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Selection Method of Multiple Threshold Based on
Probability Distribution Function Using Fuzzy Clustering

Gyung Bum Kim* and Sung Chong Chung**

ABSTRACT

Applications of thresholding technique are based on the assumption that object and background pixels in a
digital image can be distinguished by their gray level values. For the segmentation of more complex images, it is
necessary to resort to muitiple threshold selection techniques. This paper describes a new method for multiple
threshold selection of gray level images which are not clearly distinguishable from the background. The proposed
method consists of three main stages. In the first stage, a probability distribution function for a gray level
histogram of an image is derived. Cluster points are defined according to the probability distribution function. In
the second stage, fuzzy partition matrix of the probability distribution function is generated through the fuzzy
clustering process. Finally, elements of the fuzzy partition matrix are classified as clusters according to gray level
values by using max-membership method. Boundary values of classified clusters are selected as multiple threshold.
In order to verify the performance of the developed algorithm, automatic inspection process of ball grid array is

presented.
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Table 1. Pscudo-code for fuzzy c-means clustering

algorithm

Input the number of cluster ¢ and weighting
parameter m’;

Initialize fuzzy partition matrix U¢0) randomly;

of maximum iteration

Input the number

Maxlteration and conversion tolerance &;
IterNum = 1; /* Tteration Number */

for( 5 ;)

{

Calculate
UV Y and the
(9

Update U'” using v{” and
specified in (10);

{v")

specified in

cluster  centers using

condition

the condition

if ( HU(r)_ U(r~1)H < el
IterNum > Maxlteration)
break;
else
IterNum = IterNum + 1;

}

Generate fuzzy partition matrix U

Generate cluster centers o ;

1A AR AR B UL Fol
Aol g o

U:{:uik eVl nxsl0,11Vik Zlﬂikzl

!

VEOC 3 ol Ln 1, vz'}

(1

AN, uy o BESEHE P HA E2la
o £3le ALE
Ven i cxXn 348

AXE s 0 3 1 Abols) gy el

32 HUASE Wy
Y A AL E
e FerHZ 27
Hol 7 Fejzed &
2e2HE FHst %He;asm, h-%k—
£ 7 99 Ay 24F 2, A
7_}- g_/] K % “0” o8 U)—I;l- ].‘4 l:ﬂ-tﬂoll:} o%
714, c}wur 20l Bl AdAGE o

m “P

8 41" 2 2RE FALHEL shie 49e o
o g}
B =RAdAE= BRd SFe2EtY AA%S
7 F o #E gFEHgez AAsgg
if py= {i} then pyp=1
else ﬂ/k*“o (12)
for all j#1, i=2,...,c,
k=1,2,...,n
4. Atgfl A
B =FdAE d7dE HEE HdEsr s
BGA AAE Al dFddez sta, Ma A

(29)"“"1 H]"’ o gol Q185 W vu
At 32] Sl(three-level thresholding)

- __SY, bt
lwo— bl M= o,
_ - D
AR N l=%+llw1
- _Dr
@2 = ya Db M= /z%)ﬂl @,
Vy= 0)0(01(02(7"1 mo)z(mz—m1)2(m2—mo)2
_ max
Vs(T(D)*, T(2)") = o= 70 Teycr V3
(13)

52



= 2)171, Hy=— 2:)_:)%1 —Zu’%
wy = b, P Hy=- /:%Hl% ln_‘%
o y P = /:g)+1%1n%
E;=Hy+H,+H,
E(T(D", T(2)") = Osnrlr)l?);m)@ E (14)

41 A9 231

Fig4t AHIGT W2 FAxXelth Figs (a)
= BGA | 940l Z, Figé (a3 2 (6)% ©] &3l
BGA | dﬂﬂﬁ'“*ﬂggiﬁ o]}, BGA |
koAl B 5 gl%ol, d=F A Ay [FA}
3t Fodo] dEi EAE] gly] Wite g 54
o] EAlEtA ¥v FEIEFIFE JAHIL, o=
FE oxgEs A Ty A4S T@siA "o

Camera Head
{C~Mount)

iBM

TR RETRTT :
PC! Yype K p
Frame Grabber = L BGA Fiker
Image Monitor | Modules

Fig. 4 Schematic diagram of ball grid array inspection
system

(a) BGA 1

53

(d) Proposed
Fig. 5 Results of three-level thresholding for BGA
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