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Abstract

Accurate boundary determination and segmentation of an object of interest in an image is a difficult image
segmentation task. In this paper, we propose a new variational model composed of two penalizations and
two fitting terms improving the old selective segmentation models. To better deal with oscillatory
boundaries, a H* weighted length term and £? Lebesgue measure have been employed as penalization terms,
whereas the fitting terms consist of a region-based and area fitting term. The model has the same speed as
the previous one-level set interactive segmentation models and is much faster compared to previously dual-
level set models by having the same segmentation accuracy and reliability. On the other hand, the model
shows a good performance while dealing with irregular and oscillatory object boundaries. The comparison
with segmentation algorithms of the same nature shows that the proposed model shows the same or
improved performance for object segmentation with transparent boundaries or inhomogeneous intensity of
the aimed object. Moreover, we show that the proposed model finds the aimed object boundaries
successfully for smooth or challenging oscillatory topological structures.

Keywords: Total variation, Edge detection, £?-Lebesgue measure, Interactive segmentation.

1. INTRODUCTION

Despite developments and improvements in photography and imaging, image post-processing
techniques are commonly required. Image segmentation is one such task that separates the object/ objects
from their surroundings by extracting aimed boundaries in a meaningful manner. Many applications of
image segmentation are observed in a wide range of fields, such as medical imaging, object detection and
recognition, traffic control systems, etc.

Segmentation techniques divide into two classes: global and selective/interactive segmentation. The
first class aims at the boundary of all objects into a given image scene, whereas the second class aims at the
boundary of a specific object. Global segmentation consists of objects' boundaries extraction (foreground)
from their surrounding (background). In the last decades, different global segmentation techniques, such as
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region-based segmentation, edge-based segmentation, clustering, Mask R-CNN, etc., have been introduced.
Variational segmentation models, based on an early idea of representing the image as a piece-wise
continuous function [19], easily implemented by Chan-Vese (CV) [7] through the level set function [22],
was further used by many segmentation techniques. CV model and further followed improved models prove
to be very efficient compared with statistical methods [10, 9, 30], image thresholding [16, 26], wavelet
techniques [17, 14,27], etc. Most variational based segmentation approaches in the last decades base their
models on edge information to guide the contours towards aimed edges [1, 6, 11, 13] or statistical
information for the homogeneous area in the object’s region, similar to the CV model [7].

On the other hand, in some particular applications, one single object is required to be segmented.
Such examples can be found in medical imaging where a particular organ is required to automatically be
segmented or Closed Circuit TV (CCTV) surveillance system where activities monitoring is aimed. The
main issue in an interactive/ selective image segmentation problem is how to distinguish one object of
interest from similar (nearby) other objects. Recently, variational based models were proposed [3, 13, 18,
25, 24]. Those models combine edge detection function with distance metrics to form some geometric priors
information (markers). Such work was introduced by Rada et al. [25] where a dual-level set is used for
boundaries detection ( a local level set evolves over a global level set to detect the boundaries on the aimed
target object). The model show improvement compared to other models of the same type by being more
reliable for cases where the intensity difference between objects is small. Although this model [25] is
reliable, the model does not perform well for oscillatory boundaries. To improve the model for such
boundaries a new dual-level set model was introduced by the same authors [24]. The new model [24]
improves the old model by using the £? Lebesgue measure of the y-neighborhood of the contour [4]
replacing the H'* Hausdorff measure [25] as penalization term. Both these models are slow because of the
complexity of the incorporation of the two level set functions. To improve the dual-level set work [25],
Rada et al. [24] introduced a new variational area fitting based model. This model is fast and reliable but
has slight difficulties with specific cases where the aimed objects have oscillatory boundaries. The purpose
of the following presented work consist of the design of a new single level-set model which yet ensuring
the same or better performance for oscillatory boundaries compared to Rada et al. [24] model.

Furthermore, we should emphasize that for image data where prior information is provided different
machine learning and pattern recognition algorithms can be employed [5, 2, 8]. However, their large training
sets and parameters optimization through the architecture layers makes them limited for previously unseen
object classes. In this paper, we consider the cases where prior data is not available and the method can be
easily adapted for general cases.

