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Image Thresholding Using Weighted Parzen-Window Estimation
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Abstract: A novel image thresholding method based on weighted Parzen-window estimation 1s proposed in this
paper. A hierarchical clustering procedure is first performed to obtain the reference pixels and weights before
the weighted Parzen-window procedure 1s used to estimate the corresponding probabilities. The error produced
during reference pixels’ generation is controlled by the upper bound error. Using the proposed criterion
function, the optimal threshold is computed. Compared with the image thresholding method based on Parzen-
window estimation. The experimental results here show that the proposed method can effectively reduce the
computational burden and storage requirements without degrading final segmentation results a lot.
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INTRODUCTION

The problem of image segmentation throws great
challenges for pattern recognition and image processing
community. Image thresholding 1s the simplest technique
for image segmentation and its primary task 1s to find the
optimal threshold which could separate objects from
background well.

With the advantage of simple and easy
implementation, the global thresholding 1s still a
popular technique over the past years. Several
successful thresholding methods such as OTSU methoeds,
histogram-based methods, entropy-based method
become popular (Sezgin and Sankur, 2004; Zhang, 2001;
de Albuquerque ef al., 2004, Sarkar and Soundararajan,
2000; Yang and Yang, 2004). Considering the analogy
between clustering and image segmentation, some
clustering procedures based on pdf estimation have been
successfully applied to image segmentation. Recently, a
novel thresholding method based on Parzen-window
estimation (L.e., PWT) has been proposed by Wang ef al.
(2008). This method effectively integrates spatial
mformation on pixels of different gray levels into the
process pdf estimation which also the base of our work
here.

In this study, the concept of weighted Parzen-
window estimation 1s presented and a novel image
thresholding method based on this concept is accordingly
proposed. By combining several pixels which are close to
each other, a reference pixel is generated and it will be
used m the weighted Parzen-window estimation

procedure. In this way, the number of the samples used in
Parzen-window estimation decreases greatly, which may
further reduce the computational burden and storage
requirements of image thresholding.

IMAGE THRESHOLDING USING
PARZEN-WINDOW ESTIMATION

With excellent performance and solid theoretical
foundatieny, the Parzen-window estimation 1s a well-known
non-parametric approach for probability estimation. Here,
we state a novel thresholding algorithm based on Parzen-
window technique in Wang et al. (2008) as follows:

Assuming f (x, v) 1s the gray level of the pixel with its
location (x, y) in image, an m*n sized image with L, gray
levels could be expressed as {f(x, y)|xeil, 2, ..., m},
vefl, 2, ..,ntt. Letw = {(x v)|fx y)=1,x€{l,2, ., m},
vefl, 2, .., n}, i €fl,2, ..,L}} and C, denotes the
number of pixels in w,i =1,2.,L, we have {f(x,y)
| x€ {1, 2, ..., n}}, then

N=

1

c

L
-1 '

Obviously, w, 1s defined in a two-dimensional space.
According to the Parzen-window estimation, for the point
space w,, the probability density function p (x, y, ©,) can
be approximated using the following formulas:

C.
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plx,y,m,) = plo p(x, ¥[ o)

C, 11
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=—) —¢X, VX, ,h
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Where:
he, = Wmdow width of the ith gray level set
(%x,y,) = Thejthpixel inw,
Ve, = The volume of the corresponding hypercube

with h,, as its length of each edge, i.e., V¢, = He/’
for an image and

15 a good choice; p(w,) can be approximated by C/N,
1 <1<l and @(*) 13 a kermnel function.

Because of the continuous distribution of pixels with
same gray level in images, a pixel’s possibility of having
gray level 1 1s in mverse proportion to its Euclidean
distance to other pixels whose gray levels are 1. The
following Gaussian function for () reflects this fact well:

} 3)

Let p(x, y) be the probability density of pixel (x, y)
belonging to the background class and 1(x, v) be the
probability density of pixel (x, y) belonging to the object,
we have:

x—x) +y-y)’

1
xvx,v:h. D= ——exp| -
Qx, % x,y;h %) - p{ o,

pOEYY = 3 p(x, v, @) = 3 pleyplx, vl )
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1 &1
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According to the concept of entropy in mformation
theory, the entropy of pixel (x, y) could be computed as
follows:

