Boxplot of SST_B, Tray_B

ssT_8 Tray B

Figure 4.23 Boxplot of B Chanel of SST VS tray

4.10 Report Result

Finally, there are 3 results in display. Figure 4.24shows the display result of
total particle detection from image thresholding process. The results of Kmeans
image clustering are showed in Figure 4.25 and Figure 4.26 for cluster 1 and cluster 2,
respectively.

- Figure 4.24 presents that there are total 3 particles detected from image
thresholding process. Two particles have size smaller than 15000 pixels and another
particle has size about 72000 pixels.

- Figure 4.25 presents that there are 2 expected gold particles. The particle
sizes are about 5200 and 13000 pixels.

- Figure 4.26 presents that there are 39 expected tray particles. These

particles have many sizes. However, the biggest size is about 2300 pixels.

Total Particle
2 T T T T T T

Particle's Count (Unit)
T
1

0 1 1 1 1 1 1 1
0 1 2 3 4 5 6 7 8
Particle's Size (Pixel) x 10*

Figure 4.24 Display of image thresholding result



Figure 4.25 Display result of cluster 1

Figure 4.26 Display result of cluster 2
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CHAPTER 5

Results and Conclusion

5.1 Results and Discussion

The experiments are set for finding particle’s size, quantity and type of
material. These results are used in particle analysis, particle risk assessment and
particle mapping in order to screen particle on incoming components, identify
particle generation in HDD process or particle removal in cleaning process. The
device used in these experiments is OIA; to be precise the magnification used for OIA

is 200X which provides pixel resolution at 0.557 x0.557 microns.

5.1.1 Particle’s Quantity and Material Identification

The size of particle to be focused in the experiments is 25 microns and
above. The samples used for experiments are carbon tapes which are intentionally
doped with gold, stainless steel and tray particle in clean room environment. Human
eyes-based measurement with OIA 200X results would be set as references since it is
a present method to screen particle defected of some incoming component, and all
the samples are controlled the material of particle as well. The experiments are set
into 3 cases which are gold and tray material, gold and stainless steel material,
stainless steel and tray material.

Case#1 gold and tray material

The amount of particles which are counted manually by human eyes-based
are set as reference. The algorithm automatically preforms the display of total
particle’s quantity and size by Otsu, and the display of particle’s material with its
quantity and size by two stages of Otsu and Kmeans. The results in Table 5.1 show
that the Otsu stage gives satisfy results. The average difference is about 3%
comparing with human eye based measurement. In addition, it takes faster operating
time about 60%. For material identification results, the algorithm can be classified
both gold and tray particle. However, total particle’s quantity after material
identification shows relatively high difference.

To consider the increasing of particle’squantity in material identification

process, image clusterl (Figure 5.2(a)) and image cluster2 (Figure 5.3(b)) show that the
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objects are split into many components. Hence particle’s quantity and size after

material identification can’t be used due to relatively high error.

Figure 5.1 Objects before Kmeans classification (Case#1)

Table 5.1 Results of Cas

(a)

(b)
Figure 5.2 (a) Kmeans Cluster 1 (Case#1)

(b) Kmeans Cluster 2 (Case#1)

e#1 gold and tray material

: Reference: OIA 200X %'C O1 ’ﬂmtmm) iy
(Human Eye) Cluster2 g =0 :
Measured Measured Measured Wewared | 0% : %ifference
%Difference| Material Material (Cluster1+2) e
3 (CME) (counts) N e 7 ARG Am;c—(g':.-ﬁ)q ez 5y iz gz ag oz tuko'm’ k= iy
1 5 5 0% Gold 2 Tray 12 14 180%
2 65 7 8% Gold 16 Tray 73 89 1269%
3 o 5 0% Gold a4 Tray 3 7 40%
a 5 5 0% Gold % Tray 18 a7 840%
5 3 3 0% Gold 1 Tray 2 3 0%
é 7 8 14% Gold S Tray 16 21 200%
7 3 3 0% Gold (] Tray 5 1 267%
] as 5 11% Gold 8 Tray 31 39 767%
s 2 2 0% Gold 2 Tray 7 9 350%
10 8 8 0% Gold a Tray 10 1¢ 75%
| Avg %ffleence » B i
Operating time| 3 minutes/Sample 1 minute/Sample 1 minute/Sample

Remark OIA with Human Eye: Three times and two operators measured on each sample
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Table 5.1 shows the summary results of Case#l. Total particle’s quantity
from Otsu and Otsu + Kmeans process are different from human eye-based about
3% and 399%, respectively. For operating time, OIA with the algorithm takes only 1
minute/sample.