The following sections are organized in the following way. Section 2 contains a review of some
selective segmentation models. In Section 3, we present the proposed £? Lebesgue measure based model.
Then, in Section 4, the discretization of the derived partial differential question through an additive operator
splitting (AOS) algorithm is described, ist efficiency and speed. In Section 5, we provide experimental
results and comparisons to some existing methods for different images. We conclude our work in Section
6.

2. A SHORT REVIEW ON SOME INTERACTIVE/SELECTIVE SEGMENTATION MODELS

The introduction of a level set idea by Chan-Vese (CV) [7] led to a simple and easy numerical
representation of the Mumford-Shah [20] variational image segmentation model. Using Chan-Vese (CV)
[7] idea many segmentation models were introduced in the last decades. Given an image uo(x), x € Q
defined on a rectangular domain Q, the CV model restricts the image into a piecewise function to be
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represented with a two-phase level set function. The piecewise function consists of two values c1 and c2
that represent the mean intensity value of the foreground and the background, respectively. The CV model
is not based on the gradient of the image for the stopping process so that it can detect contours both with
and without gradients. The energy minimization functional in terms of level set is given as follows:

min F(,¢1,¢;) = min (e, length(r) + Aicy fge ) 1000 — €1 [2dx

c1,c2,l

: g AZCU foutside ) |u0 (x) N Cledx} (1)
where ¢; and ¢, are the average values of uy(x) inside and outside of the variable contour I,
also u, A; and A, are non-negative fixed parameters. Writing the level set function ¢:Q - R
=09, = {(x) € Q| ¢(x) =0},
inside(I") = Q; = {x € Q] ¢$(x) > 0},
outside(I") = Q, = {x € Q| ¢(x) <0},
the energy function (1) is written in the form:

F(,¢1,62) = fey Jo IVH(DdX + iy [y 110 () — c1]*H(p(x))dx
+ze0 J, [uo(x) — c2/*(1 — H(¢(x)))dx, (2)

where H defines the Heaviside function
ifx>0

. N
HE ={) <o,
In the following we review selective segmentation models related to the new proposed work.

Dual Level Set Selective Segmentation Model for Oscillatory Boundaries With Infinite Perimeter
Norm

As an attempt to improve the dual level set model [25] for segmentation of objects with irregular
boundaries, the work of Rada et al. [24] replaces the F£* length term in the old Rada et al. work [25] with
the y-neighborhood area of the contour I' (following the Barchiesi et al. [4] approach for global
segmentation). The y-neighborhood area of the contour of the edge set I is given as follows [4]

Y= [:= Uxer B}r(x)' [3)
This £? measure plays an important role in capturing inperfect oscillating boundaries
boundaries of the foregrownd objects in the given image uy(x) while achieving the denoising

effect [4]. Considering fy:= )p 1}, and a smooth version of it f, such as f(t) = e~t“ or

ft) =

1 .
Tk for k = 1, the L2(y —I') term can be rewritten as:

22 =)= f, fo (B2 dx ~ f, (25D ax. (@)

In the presented work of Rada et al. [24], the £L?(y —I') is approximated as
)k
L2y-D)=~f e *.
for large value of the parameter k. Following similar problem to the level set selective
segmentation models [3, 11, 13, 25], a set of geometrical points A = {w; = (x/,y/) EQ,1 <
[ <n;}cQ, consisting of n; distinct points near the object, has been defined. Using the
Lipschitz level set function the energy function of this model is given as following:
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min F Jhg. 1,02 =
o0 ¢, o, Frouss (Pu, P, €1, c2)

Pl
w J, DG (Vugle 7 Hde) +E5 [, (19| — 1)2dx +

1IN

s o 9Vugde 57 +EE [ (1Ue(x)] - 1)2dx + (5)
A [y lup(x) — c1PH (g (X)dx + Az Iy lug(x) — ez|*(1 = H(pg(x))dx +

Ay [, ug(x) — e PH(@(30)dx + Az [ |ug(x) = 1|7 (1 — H) (P (X))H (g (x)dx +

Az [ lug(x) — c2*(1 — H) (o (x))(1 — H (g (x))dx.

where ¢, ¢, are the local level set and global level set, respectively, D(x) and g(x), are the

distance and edge detection functions, respectively. Both D(x) and g(x) function has a property
of approaching zero while aproaching near the I' boundary and has big value when away from it.
The global level set detect all the boundaries of the objects in the given image whereas the local
level set evolves over the global level set in order to detect the aimed object near the given
geometric set of points. The constants iy, g3, Ayg. Azg, B, fe, A1, Az, A3, are defined parameters
related to the model. The functions H(g, ). and H(¢;) represent the local and global level set
functions corresponding to the local and global level set.

