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Abstract: In this study, we mtroduce a novel level set method for color image segmentation. It 13 based on the
Binary Space Partitioning (BSP) tree technique developed by Pei and Cheng and the multiphase level-set
frameworl developed by T. Chan and L. Vese. We present a new variational formulation for geometric contours
that divides the image region in a bmary fashion using binary quaternion moment preserving thresholding
techmque and therefore completely eliminates the need of the costly re-imtialization and calculation of number
of regions procedure. The sum of square error value determines the required homogeneity of the color in the
region and inturn decides the number of regions in the image. Our variational formulation consists of an internal
energy term that penalizes the deviation of the level set function from a signed distance function and
quaternion moment based external energy term that drives the motion of the zero level set rapidly and
discontinuously toward the color boundaries in an image. The resulting evolution of the level set function is
the gradient flow that minimizes the overall energy functional. The proposed algorithm has been applied to both
synthetic and natural color images with promising results.
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INTRODUCTION

Color 1mage segmentation has been and still 13, the
subject of active research in computer vision and image
analysis. Applications such as satellite, natural and
medical mmage analysis and remote sensing, express the
images as multi-dimensional data. By now, a large number
of algorithms have been developed for processing multi-
dimensional data. Binary Space Partitioning (BSP) tree
method (Qiu and Sudirman, 2001) 1s one of the
segmentation  techniques, which  uses  binary
quaternion moment preserving thresholding technique
(Pei and Cheng, 1999), that treats the input data as a point
in a multi-dimensional space. The drawback of tlus
method 18 the use of straight lines for segmenting the
image. To overcome this problem we combine the level set
approach with the BSP tree method.

Level set methods (Osher and Sethian, 1988), were
first ntroduced for capturing moving fronts. Active
contours were introduced (Kass et al, 1987) for
segmenting objects in images using dynamic curves. The
existing active contour models can be broadly classified
as either parametric active contour models or geometric
active contour models according to their representation

and implementation. Tn particular, the parametric active
contours (Xu and Prince, 1998) are represented explicitly
as parameterized curves in a Lagrangian frameworle, while
the geometric active contours (Caselles ef af, 1993;
Caselles et al., 1997; Malladi et al., 1993), are represented
unplicitly as level sets of a two-dimensional function that
evolves m an Eulerian framework.

Geometric active contours models are based on curve
evolution theory (Kimia et al., 1995) and level set method
(Osher and Fedkiw, 2002). The basic idea 1s to represent
contours as the zero level set of an implicit function
defined i a higher dimension, usually referred as the
level set function and to evolve the level set function
according to a Partial Differential Equation (PDE).

Chan and Vese (2001) proposed an active contour
model using a variational level set formulation. By
mcorporating region-based mformation into their energy
functional as an additional constraint, their model has
much larger convergence range and flexible initialization.
Vemuri and Chen (2003) proposed another variational
level set formulation. By incorporating shape-prior
mformation, their model 1s able to perform joint image
registration and segmentation.
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Li et al. (2005) proposed a new variational formulation
for geometric active contours that forces the level set
function to be close to a signed distance function and
therefore completely eliminates the need of the costly re-
initialization procedure. Liet al. (2007) also, introduced
local binary fitting energy with a kernel function in the
variational level set formulation to extract the local image
information. However, their application is limited to
bimodal image segmentation (an object lying on a
background). A multi-phase approach has been proposed
to multi-valued image segmentation (Chan and Vese, 2001,
Luminita et al., 2002). However, the number of regions is
restricted to be a power of two. Generally, 2 issues arise
when extending variational segmentation to an arbitrary
number of regions. First, the complexity of the algorithms
increases with the number of regions. Second, the
segmentation requires a careful manual initialization in
order to avoid converging to undesirable local minima
(Yezzi et al, 2002). Recently, Allili and Ziou (2007),
proposed an approach based on active contours for
automatic segmentation of color images with an arbitrary
mumber of regions, using region and boundary
information. But the computation time is very large.

In this study, we present a new multi-level, geometric
contour using the key idea of binary space partitioning
tree to overcome the above issues. The method segments
the images with an arbitrary number of regions without
using any prior knowledge concerning the number of
regions or their statistics. The segmentation is steered by
region information, where the region information is based
on quaternion moments. To perform the segmentation in
a fully automatic fashion, the approach uses binary
quaternion moment preserving thresholding technique
that initializes automatically two phases by creating the
binary image. Hach phases are divided into 2 phases
recursively in hierarchical manner following binary space
partitioning tree technique (Sudirman and Qiu, 2000).