H(x, y) = p(x, ¥} log p(x, ) + r(x, y) logr(x, ) (6)
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Obviously, H(x, y) is maximized when p(x, y) =1(x, y) is
satisfied. It implies that the smaller p (x, y)-1(x, y)| takes,
the larger H(x, y) gets. Therefore, Tn order to make class
p and class 1 well separated, the following criterion
function was used:

by = arg min ﬂ(p(x y —r()«l,y))2 dxdy
Q

=arg n}in ”p2 (x.y)dxdy + {(7)

[ (. y)dxdy - 2[[ pix, yor(x, y) dxdy

Where, Q =[1, m]=[1, n]

The Parzen-window estimation for p(x, y) and r(x, y)
reflects the fact that the pixel’s possibility of being gray
level i is determined by its distance to other pixels with
same gray level 1. However, in order to compute p(x, y)
and 1(x, v) for a pixel at (x, y) in an image, all the pixels
except itself will be considered and this will bring very big
computational burden.

WEIGHTED PARZEN-WINDOW METHOD FOR
IMAGE THREDSHOLDING

In order to accelerate the PWT procedure and reduce
the computational burden, we will derive its enhanced
version le., 1mage thresholding WPWT based on
weighted Parzen-window estimation. In the proposed
method WPWT, a training procedure is performed to
obtain a set of the reference pixels and weights at each
gray level, which undoubtly wields errors into the
computation of t,, However, by controlling the upper
bound of errors we can make thresholding results
acceptable.

The set of the reference pixels at gray level 1 1is
denoted as:

R ={.r,....

>I;m}=r1 = {le(r)>Y11(r))=j = 1,2,...IH

(r) (r) H
x, " efl2,..m},y, " e{l2,. . .n}iefl 2, Li}

Accordingly, the set of the weights for the reference
pixels at gray level 1 13 denoted as:
Wo={w,, W, .w,} m=sn
So, as an approximation of (1), p (w, v | w,) in (1) can be
computed as:

(8)

1 W, ’
pix.ylo)=— Ly,

C AV,
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Where:
w, = Weight of the jth reference pixel at gray level i1,
which 1s equal to the number of the original traming

samples that were collapsed into (x,”, y,)

The training procedure for a single gray-level: In order
to find a set of appropriate reference pixels for effective
weighted Parzen-window estimation, we derive a tramning
procedure based on the idea of hierarchical clustering.
We state the training procedure as the following
pseudo-code:

Number of the pixels at each gray level

Number of the reference pixels at each gray level

Vector of the reference pixels at gray level 1

The jth reference pixel of gray level 1
. Vector of weights for the reference pixels at gray
level 1
Weight of the jth reference pixel at gray level i
Distance matrix of the reference pixels at each
gray level

For the above training procedure, we give more
details as follows.

This procedure initializes R, with the pixels of gray
level 1 n the image. Then R is updated by combining two
nearest pixels until the error e exceeds e, or only one
reference pixel remains.

The sub-routine getNearestPair () returns two nearest
pairs 1, 1, and store their weights into w, and w,,
respectively. Then r,, r, are merged in the sub-routine
mergePair ().

The sub-routine mergePair () involves the
following key 1ssues. Firstly,
OO0 and 0, = 04w,

oy + 6
are mnserted into R, and W, respectively. Meanwhile, 1, 1,
are removed from R, and so o, and w, are done from W,
Then, m 1s decreased by 1. Finally, the distance matrix DM
is updated by calculating the distance from the newly
generated reference pixel r, to each reference pixel in DM
except ry.

According to the newly generated reference vector
1p and w,, Pm is updated in UpdatePm () and the error e 1s
recalculated using
e= l = |pn(Xk) —Pu (Xk)‘

LU Pa(Xy)
1n the sub-routine ComputeError ().