Case#2 gold and stainless steel material

The measurement method is set similar toCase#1. The summary results are
shown in Table 5.2. It shows that total particle’s quantity by OIA with Otsu and Otsu
+ Kmeans are different from human eyes-based about 13% and 1864%, respectively.
For material identification results, this algorithm is not capable to classify gold with
stainless steel on the sample.

Figure 5.4 shows that Kmeans image clustering is not capable to classify gold

and stainless steel on the sample due to these materials have overlap intensity.

. 4

Figure 5.3 Objects before Kmeans classification (Case#2)

(b)
Figure 5.4 (a) Kmeans Cluster 1 (Case#2)
(b) Kmeans Cluster 2 (Case#2)
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Table 5.2 Result of Case#2 gold and SST material

1 5 5 0% Unknown 2 Unknown 2 L] 830%
2 2 2 0% Unknown 2 Unknown 34 60 2900%
3 8 8 0% Unknown 12 Unknown 20 32 300%
4 4 4 0% Unknown 2 Unknown 31 53 1225%
5 9 6 33% Unknown 87 Unknown 2 116 1189%
6 2 3 50% Unknown 36 Unknown 30 66 3200%
7 2 3 50% Unknown 25 Unknown 14 39 1850%
8 3 3 0% Unknown a3 Unknown 4 87 2800%
9 2 2 0% Unknown 36 Unknown 2 64 3100%
10 5 5 0% 2

Remark OIA with Human Eye: Three times and two operators measured on each sample

Table 5.2 shows the summary results of Case#2. Total particle’s quantity
from Otsu and Otsu + Kmeans process are different from human eye-based about
13% and 1864%, respectively. For operating time, OIA with the algorithm takes only 1
minute/sample.

Case#3 stainless steel and tray material

The measurement method is set similar Case#1 and Case#2. The summary
results are shown in Table 5.3. It shows that total particle’s quantity by OIA with
Otsu and Otsu + Kmeans are different from human eyes-based about 12% and
1743%, respectively. For material identification results, this algorithm is not capable
to classify stainless steel with tray material on the sample.

Figure 5.6 shows that Kmeans image clustering is not capable to classify
stainless steel and tray on the same sample due to these materials have overlap

intensity.



(@) (b)

Figure 5.6 (a) Kmeans Cluster 1 (Case#3)
(b) Kmeans Cluster 2 (Case#3)

a1



a2

Table 5.3 Result of Case#3 stainless steel and tray material

1 7 7 0% Unnown 84 Tray 54 138 1871%
2 85 8 6% Unnown 132 Tray 152 284 201%
3 4 5 25% Unnown 124 Tray 4 169 4125%
4 5 5 0% Unnown % Tray 7} 65 1200%
5 3 % Unnown 2 Tray 15 37 1133%
6 9 8 11% Unnown 3 Tray @2 75 733%
7 2 3 0% Unnown 18 Tray 1 2 1500%
8 15 7 % Unnown @ Tray 2 78 887%
9 : 5 0% Unnown 54 Tray 2 76 1420%
10 5 4 2% Unnown » Tray @ 7 1320%
Operating time 3 minutes 1 minute 1 minute

Remark OIA with Human Eye: Three times and two operators measured on each sample

Table 5.3 shows the summary results of Case#3. Total particle’s quantity
from Otsu and Otsu + Kmeans process are different from human eye-based about
12% and 1743%, respectively. For operating time, OIA with the algorithm takes only 1

minute/sample.

5.1.2 Size Measurement

The experiment is set to study accuracy of size measurement in order to
bring this information to use with particle detection work. The sizing standards which
are 10, 25, 50 and 100 micronsare set in the experiment. These four standards are
measured its size by using OIA 200X with the algorithm. The results in Table 5.4 show
that the maximum error is 5.31% on standard size 10 microns. Moreover, this study is
shown that OIA with the algorithm is capable to support the particle’s size 25
microns and above as the setting of experiments in Section 5.1.1.

However, particle’s size in the result displays of Section 5.1.1. are found some
variation due to some lost pixel in image thresholding process and some process in
algorithm to improve quality of an image object. Although the results of particle’s
size have some variation, but OIA with the algorithm gives faster operating time more
than SEM measurement which is used to measure particle’s size in HDD

manufacturing. Hence OIA with the algorithm can be used to support some work in



43

HDD manufacturing but it is needed to optimize and develop by respect to the

application’s requirement.