MATERIALS AND METHODS

Consider a given vector valued image I. Q — %,
where, = #* is the image domain and d > 1 is the
dimension of the vector I(x). For gray level images, d=1,
for color images, d = 3, for multispectral images d = 3. Let,
C be a contour in the image domain . We define the
initial contour by creating a binary image for a given color
image using Binary quaternion moment preserving
thresholding technique. Since, we follow the idea of BSP
tree, we always divide the region in a binary fashion.

Binary level set formulation: A given curve C (the
boundary of an open set w € €, i.e., C = dw) is represented
implicitly, as the zero level set of a scalar Lipschitz
continuous function ¢: Q — $f (called level set function),
such that:

P, y)>0n w
0(x,y)<0in Q' m

O(x,y) =0 on o (1)

A typical example of level-set function 15 given by the
signed distance function to the curve. Using this
representation, geometrical quantities, properties and
motions can be expressed. Tnitially we propose 2 level-set
functions ¢, and ¢,, where:

$,(%,7) = 0inm,
O (x,y)<0in Q\wand (2
9,(x,y)=0on dm

$,(x,¥)<0in m,
$,(%,¥)>0in Q' mand (3)
$,(x,¥) =0 on dw

We define for each point x € £, the following energies
to update the level sets ¢, and &,.

e2*(C,BD=p, [ Bldy+p, [ Bidy (4)

1n(C) out{C)

e®(CNBL=p, [ NBly+p, | NBHy  (5)

wmlC) out(C)

e, (C, BI) is used to update ¢, and e,"* (C, NBI) s
used to update ¢,. BI is the binary image obtained after
applying BQMP thresholding technique to the given
region. NBI 1s the complement of BI. Since the
contribution of second term in Eq. (4) and (5) is very less
we eliminate it in the further equations. However, the
above energies £,"F are defined locally for a point x € €.
To find the entire object boundary, we must minimize £,°~
for all the points in the image domain Q. So, we define the
following energy functionals:

&(C,BI) = IstP(c,BI)dx (6)
&(C.NBI) = [e2(C.NBDdx (7)

Indeed, using the Heaviside function H(z), equal with
1 if z > 0 and with 0 if z < 0, the length of C (&) and the
area of C ¢ (¢, BI) e (¢, NBI) are defined as follows:

L) = [8(ox )] Ao dx ®)

€27 (,B1) = p [ BIGOH{§(y))dy ©
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€2 (¢, NBI) = p [ NBIGOH($(y))dy (10)

where, H 1s the Heaviside function. BLP stands for Binary
Level-set Partitioning method and 8 is the univariate dirac
function or we can say it is the derivative of heaviside
function. The length of the zero level curve of ¢ is needed
to regularize the zero level contour of ¢. Thus, the
partitioning energies £ (¢, Bl)and £*(d, NBI) in
Eq. (6 ) and (7) can be written as:

e (@,BI) = [¢77 (6.B1)dx

=p[[] BIGOH(0(y Ddyldx (1)
£ (0,NBI) = [l (0.NBI)dx
= p[[[ NBIGOHy)dyldx (12)

In order to ensure stable evolution of the level
set function ¢, we add the distance regularizing term in
Li etal (2005, 2007) variational level set formulation
to penalize the deviation of the level set fimction ¢ from
a signed distance function. The deviation of the level set

function ¢ from a signed distance function is
characterized by the following integral:
1
P(9) = [ (a0Go] -1 d (13)
]

Now, we define the entire energy functional

o, = ¢+ k(" (0,BI) + UP($) + NL(9)) (14)

0, =0+ K™ (O, NBD) + uP@) + Loy (1)

where, 1 and 1) are nonnegative constants.
In practice, the Heaviside function H in Eq. (9) and
(10) are approximated by a smooth function H, defined by:

H.(x)= l[1 + zarc‘[an(i)] (16)
2 n €

The univariate dirac function &, i1s calculated as
follows:

£ a7

2

2

5.0 =H.(x) :%8 =

78

By replacing H and 8 in Eq. (11, 12) and (14) with H,
and &, the energy functionals £ and 1. are regularized as
e and L. Asin (Lief al., 2007), we choose € = 1 for
good approximation of H and & by H, and &,. Thus, the
energy functionals ¢, and ¢, in Eq. (15) and (16) are
approximated by:

= €2 (0, BI) + uP(9) + ML () (18)

¢, =™ (O,NBI) + uP(0) + L. () (19)

These are the energy functionals we will minimize to
find the multivalued region boundaries.

Multilevel formulation: The multi-level formulation of the
proposed level-set segmentation of color images involves
three main stages.

