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Determination of Threshold Values for Color Image Segmentation
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ABSTRACT

This paper investigates a method for determining a threshold value based on the probability distribution function
for color image segmentation. Principal components of normalized color is analyzed and found that there are effec-
tive color transforms for outdoor scenes. We explain the functional relationship of the threshold and the prob-
ability of a region detection, assuming bivariate Gaussian probability density function. Experimental results show

that the probability of detection is proportional to the segmented area.
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1. introduction ture or depth. The outcome of the segmentation is ap-

plied to the higher level processing, such as recog-

In many computer vision systems, segmentation of nition of a target or an obstacle. Also a region can be

an image is an important first step to image under- defined from closed boundaries, which result from ab-

standing. Digital images are composed of pixels, and rupt changes in image intensity, surface orientation or

the objective of segmentation is to aggregate pixels depth. Finding discontinuity is a dual problem of a
with homogeneous propertics: brightness, color, tex- region based segmentation method.

Color has been widely employed in segmenting out-

o] 8}od &} & A A28k door scenes [1]{2], and it is a reliable feature in seg-
Ewha Womans University
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BT 199 1 H 291 land vehicle applications [3]{4]. Gray scale images are
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menting road from natural scenes for autonomous
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influenced by lighting conditions, surface orientation
and reflectance of the object, and it is not possible to
identify each component from the intensity without
additional information or assumptions. However,
color constancy is an interesting and useful function
of human visual perception which recovers surface
spectral reflectance independent of surrounding iliu-
mination [5][6]. Color image segmentation is more re-
liable, since we can reduce the effect of object surface
orientation or lighting condition.

Most of the color image scgmentation schemes ap-
ply thresholding on a one dimensional histogram [1]
[2], which becomes a rectangular boundary on the
two dimensional color space. Uchiyama and Arbib
employed the Vornoi tessellation as in vector quantiz-
ation [9]. We adopt bivarialc Gaussian distribution
model for the probability distribution function of the
pixels on the color space. Then the decision boundary
becomes an ellipse.

In many cases human intervention is required in
deciding the threshold value. In this paper we will
show the relationship of the threshold level and the

probability distribution of the color histogram.

II. Color Coordinates

Basic understanding of color.has been accomplished
by many rescarchers. Wandell showed a lincar model
for analysis and synthesis of color images, which is a
result of surfacce spectral reflectance and the ambient
light spectral power [7].

Our color segmentation method is based on color
histogram. It is interesting to note that color indexing
has been popular recently, which compares color
histograms. It is relatively independent of view point,
scale or occlusion [8]. The idea of color indexing has
been extended to local color histogram [11] and com-
bined with color constancy algorithm [12].

There arc many color coordinate systems [7][13],
and the color coordinates play an important role in
segmentation {2][14][15]. Ohta et al. found that Il =
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(R +G +B)/3, 12=(R —B)/2, and 13=(2G —R —B)/4
are cffective features, which are good approximations
of Karhunen-Loeve (KL) transform coordinates [2].
We have employed normalized color, where red (R),
green (G), and blue (B) color components are divided
by intensity, 11 =(R ++ G + B)/3, to reduce the influ-

ence of the surface orientation or illumination [18].

N=(R+G+RB/3

=R/
g=G/1
b= B/

For a maltte surface, we can use the Lambertian re-
flectance model, where the image intensity is pro-
portional to the product of incident light, surface re-

flectance and the cosine of the incidence angle.

R=Fkr Riprcost
G =k Gipgcosl)
B=kg Bippcost)

. where £ is the constant which depends on the aper-
ture and focal length of the camera lens, optical color
filter, ctc. Ri, Gi, and Bi are red. green, and blue
components of the illumination, p is the matte surface
reflectance, and 0 is the angle of incidence. The nor-
malized color is independent of the ortentation of the

surface as shown in the following equation.

r=RAR+G +B)=kyg Ripr/(kr R; pr tkqGip ke Bips)
g:(z/(R +G +B) :k(,'(f;ﬂ(,'/(kk R,‘,()R +k(,‘(;ip(,' +k3 B,[?B)
b=B{R+G +B)=kgBips/lkx Ri pr +k:Gipi + kg Bipn)

If the illumination changes by a scale factor preser-
ving the shape of the spectrum, it does not affect the
normalized color image. Therefore if the spectrum of
the Hlumination is constant over the Lambertian sur-
face objects, the normalized color is proportional to
the surface reflectance. However we need elaborate

algorithms to achieve color constancy, to consider the
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has been normalized, i.c. r +g +b=3. After singular
and e;.