To tackle the discontinuity issue in 0 of the Heaviside function, regularized Heaviside

functions can be used such as H, = %(1 4 %arctan(f}}. In this way the above model can be
written:

min F b Cy,007) =
PR v - toLss (@1, g, €1.C2)

1 f, DO (Tu)e T He () +55, (19el — 12dx +

— (P hyk

w2 [, g(Vug)e 7 + 52 [ (Ve (x)] — D2dx + (6)
Ay J wg(x) — €112 He (¢a(x)dx + Azg Iy Tug(x) — 21*(1 — Ho(dg(x))dx +

Ay [y o (@) — e PH (@ ()dx + Az [ [up(x) — ¢4 |*(1 — Ho (¢ (X)) H (g ()dx +

As , o (x) — €22(1 — H, (¢, (x))(1 — H, (¢ (x))dx.

By keeping ¢; and ¢ fixed and deriving with respect to ¢; and ¢, one get equations

for computing ¢y and c5:

o = A1 Jo woHe (dglax+dy [ uoHe (do)dx+dg [ ug(1-He (¢ )IH, ($gldx
! A1 Jy He (P ldx+dy Jy He (o )dx+dz [y (1-Ho (@L)H (dghdx  °

(7)

_ Aag Jp wo(1=H, (¢g))dx+ds [ uo(1—H ($))(1—H, (g ))dx
. Azg fp (1—He (g)ddx+ds [ (1-He (P ))(1-H (pg)dx '

(8)

and by keeping ¢; and ¢; fixed we get the equations for ¢; and ¢,
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r _te
ko9 (V) 9716 + gV - (1 - i) Ve) +
oL

{6.(¢6) (~1d @) g(Vug)e G = 46 (uo(X) — )2 + Asg (o (%) — €2)% — (9)
A2 (up(x) — ¢)2(1 — H(dy)) + A3 (o (x) — €2)2(1 — H(¢1))) + ag(x)|Veg| = 0,in 0
20; _ o

e on dfl.

and

[ k-1, (2 1
u D(x)g(Vug) r—kfﬁ;_ e v He(dg)+wV-((1 _m)?‘i’i,) +

] 8e(@0) (—A1 (o () — €1)? + A (o (%) — 1) He () +
23 (100 — 2)*(1 - Ho(9g))) + ad(x)g(Vug)|Vey | = 0,in0

(22 = 0on a0,

il

(10)

The terms ag(x, v)|Vo;| and ad(x, v)g(Vig)|Ve,| are the balloon term force.

Area Based Selective Segmentation Model

Rada et al. [23] introduced a simple and fast variational model for the interactive/ selective
segmentation task. This model improved the old dual-level set model [25]. This method 1s based
on a Euclidean distance from the manually given points combined with an area-based fitting term
and an adaptive parameter edge detection function, which tends to 0 as soon as the contour
reaches the boundaries. Given an image uy(x), defined on the domain €, the detection of an
aimed feature/object nearby some given points A ={w = (x/,¥/)EQ1=<i<n}c ), is
given in the following form:

minF (I, c;) = min{ufr W(|Vug(x)|)dx +
ez Fez (11)

M Jsige W0 —cilPdx +22 [ o [uo(X) = coPdx +
2 2
U nsiae @ X—A)" Upesive @ X —42)%)

where 41,45, 4 and v are empirical weights, W = D - g 1s the edge detector distance function,
¢; 1s the mean intensity of constructed polygon with the given pomnts, ¢; 1s a region term
representing the mean intensity outside the target object. The area fitting term, represented in the
last row of the last equation, tend to mimimize the difference between the area obtained by the
evolving level set of the aimed object and the approximated area obtained by the polygon of the
given geometric markers. This term serves as a ration constraint between the aimed object and the
rest of the image rather than precise area-preserving. The function g 1s an edge detection function
given by:
1
9(Vue X)) = T (12)

with k a positive constant which can be manualy adapted. Replacing the Heaviside function