¢ Creating binary image for a given image or its
subregion using Binary quaternion moment
preserving thresholding technique (Pei and Cheng,
1999)

¢ Termination criteria testing stage. Sum of square error
calculated for each color chamnel is used as the
termination criteria

»  Segment the region using vector level set function
and vector heaviside function

The first stage determines how an image or subregion
will be partitioned, whereas the second one decides if a
particular image or sub regions are required to be
partitioned and the third one determines how the
subregion is represented and stored.

The proposed multi-level,
segmentation algorithm is given:

level set

binary

SEGMENTATION ALGORITHM
Input: Color Image to be segmented.
Qutput: Set of contours.

o Apply Gaussian filter for smoothening the given
image

s Let, the zero level set function ¢, be ones matrix in
size of the given image

¢ TInitialize the image queue (imq) with the given image

+ Initialize the ¢ queue (bq) with the zero level set
function

¢ Fix the sum of square error threshold SST (stopping
criteria)
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s While, the queue imq is not empty
+ [l im2, ¢, ¢, flag] = BLP (imq(front), dbq (front),
SST)

»  If (flag==1)

s TInsert iml and ¢, into img and ¢g queues,
respectively

s TInsert im2 and ¢, into img and ¢g queues,
respectively

+ Else

+  Display the contour of dq(front) since it is one of the
final segments

»  Endif
s Delete img(front) and ¢q (front)
»  End while.

BLP algorithm
Input: Tmage or sub region, corresponding level set
function, sum of square error threshold.

Output: Two segments of the given region, their level set
functions, flag to indicate whether the given region is the
final segment or it 13 partitioned into 2 segments.

»  Apply BOMP thresholding techmque
s Calculate Sum of Square Error (SSE)
» IfSSE<SST

s Flag=0
» Else
+ Flag=1

»  Compute €™ (¢, BI) and ¥ (¢, NBI)

s Compute penalizing term P(p)

+  Compute Length term L{¢)

s+ Compute ¢, and ¢, using Eq. (14) and (15),
respectively.

s Let, h, and h, be the heaviside (¢,) and heaviside
(), respectively.

s Compute im, where, im, = h, ¢ im

»  Compute im, where, 1m, = h, * 1m

»  Returnim,, im,, ¢,, ¢’ and flag

Representation of the subregion: Initially we start with
given image of size mxn and ¢, which 1s 2 dimensional
ones matrix of size mxn. In every iteration, the given image
or region and the level set functions are divided mto two.
The segmented image regions can be represented by
either 1D or 2D vector. We use 2D matrix of size mxn
where, the elements of segmented region are the intensity
values and the others zero. Similarly, every level set
function is divided into ¢, and ¢,, where, ¢, =~¢, in that
region and ¢, = ¢, in other region, using the following
Lagrange equations, obtained by minimizing the energy
functionals Eq. (18) and (19) and a multi-level tree
structure is generated.

To minimize the energy functional ¢, with respect to
&,, we derive the gradient descent flow:

q)z, 7¢‘, _

T

| Ve,
=8 (,)(pBI)+ 1’]85((])1)(11\{ chl}

N
U Vi, —div Vo, (20)
v

where, 8, is the smooth Dirac function given by Eq. (17)
and Bl 1s the binary wmage obtained by applying BOMP
thresholding technicue.

O, — 9 |V
Oua 7% _ 5 NBI + 18 (¢ )div| v
T ()(PNBL)+nd,(¢) V(IVQJ
ve, | @1)
+u Vi, —div| —
( (Vq)l/}

Where: NBI =~ BI

The above Eq. (20) and (21) are the proposed multi-
level active contour model in this study. ¢, and ¢, are
the 2 children of the functional node ¢,. The phases are
numbered as a binary tree.

Advantages of our model: The significant limitation of
Bmary space partitioming tree 1s, splitting the region of an
image using straight lines with minimum number of
orientations. There was a tradeoff between the accuracy
and computation time. In contrast to Binary space
partitioning tree method, our model didn’t use straight
lines to partition the region. Instead, a curvature model is
defined to represent the partitioming region. Hence, robust
and accurate segmentation based on color moments is
acquired.

Another advantage of owr model is that no
imtialization and remitialization 1s necessary in our
method, due to BOQMP thresholding and regularizing term
Eq. (13), respectively. Moreover, our method starts with
All-ones level set function and it is splitted into two level
set functions automatically in every iteration based on our
multi-level curvature model. Tn particular, we can simply
initialize ¢, as wnary function, which takes a constant
value.