The temporary vector R;,, W and variable m, are used
to back up the past values of R, W, and m. As we can see
from above pseudo-code, they take the last values of R,
W, and m, which have been updated in the sub-routine
mergePair (). R, W, and m will recover to their past values
from R, W, and m, if ¢ exceeds e,
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The proposed algorithm WPWT: To derive the new
version of p (x, y) using weighted Parzen-window
estimation, the following Gaussian kernel function is
introduced:
G(Xay;xq(r)7y11(r);hc,2)
)

= h 2 (p(x,y;xu(f),yu(f);hqz)
Cy
For Gaussian Kernel function, the following two
important results are used (Torkkola, 2003 ):

I G(%,%,, 6, 0G(x, % ,0,7)dx = G(x,,%, 5,7 +5,7)
Nl N2

j 33 Glx,x,, 6 )G, X, 0, )dx
=1 1=l
N, M,

=3 %G5, 0 +5;7)

=1 41

(10)

Thus with the obtained reference pixels and weights,
we can have:

px.y)= Zp(x,y,cq) = > plapx.yla)

s

11]1

o0y %, y, % he ) (11

—ZZW]JG(X %X, o yq“),h ‘2)

NT'=

Furthermore, we have:

gpz(x,y)dxdy:$

[P35

1=1 =1 C

2
Lpix,vix,”, ");hclz)] dxdy

1
N
1

& 1=t =t

2
G(x,y‘,xu@,y“(’);hc‘z)J dxdy

el T
i [ZZW,,
t m t

HZZZZW,G(X Vi, ® Y, ®:h, 2)

5 =1 =1 1ol k=l
WlkG(X>Ys %, Y1k(r)>h Didxdy
1 L&

ZZZZW,JWm”G(X VX, ) )Y, R ;hg 2)-

=1 =1 =1 k=1
G(Xs%Xm@stwshcl Jdxdy

1 b bom
= EZZZZWUMG(X.} ’,

=1 1=1 51 k-1
.o 0 ., 2 2
Yy o Xy Y >hc, +h01 )

(12)

Similarly, we have:

m, M

LY S,

1=t+11=t+1 5=1 k=1

+hCl )

J‘J‘r2 (x,y)dxdyf 13)

(1) (). [ €3]
Glx, ™y, "%, v, h
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oy My

[Ipesirt iy =13 5 55w,

[+ 1=1 1=1+ 3=1 k=1 (1 4)
G(Xum’ yum;xu((x)= ¥ hc‘2 + hclz)
For ease of computation, let:
M(i,1) = " W, W
( ) leé y Lk (1 5)
G(Xu w H] yU(r);Xlk w H] YIk(r);hC, ’ + hC] ’ )
We have:
1 t t
[[p* . yadxdy = — "> ML) (16)
[s] N 1=1 I=1
1 & & .
[[reepdxdy = — 5° 5" M(iLD a7
Q N t=t+l1=t+1
1 e .
[[pec syt ypdedy =37 3 M. (18)
1=1 1=t+1

0

Due to the symmetry of elements in M, we only show
the upper triangular matrix in Fig. 2. As we can readily see,
for some t, (16), (17) and (18) corresponds to the sums of
elements in area A, B and C, respectively.

Thus, t,, can be computed as:

opt

[[p’ ey +

[w]

ty =arg min [[r*Gxyedy -2 19
Q

[Tpteyir(xy)dxdy

=arg mtjn(smn(A) +sum(B)— 2 sum(C))

Based on the above, we summarize the novel image
thresholding method WPWT as follows:

Construct the histogram for an N = m=n image with L
gray levels.

For each gray level, compute the reference pixels
using the training algorithm in Fig. 1.

Construct the matrix M using (15).

For each gray level, compute the corresponding t and
find t,,

Segment the image with t,,and output the segmented

opt

image accordingly
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BEGIN
For i=0:1.-1
m=n;
If (m==0) continue;
e =20
R=[r, 1 o5 Tl
W=lw,, w,, ..., W, |=1;
Compute Pn using (8) at gray level i;
Pm=Pn;

Congstruct the distance matrix DM for the pixels at
gray level i;
While (m>1 && e<emax)
[r,, 13, W, W,]=getNearestPair(DM),
Ry=R; W= W; m=m;
[ry, Wy ]=mergePair(r,, r,, W, W,);
UpdatePm (r,, W),
e = ComputeError(Pn, Pm);;
If (e>=emax)
R =Ry W, =W, m=my;
break;
End if
End while
Store R, and W, as the reference pixels and
weights for gray level i;
End for
END

Fig. 1: The training procedure

1

Fig. 2: Upper triangular matrix of M
RESULTS

Experiments were conducted with several images
provided by MATLAB and these images have been
widely used in literature. We implemented the proposed
algorithm WPWT with MATLAB 7 and run it on the
computer with P4 2.66GHz CPU and 512M memory. In
order to observe how e, values affect the performance of
our algorithm, we used different e, values varying from
0.1 to 0.4 with step length 0.1.