H with a continuous regulanized function H,, similar to [1, 7] one get:
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min F(¢(x),c2) = p J W(IVug(x))8: (9 (x))IV(P(x))|dx +

P(x)ez
Ay Two(@) — i PHA@(0))dx + 4z [ |uo(x) — c2|* (1 — He(@(x)))dx +

V{(f,, He(@())dx — Ap)? + ([, (1 — H,($(x))dx) — A3)*}dx,
(13)
where &,(¢(x)) 1s a Delta function corresponding to the Heaviside function introduced above.
Considering that the geometrical points are given mside the aimed object ¢; 1s computed as the
mean intensity of the constructed polygon with those points. Keeping ¢(x) fixed and mimimizing
with respect to the unknown intensity outside the object, one gets the following equations for
computing Cs:
Jo wg (X)(1—H, ( (x)))dx
Iy (A-He (@ (x))dx

cz2(@(x)) = (14)

if fﬂ (1—H.(¢p(x)))dx = 0 (i.e if the curve is nonempty in (1).
Considering ¢; and c¢; fixed and mimmimizing (18) with respect to ¢(x) and get the
following Euler-Lagrange equation:

S (SIUY - (W T2 — [Ay (g (1) — €)% — A (g (%) — )] —

v[(J, Hdx — 4;) — (J, (1 — H)dx — A2)]} = 0,inQ (15)
with% = 0, 0nd0,

To speed up the convergence in equation (20) a balloon term, such as aW |V¢|, can be
optionaly added. The final equations of ¢ can be written in the form:

S(SIUY - (W T2 = [Ay (g (1) — €)% = A (g (%) = )] = 18
V[(f, Hdx—Ay) = (f, (1 - H)dx — 4;)]} — aW|V| = 0.

3. PROPOSED METHOD

In this section, we detail the proposed single level selective segmentation model, useful
for oscillatory boundaries which has a better speed performance compared to the previously
proposed dual level set model [24]. For a given image 1, (x). defined on the domain (2, we aim to
detect a feature/object of an image nearby the geometrical marked points A, placed nearby the
aimed object boundaries. To achieve a correct detection of the aimed 1rregular boundary object we
incorporate: 1) a distance-edge detection function incorporated in the smoothing term providing a
value = 0 while approaching the aimed object; 1) an area-based fitting term providing
conditioning the detected area to be i1s in the same range with the aimed object; 1) an
L?-Lebesgue length term evaluating the area of the ¥ —neighborhood of the edge set I capable to
deal with noise, preserve the comering effect and keeping oscillatory boundaries; iv) H'!
weighted length of the contour. The proposed model 1s given in the following form:

minF(T,¢;) = min{u L W(IVup()Ddx +p J f(E)dx +
[l £ ¥

(17)
’11 -‘riﬂﬂrié' (T} |uU I:K] — Iz":ix + ‘12 Iﬂuujtg (ry |'.|'.-!.u {H] - cZIde +
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2 2
V{Ujnsige (ry 9% =AD"+ Upygire ) 4% —42)°},

where u, i1, 41, Azand v are empirical weights, W = D - g 1s the edge detector distance function,
¢y 1s the mean intensity of the constructed polygon with the given markers, ¢; 1s a region term
defined 1n equation (14) representing the mean intensity outside the target object. As the level set
function becomes wrregular during computation, optionaly, one can add a fitting terms 1n order to
avold remmitialization of the level set function ¢(x), e.g. the term _fn (Vo (x)| — 1)? provides the
authomatic scale of the level set.

Compermg to [23] model one can notice the that the above energy improves [23] model by
adding a term similar to the work of [4], capable to deal with oscillatory boundaries. Rewriting the
above equation 1n terms of the level-set, replacing the Heaviside function with the regulanzed
Heaviside function H, smilar to [1, 7], and adding the reinatioalization term for the ¢ level set
one gel:

¢?}%22F{¢{I},Cz) = J, 9(IVug(x)[)|VH (¢ (x)) |dx +

k

i1 [y GUVug(x)Ng(Vugde v dx +py [, (IVp(x)| — 1)* +
A1 [ uo(x) — e1PHe(@(x))dx + 22 [, |ug(x) — c2* (1 — He(@(x)))dx +