A utomatic re-initialization of level set function: Here, we
propose the functionals ¢, and ¢, as the level set
functions in every iteration. Let, €, and £, are 2 disjoint
subsets in the image domain €), where, Q, = ones (BI) and
€, = zeros (BI) (BI is the binary image generated by
applying  binary quaternion moment preserving
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thresholding techricpae to the image doman Q) andd0,
and 30, are all the points on the boundaries of O, and O,
tespectively, which can be efficiently identafied by some
ample morphological operations. Then, the furctions ¢,
andds, atlewel 1 are defined as:

(—p|(z.v) =& -8,
bz 7 = 0] (x.¥) 88, (34
plizye s,
[—pl{z.7) =&, - 88,
35

d(x, 71 = 0] (x. ) e2i2,
1p!(x,3ﬁleﬂ.

where, p >0 is a constart A s suggested by Clhimuming La
inEqg (15) we choose plarger than 2s, where c iz the width
in the definition of the regudarized Dhirac function &, in
Eg.(17).

Traditional level set methods use agned distance
functions computed from a contowr or level set funchons
computed from abibrary region as wubial lewel set
functions, Unlike traditional methods, the proposed level
set functions & level 1| ate computed from the binary
image compded by applwng BOMP  tflwesholding
techrigue. Such region-based imitidlization of level zet
fumction is not orly computati onally efficient bt also
allows for stomatic segmentation The thresholding
scheme identify 2 clusters suach that range of positions in
the 3 dmensional RGE cube are exacily divided in the
middle by the hyrperplane.

RESULTS AND DISCT SSION

We experim ent the proposed multi-level, multiphase
segmentation method vsing Woay gquatenrdon moment
preserving andlewvel set approach

As most common methods level set functions are
chosen to be the sgned Eudidean dstance to ther zero
level sets They are updated using gradient minimization

GY

Fig I: Segmentation of pepper image, 2) Binay image
obtained by the application of BOME thresholding
techtugue, b) segments a lewel 1, ) Segnents o
lewel2, d) Segmentsatlewel 3, In ), 1) and ¢) The
obtained 4 segments ate colored their mean color

Hode 0

Hode 12

Hode 22

Fig 2:Mhiti-level tree structare of the pepper tmage seom entati on using the proposed al gorithm

a0
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techniques and re-segmented using multi-level binary
space partitioning tree method and sum of square error
criterion is used for deciding the number of segments.
Hence, the proposed method is called as binary level-set
partitioning approach for color image segmentation.
Figure 1 presents the segmentation of a pepper image.
The proposed method divides the pepper image into four
segments, where, the SST =11x10%e=1.0,=20, p =4,
p =0.01 and = 1. Figure 2 shows its multi-level tree
structure and Fig. 3 displays the contours of all the
segments collectively. Figure 4 shows them, separately.
Figure 5 shows how the proposed algorithm segments the
object from the background. Figure 6 shows the contours
of a natural image. The parameters used for this
segmentation are SST = 20%10% ¢ = 1.0, ¥ =5, p=4,

Fig. 4: Contours of each segment of pepper image

u =0.04 and ) =0.8. The number of segments obtained
for these parameter values is nine. Figure 6a displays the

Fig. 5. The proposed method segments the flower from the background a) original image b) flower segment
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10 iterations

Imtal contour No. of segments: 9

Fig &: a) Contours of segments at all levels, b) initial contour, ) contours of segments at leaf level

Ho. of segments &

Fig 7- Result of applying our algorithm to an agricultural image for segmenting the silkoworm from a mulberry leaf

contours generated at all iterations. Figure 6 b shows the mulberry leaf Silloworm was successfully segmented and
contour at lewel 1. Figure 6c shows the contours of the it was used to measure the length and area of the
final segments (Fig 7). We applied our algonthm to an silloworm. Figure & shows the contours of each sepment
agricultural 1mage to segment the sillkbworm from a when the SST = 15%10%
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No.of segments: 4

Mo of segments 5

Mo

of segments: 6

Fig. 8: Dilferent number of segments obtained for different
CONCLUSION

In this study, we propose a novel region-based
multiphase, multi-level sctive contour modsl for color
image segmentation. The proposed method combines the
Binary space partitioning tree and level set framework and
cfficiently utilizes the color information, therefore is
robust, Fast andis able to segment color images with same
color and different intensity, The selection of sum of
square error threshold plays a major role in our algorithm
Different number of segments are obtaned by lixing
different thresholds. We obtain 4 segments for the
SST = 22x<10°% 5 segments tor the 16x10°% and
6 segments for the S5T = 11x10°. To overcome the above
problem some statistical image Features can be used to fix
the threshold

Qo

el

Futureresearch: Our fulure research will concentrate on
adding the texture information in to the proposed model,
so that it may be used lor color lexture segmentation
Also, like BSP tree method, the proposed algonthm can be
used for color image compression and retriewval

oo
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