The first experiment is used to show how different
€. values affect the numbers of the generated reference
pixels (Table 1).
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Caneramnan i f Cameraman t1f
(PWT, t=108) (omee =0 1, £ = 108)

B
i ﬂ%’l
. S

Iﬂ £l A% PEahieis oo % I i
Camneraman it f Cameraman t1f Cameraman t1f
(Bmax =02, £=108) (Emax=03,t=120) (Emoc=04,£=123)

tire t1f trenf tire taf
(PWT, t=100) (g =01, 1= 99)

tire tif ture tf
(Bmax =02, t = 38) (Emax=03,t=111)

Fig. 3: Continued
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kids.tif

(PWT, t=41)

- x
Kids.tif kids.tif kids.tif
(Eme =0.3, t=41) (Enu = 04, £ =41}

mri. tif

mri.tif

o if -
(€aw =0.2,t=56) (enes =03, =57) (Ene = 0.4,1=36)

Fig. 3: Segmentation results of WPWT and PWT in Wang et al. (2008)

777



J. Applied Sci., §(5): 772-779, 2008

Cameraman tif wath white noise
Power = 23

Fig. 4: Segmentation results on noisy images

Table 1 The number of the reference pixels obtmned by the tramming proce dure

Cameraman tif with noise
(Bmex = 03, t=130)

Cameraman tif with noise
(Emee=0 3, t=131)

PWT (Wang et al, 2008) By = 0 1 B = U 2 Bz = 0 3 By =0 4
cameraman t1f 63536 61560 57970 24367 0325
tire uf 47560 44244 41640 38045 36305
luds uf 127200 122274 117317 112352 107351
mn uf 16384 15050 14156 13293 12368
Table 2 Runmng time of WEWT and PWT (seconds)

TWT (Wang et ol , 2008 B = 0 1 B =0 2 B =1 3 Epax = U 4
cameraman tf 147 5 1311 1181 1048 913
tire uf’ 67 4 393 00 44 6 3R
lads nf 450 & 3790 3699 3294 3125
mn tf 13 2 17 101 a5 31

The second experiment is taken to show the influence
of different e, values on running speed of the algorithm
as well as visual effects of the thresholding results.
The complexity of both PWT and our proposed method is
O (n*/L), where n is the total number of pixels in the image
and L is the number of gray levels. In our proposed
method, n is decreased greatly by controlling e, so that
the performance of our algorithm can be enhanced. In
order to make a comparison with PWT in Wang et af.
(2008), Table 2 shows the running time of both WPWT
and PWT with different e,..

An appropriate e, is vital to the running speed of
Parzen-window estimation. According to our experiments,
for many images, e, = 0.3 is a good choice for the speed
up of the proposed algorithm and the final visual effects
of the segmented images. Figure 3 shows the
corresponding segmentation results of both WPWT and
PWT.

Obviously, e,,, has an important influence on the
optimal threshold t_, However, when e, € [0.2, 0.4], all
the obtained segmentation results are very acceptable
from the viewpoint of the visual effects for the segmented
images.

The final experiment shows the performance of our
algorithm on noisy images. In this experiment, white noise
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is added into the original image and the segmentation
results cobtained by the WPWT method are shown in
Fig. 4. From the obtained results, we can see that the
proposed algorithm can obtain almost the same results
with that the original images, which verifies the
robustness of the proposed algorithm on noisy images.

CONCLUSION

We propose a novel image thresholding method
based on weighted Parzen-window estimation in this
study. In our method, we decrease the number of pixels by
using the Parzen-window estimation with a hierarchical
clustering procedure which calculates a set of the
reference pixels and weights by merging the
corresponding pixel pairs. During this process, the error
produced by merging pixel pairs is controlled by emax.
Then the thresholding algorithm based on weighted
Parzen-window estimation (i.e., WPWT) is presented.
Unlike PWT in Wang ef ¢f. (2008), the proposed WPWT
here approximates the probability of each pixel with the
reference pixels and weights. Compared with PWT, the
experimental results here show that our method can
accelerate the image thresholding and reduce the space
requirements  greatly  without  degrading  final
segmentation results a lot.
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