V{(J He(@(x))dx — A1)* + (f, (1 — He(¢(x))dx) — A3)°}dx.
(18)

if _fﬂ (1—H.(¢p(x)))dx = 0. Keeping ¢ fixed we update

Jo wolx)(1—He (s (x)))dx
Jo (1—He (@ (x)))dx

c2(¢(x)) = (19)

Keeping ¢; and ¢; fixed and mmmizing (18) with respect to ¢(x) one gets the following
equation:

-
BB Wity + e P H, + ¥ (1 - =5)79) -
(21 (up(x) = €1)* = A5 (g (x) — €3)°] — (20)

v[([,, Hdx — A}) — (f, (1 — H)dx — A;)]} = 0,in0)

with 22 = 0, 0naQ,
dn
4. METHOD DISCRETIZATION AND SOLUTION THROUGH AN ADDITIVE OPERATOR

To solve equation (20), we employ an additive operator splitting (AOS) method known for its
properties of fast and low computational cost. AOS splits the two-dimensional problem into the solution of
sequential of two one-dimensional ones. The AOS method is proposed by Tai et al. [15] and Weickert [29]
has been widely applied in similar diffusion equations, see [3, 13, 28]. In the following, we detail the
implementation of the AOS algorithm for the proposed method. The first step of the AOS method is the
discretization of the given minimization problem in equation (20). In our work central finite differences has
been used. Then form a semi-implicit linear system which leads to an iterative approximation scheme with
a tridiagonal diagonally dominant matrix. Recalling equation (20) of the proposed method one can write
the gradient descent method as follows:
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$(x,0) = ¢°(x)
aqb _
= b, ($)V - (W = Vo

ﬁs () {—[41 (uo(®) — €1)* — iz (up(X) — €2)*] =
v[(J, Hdx — A1) — (J, (1 —H)dx—A)]} =0,

As singularity may be shown, due to the |V¢| term in the denominator, we replace the term

1, ~(EE
mep FHEh e F V- (A -V

o - g E= W Fo1_ L
with |Ve|s = .,.I'qtr,_? + ¢},E + (. for a small f§. Denoting E = Vo l; JF=1 o and

&
F= mget e T + 5@ - )~ L -] - )
v[(J, Hdx— Ay) — (J, (1 — H)dx — 4,)]}
equations (21) can be written in the compact form:
2L = 18 (@)Y - (EV) + ;¥ - (FV) + f = 23

#ﬁs(fﬁ](ﬂx (E0 @) + 0, (EdyP)) + u28c(¢)(0:(FO,p) + 9, (F, ) + f.

Discretizing respect to time the equation (23) can be rewritten in the matnx-vector form:

n+l__an
E =3 =1 49" +
where At is the time step size, n denotes the n'" iteration and A, is the diffusion quantity in the
| direction ([ =1 and [ = 2 respectively for x and y direction for the two dimensional case).
The above equation can be written 1n the semi-implicit form:
" = (1= AtT™, A (") 1@" for [ = 1,2 and ¢" = ¢" + Atf.
Using the AOS scheme and its additively split  the above equation can be written:

¢"H = 2¥E, (1—28tA (™) 1P" (24)
Here the matrices A, for [ = 1,2, are obtained by using the finite differences scheme as bellow:

(A1(¢'”)¢“+1)f; = U8 (@™ (0 (ED ™)y + pa (0, (FAP™ )y =
BTy @x9™HD) 1 BN 259 3

7 :+T“r .EJ !—E _z.l'

o (@) - +

X

|+1;2J(f3:¢' 1]e+1,.rz,,r—F'f”_”gurfﬂxﬂﬁdﬂ'h—];z,f

2 +

hy
1 1
Jl':J+1~.|"'t|~g ¢£+1J_¢:ir+ . :JJ | 1.}_,¢!_|’ _¢?4-]J}
L

d 2 by

ud(¢") — — +
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f'IH+]j |.u||.-¢'ln++11J "‘D:I;r:'-]:l }_.IL _H,rl_l ‘_‘DJL+] "‘D:l-'-]]j:l
H 2 hy 2 f ¢ =
2 hx
1y +EL +1 +1 1
KB (") TR (B — 1) — 8L (9 T (@1 — Bt)) +
Flrfl-l n+1 n+1 =1 n+l :re+1
jh%’“(@’)m,; — i) — 12 sz—g’“('i? @iz

with 4, is a tndiagonal matrice. Similarly we compute {Agfdr”jti)”“}flf. The
algorithm (1) describes the scheme of the proposed method.