Table 5.4 Sizing measurement results

1 100 100.00 0.00%
2 50 49.50 1.00%
3 25 24.51 1.96%
4 10 9.47 5.31%

Remark Operating time is one minute per sample.

5.2 Conclusion

The algorithm 'is developed to measure particle’s quantity, size and to
identify type of material. Various image processing techniques are reviewed, i.e. Ridler
and Calvard algorithm, Kapur algorithm, Fan algorithm, Max Min thresholding,
Gradient Watershed, Otsu algorithm, Kmeans image - clustering, Morphology
transformation. Among these, Otsu algorithm is selected to segment total particle
from the image background, Morphology transformation is used to improve border
quality of particle detected, Kmeans image clustering is applied to classify particle
into multi clusters in order to identify the material. Moreover, the characteristic of
materials are investigated for identification feasibility as well. Gold, stainless steel and
tray materials are set in the experiments due to these materials are found in many
particle failures in HDD manufacturing. In addition, these materials also related with
some assemble process.

At the present, it takes relatively long time to get the result of particle’s
material due to SEM is only main measurement. SEM measurement has a long
operating time and also expensive operating cost compare with OIA measurement. In
other hand, OIA with human eyes-based measurement is implemented to screen
contaminated particle on some incoming of component, such as operation to screen
incoming of slider in HGA (Head Gimbal Assembly) process. It is manually operated

by human operator. Hence, OIA with human eyes-based measurement can gives only
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the result of particle’s quantity and it takes long operating time to- count a huge
number of particles. Moreover, human error is unpredicted factor in measurement’s
result.

The experiment’s results, it can be seen that OlA with the algorithm is
capable to identify gold and tray particles. It also gives an acceptable error on total
particle count as well. For information of the particle’s size, although it has small
error to measure standard sizing but in the application on real particles which are
gold, stainless steel and tray, it is found a variation from image thresholding and
some process which is used to improve quality of image object as well. The results
also show that OIA with the algorithm is not capable to classify both gold with
stainless steel particles and stainless steel with tray particles.

Lastly, this work presents the opportunity to develop and manage OIA
equipment in HDD manufacturing for operating time, operating cost and human error

reduction.
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APPENDIX

Contaminated Particle Detection Algorithm

%%Clear all and clear screen
clear all

close all

clc

%%lInput image and transfer to grey scale
A = imread(lmage’);

B = rgb2gray(A);

figure

imshow(A);

figure

imshow(B);

%%Image thresholding to define background and object
O = graythresh(B), %% Otsu

C1 = im2bw(B,0), %% Grey scale to binary conversion
figure

imshow(C1);

C2 = bwareaopen(C1,50); %% Morphological Opening
Figure

imshow(C2);

C = imfill(C2,'holes"); %% Fill hole on object

Figure

imshow(C);

%%Evaluate particle’s size and number

countO = bwconncomp(C,8); %% Evaluate particle’s number
countO.NumObjects

sizeO = regionprops(countO,'basic); %% Evaluate particle’s size
size_areasO = [sizeO.Area];

figure

hist(size_areasO,100),title(Total Particle')
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%%Transfer RGB information from input image to the pixel which was
identified to be particle

[r,c] = find(C==0); %% Identify background pixel
D=A

ind = sub2ind(size(C),r,c);
D1 = D(,:,1);

D2 = D(,:,2);

D3 = D(;,;,3);

Di(ind) = 0;

D2(ind) = 0;

D3(ind) = 0;

D(:;,1) = D1,

D(;,;,2) = D2;

D(:,;,3) = D3;

figure

imshow(D);

%%Kmeans image clustering

E=A

cform = makecform('srgb2lab’);

lab_E = applycform(E,cform);

%%

ab = double(lab_E(:,:,2:3));

nrows = size(ab,1);

ncols = size(ab,2);

ab = reshape(ab,nrows*ncols,2);

nColors = 2; %% Number of cluster
[cluster_idxcluster_center] = kmeans(ab,nColors,'distance’,'sgEuclidean’, Replicates',2);
pixel_labels = reshape(cluster_idx,nrows,ncols);
imshow(pixel_labels,[]), title('image labeled);
segmented _images = cell(1,3);

rgb_label = repmat(pixel labels,[1 1 3]);

for k = 1:nColors

color = D;

color(rgb_label~=k) = 0;

segmented_images{k} = color;

end

figure



imshow(segmented_images{1}), title('Objects in cluster 1); %% Display clusterl
figure
imshow(segmented_images{2}), title('Objects in-cluster 27, %% Display cluster2