Note that ¥, has rank 2, since the color components
value decomposition we obtain two eigen vectors, ¢

e = —0.358r +0.815g—0.456b
¢ =0.734r—0.0564g —0.677b

with eigen values 0.0812 and 0.0289 respectively. This
shows that e, has more discriminating power than e;,
since it has the larger eigen value. We can see that e,

is almost parallel to 13/11 and e» to 12/11. We have

Fig. 1 A road image.

done cxperiments with other images from natural
scenes, and obtained similar results. For simplicity we

have chosen color coordinates ¢l and c2 following the
effect of illumination, specular reflectance components

normalized version of Ohta et al’s 13 and 12, respect-
and the nonlinearity of the image sensor response.

ively. Note that cross product of ¢, and ¢, is in the di-
rection of r+g +b vector.
Hh=R/I1=(R-B)/211 =(r—6)/2
iv=13/11=(Q2G — R—B)/All = (2g —» —b)/4
KL coordinates on the normalized color compon- ¢ =(2g~r~b)/\/g
ents are determined from a test image [Fig. 1]. The L‘z"—‘(?’*—b)/\/z
covariance matrix Y is defined as
l M
=— ¥
Y=w B L

(=7, gix~8 b=V (rix—r, gn—g, bjx—b)
]
, where (r, g, b)=

—0.02596

. Threshold Value
Usually selection of a threshold value is an inter-

- active process, lo reduce the probability of error which
—— Y Y (k. gk, bjr) is the

MN 5= (7 je. &k b
mean of the normalized color components. (7, £x,

bjx) is the normalized color vector of the pixel at pos-
ition (j, k) of the image. M and N arc the width and
the height of the image respectively. The covariance

matrix of the Fig. 1 is as follows.

-

-0.02489
—0.02489

is the sum of false positive and false negative. Selec-
—0.00107

function (p.d.f).

deciding threshold level based on probability density

tion of the threshold value has been investigated by
many researchers [10].

—0.00107

0.05395

We present a method of
—0.02906
-0.02906

We can see that each region has a well separated
multimodal distribution as shown in the two dimen-
0.03013

sional histogram [Fig. 2]. Let glc, c3) represent the
multimodal p.d.f. of the pixels on the KL color image
space (¢, ¢2), then it can be represented as the sum of
p.d.f.’s of cach region, fi(c,, ¢2).
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gler, =3 pifiler, o)

i1

with Y file, cx)=1and Y pi=1, where, filc), ¢3)

én e o
is the p.d.f. the i-th region, m is the number of re-
gions, and p, is a priori probability of the region
which is proportional to the area.

We assume Gaussian probability distribution func-
tion for each region, and the hypothesis is verified
using a statistical testing method as shown in [17].

The bivariatec normal distribution function of the i-th

region is
1 e

f;‘(Cl, 62)21,,,.,,,,‘{ e Uiler, )2

2na; a;2 \/l —pi
where,

1 1 — )’ o = S iz

Uler, cdm —y [LCTp) (O Er i

1 —p; o [ ai2

+ 2

g

(c— ,Hiz)2 ]

, pi is the correlation coefficient, p; and p;; are the
means and ¢;; and ;> arc the standard deviations of
¢ and ¢, respectively. We obtained the bivariate nor-
mal distribution parameters of each region from the

two dimensional histogram on the color space. We

Fig. 2 Two dimensional histogram of the test image in ¢

and c; coordinates.
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know that the correlation coefficient p; is very small
after KL transformation. It is known that Ui(c), ¢2)
follows X? distribution with 2 degrees of freedom [16].
From numerical calculation of X? distribution [17], we
can obtain the following table, which shows the re-
lationship of the threshold value u and the prob-
ability of detection Prob(U; < u).

u Prob(U; < u)
o211 | o1
0446 | 02
0.713 ' 0.3 -
102 04 ’
139 0.5
183 0.6
241 07
322 038
461 0.9
599 0.95
7.38 0.975

For a given threshold value of u, the probability of
false negative is 1-Prob(U; <t u), while the falsc posi-
tive probability depends on the neighboring distribut-
jons. From the table, we can observe that employing
a threshold value larger than 6 does increase the pos-
sibility of false positive without much gain in the
probability of detection.

The mean and standard deviation of the road scg-
ment were calculated from a sample region, and the
thresholded image for cach probability is shown in
Fig. 3, which shows the segmentation results we have
expected. The segmentation from color components
without normalization is shown in Fig. 4, where we
can notice that other areas are also included in the
road region which results in higher false positive er-
ror.

We can observe that the arca of the segmented re-
gion is proportional to the probability of detection as

shown in Fig. 5.
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(b) (b)
Fig. 3 Thresholded image at 50% level (a) and 90% level Fig. 4 Thresholded image at 50% level (a) and 90% level
(b) using the proposed method. (b) without color normalization.

873

www.dbpia.co.kr



EBLHT S ER LS '96—4 Vol.21 Nod

8¢000 - S — -
70000 »
60000 r
S0C00

40000

1
36000 F

thresholded area

20000 ¢ L .
10000 » 7

[+ 10 2¢ 33 4C 50 (3¢ k&Y 52 39

Ihe probability ol detecuon 1¥4:

Fig. 5 The probability of detection vs. the arca of the thres-
holded image.

IV. Conclusion

We chose normalized color in an c¢ffort to obtain
the surface reflectance and reduce the influence of
surface orientation and iilumination component from
the color image. Karhunen-Loceve transformation is
applied to obtain principal components and found
that normalized color components 13/11 and 12/11 are
effective color features. We showed the relationship of
the threshold value and the probability of false nega-
tive. From experiments, it was verified that the prob-
ability of delection is proportional to the area of

thresholded region.

V. Further Work

The performance of the segmentation will be impro-
ved with elaborate color constancy algorithms, cali-
bration of image sensor and transfer function in the
image aquisition process. Segmentation of the image
in color parameter space has limitations. Postproces-
sing in image space can eliminate the noisy segmen-

tation with small arca.
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