Algorithm 1. Infinite Perimeter Area Fitting Selective Method Algorithm:
¢* « IPAFSM (¢, A, u, v, B, @, €, maxit, tol).

Compute the distance function D (optional), the edge function g, the area of the
polygon, f from equation (22), ¢V = ¢'™;
for iter =1 : maxit do
Calculate ¢™ from (24):

oV <232, (1-28t4/(™) 1"

If | @@ — @ |I< tol or iter > maxit, set ™) « ¢~ 1) Break;
else ¢ « -1

update f from equation (22)

end for

5. EXPERIMENTAL RESULTS

In this section, we first argue the robustness of the proposed model for images with regular and
oscillatory boundaries type of contours. The initial curve as the model suggests it is placed as near possible
inside the given object by using the given markers to construct the zero level set (a polygon passing through
the markers). Comparison with a similar one level set selective segmentation model, such as the Rada et al.
[23] or Nguyen et al. [21] model has been shown. We perform experiments of our new method by using
objects where oscillation boundaries are found. We compare the obtained results of the detected object of
such boundaries with the dual-level set selective segmentation model with the infinite perimeter fitting term
introduced by Rada et al. [24]. This comparison shows the speed advantage of the proposed method while
keeping the same accuracy performance. Furthermore, we show the practical use of this model and its
applications in fields such as medicine, where qualitative segmentations are of a great importance. Different
size images, such as n = 128 (i.e. 128 x 128), n = 180 (i.e. 180 x 180), and n = 256 (i.e. 256 x 256) , n =
512 (i.e. 512 x 512) , has been used. The parameters k, y, A1, A2, u, pa, p2 and B used in the following tested
experiments are fixed to the values k =8,y =10, 41 =122=100, u =1, 1a =1, u2=0.0001, e =1, and B =
1076, Based on the quality that the AOS algorithm is unconditionally related to the time step size we use At
=1 in all our experiments and a relative residual of 102,
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Test Set 1 — Segmentation Accuracy and Its Comparison to Other Models

The first test set demonstrates the ability to properly segment objects with different shapes and
intensity and then compare with Rada et al. [23] and Nguyen et al. [21]. Fig. 1 shows the segmentation
result for two synthetic and two real-life images. The aimed object in the first image in Fig. 1 is a square
placed nearby to an L shape geometrical object with the same intensity. The second image of this figure
contains a geometrical object which has to be separated from the other geometrical objects. Furthermore,
the object itself is not homogeneous inside the given geometrical markers (white background is found
between the object itself). The third and the fourth images are knee and cell images with a high level of
noise. From Fig. 1 we can easily notice that the proposed method correctly captured the aimed objects. We
have to emphasise that the obtained results are similar to the previous work of Rada et al. [25, 23]
overcoming the previous work of Gout et al. [12] and [3]. For briefness, we do not show the results obtained
by the previous work of Rada et al. [25, 23, 24] but we note that both models give the same satisfactory
results as shown in Fig. 1. For more details reader can refer to the results shown in [25, 23, 24] papers.
Based on the same papers [25, 23], the results shown in Fig. 1 have the same results by Nguyen et al. [21]
model given a proper initialization. In the following, we show test results where the proposed model
performs better than Nguyen et al. [21] model. Comparison to Rada et al. [25, 23] work for such images is
not shown as the obtained results are the same for such cases. Fig. 2 shows the comparison results between
Rada et al. [25], Nguyen et al. model [21] and the proposed model for a Christmas tree in a pot and cell
image in the first and the second row, respectively. We can easily notice successful results by Rada et al.
[25] and the new model for a real-life image of a Christmas tree in a pot where the nearby pixels have
different intensities in an oscillatory structure. The Nguyen et al. model [21] can sufficiently good capture
the tree but fails to capture the whole pot due to semi-transparent boundaries. Nguyen et al. model [21] fails
also to segment the nearby cell images, as shown in the second row due to the fact that the cells are of the
same intensity and separated with one pixel between them. Fig. 2 show that Nguyen et al. [21] method
cannot handle transparent or semi-transparent boundaries and noise. ,s figure we can clearly see that our
method and Rada et al. [25] properly segment such cases.