%%Evaluate particle’s size and number in clusterl

AAA = segmented images{1};

BBB = rgb2gray(AAA);

TTT = graythresh(BBB);

CCC = im2bw(BBB,TTT);

countl = bwconncomp(CCC,8); %%Evaluate particle’s number in clusterl
countl.NumObjects

%% Sizing Kmeans_1

sizel = regionprops(counti,’basic’); %% Evaluate particle’s size in clusterl
size_areasl = [sizel.Area];

figure,hist(size_areas1,100)

%%Evaluate particle’s size and number in cluster2

AAAA = segmented images{2}; )

BBBB = rgb2gray(AAAA);

TTTT = graythresh(BBBB);

CCCC = im2bw(BBBB, TTTT);

count2 = bwconncomp(CCCC,8); %%Evaluate particle’s number in cluster2
count2.NumObjects

size2 = regionprops(count2,'basic’); ~ %%Evaluate particle’s size in cluster2
size_areas2 = [size2.Area];

figure,hist(size_areas2,100)

%%ldentify material in clusterl and cluster2
MMM = AAA;

MMMR = MMM(;,;,1);

MMMG = MMM(,:,2);

MMMB = MMMC(,:,3);
MMMVR = MMMR();

MMMVG = MMMG(:);
MMMVB = MMMB(:);
idxMMMR = find(MMMR~=0);
iIdXMMMG = find(MMMG~=0);
idxMMMB = find(MMMB~=0);
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M1R = mean(MMMVR(idxMMMR));
M1G = mean(MMMVG(idxMMMG));
M1B = mean(MMMVB(idxMMMB));
MMMM = AAAA;

MMMMR = MMMM(:,:,1);

MMMMG = MMMM(,:,2);

MMMMB = MMMM(,:,3);
MMMMVR = MMMMR(.);
MMMMVG = MMMMG();
MMMMVB = MMMMB();
idXMMMMR = find(MMMMR~=0);
idXMMMMG = find(MMMMG~=0);
idxMMMMB = find(MMMMB~=0);

M2R = mean(MMMMVR(idxMMMMR));
M2G = mean(MMMMVG(idxMMMMG));
M2B = mean(MMMMVB(idxMMMMB));

SWC1 = 0;

if (M1R> 219) && (M1R<248)

if (M1B> 91) && (M1B<119)

if (M1G>182) && (M1G<218)
SWC1 = 1;

end

end

end

if (M1R> 194) && (M1R<243)

if (M1B> 234) && (M1B<252)

if (M1G>220) && (M1G<250)
SWC1 = 2

end

end

end

if (M1R> 181) && (M1R<235)

if (M1B> 165) && (M1B<233)

if (M1G>202) && (M1G<247)
SWC1 = 3;

end

end

end

%% Mean of R-Chanel in clusterl
%% Mean of G-Chanel in clusterl
%% Mean of B-Chanel in clusterl

%% Mean of R-Chanel in cluster2
%% Mean of G-Chanel in cluster2
%% Mean of B-Chanel in cluster2
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SWC2 =0

if (M2R> 219) && (M2R<248)

if (M2B> 91) && (M2B<119)

if (M2G>182) && (M2G<218)
SWC2 =1,

end

end

end

if (M2R> 194) && (M2R<243)

if (M2B> 234) && (M2B<252)

if (

M2G>220) && (M2G<250)
SWC2 =2,
end
end
end

if (M2R> 181) && (M2R<235)

if (M2B> 165) && (M2B<233)

if (M2G>202) && (M2G<247)
SWC2 =3;

end

end

end

%%Display the identification results from cluster1
switch SWC1

case 1

figure

hist(size_areas1,100), title(Expected Gold Material’)

case 2

figure

hist(size_areas1,100), title(Expected SST Material’)

case 3

figure

hist(size_areas1,100), title(Expected Tray Material’)
otherwise

figure

hist(size_areas1,100), title('Expected Unknown Material’)

51



end

%%Display the identification results from cluster2
switch SWC2

case 1

figure

hist(size_areas2,100), title(Expected Gold Material’)
case 2

figure

hist(size_areas2,100), title('Expected SST Material’)
case 3

figure

hist(size_areas2,100), title('Expected Tray Material’)
otherwise

figure

hist(size_areas2,100), title(Expected Unknown Material’)
end
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