1) (b) (e) (d

Figure 1. Test Set 1 — Successful segmentation of different images with the proposed method with given
markers in blue color.
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Figure 2. Test Set 1 — Comparison with Rada et al. [25] and Nguyen et al. model [21] for a Christmas tree
in a pot and cell images in the first and the second row respectively.

Test Set 2 — Comparison with The Rada Et Al. [24] Model

The second set of experiments compares the proposed model with the infinite perimeter dual level
set selective (IPDLSS) method [24] and show similar results for oscillatory boundaries by gaining a better
performance speed. We demonstrate the ability of the new model to recognize specific objects with
oscillatory boundaries while the proposed method has priority in terms of CPU time. In particular, we
consider trees segmentation since the cornering effect of the model can be observed and the characteristic
of these images is oscillatory boundaries.

Figs. 3, 4, and 5 show the compared results of the new model with the previous work of Rada et al.
[23, 24]. Fig. 3 show the comparison of the model with Rada et al. [23]. Both models have the same speed
of convergence and similar results. The speed of convergence is similar as both models run over one level
set. In comparison with Rada et al. [24] model, we can notice that the proposed model performs accurate
results for low-quality oscillatory data, similar to the previous work of Rada et al. [24] model and
outperforms the Rada et al. [23] model as shown in Fig. 4. Looking into the segmentation results of those
images, we can notice that the previous Rada et al. [23] model will lose some details between the tree’s
branches, see Fig. 5, taken from Fig. 4 left corner crop. We acknowledge that the parameter used for all the
experiments are fixed as given at the beginning of this section. For better performance of the proposed
method, the tuning of the parameters is required, such as the increase of the parameter k for better details
in case of oscillatory boundary. In the following, we show the priority of the proposed method compared
to the IPDLSS model [24] in terms of the speed of the convergence. IPDLSS model suffer from a slow
convergence due to the fact that successively must update the global and local level sets. Table 1 shows
clearly this fact. In this table, we compare the CPU time of new model with the old IPDLSS model [24] and
find out that the new model is at least two times faster. In this table we show the results of 6 images but we
acknowledge that similar results to Table 1 were obtained in all performed experiments without exceptions.
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Figure 3. Segmentation results for Rada et al. [23, 24] models and the proposed selective segmentation
model. The first column show the results obtained from Rada et al. [23] model, the second column the
results obtained from Rada et al. [24] and the last column the obtained results with the new model.
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Figure 4. Segmentation results for Rada et al. [23, 24] models and the proposed selective segmentation
model. The first column show the results obtained from Rada et al. [23] model, the second column the
results obtained from Rada et al. [24] and the last column the obtained results with the new model.
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Figure 5. Segmentation results for Rada et al. [23, 24] models and the proposed selective segmentation
model. The first column show the results obtained from Rada et al. [23] model, the second column the
results obtained from Rada et al. [24] and the last column the obtained results with the new model.

Table 1. Required CPU time for the proposed method and ist comparison to IPDLSS.

Figure IPDLSS method CPU time New method CPU time
Img. 1{256 x 256) G8.7938 16.3198
Img. 2{256 x 256) 495213 17.1265
Img. 3(256 x 256) 46.1250 17.7688
Img. 4{256 x 256) 35,4201 16.2090
Img. 5{ 256 % 256) 49.120 18.8890
Img. 6{256 x 256) 31.7601 17.8190

Test Set 3 — Useful Applications for Data Boundary Refinement

In this experiment, we show some useful applications where clearly the proposed model
qualitatively refines the aimed boundaries. In this experiment, we use a public accessible PH2 dataset [31]
consisting of 200 skin cancer images. The database collection was a collaboration between the Dermatology
Service of Hospital Pedro Hispano in Matosinhos, Portugal, and The Universidade do Porto in Ecnico
Lisboa. The database has two files: one of the files with the original image and another one consisting of
lesion boundaries drown by the specialist of the field in a mechanical time-consuming process. We used
this dataset to show that we can help the specialist correctly capturing and refining the lesion boundaries.
Figs. 6 and 7 show the segmentation results of the proposed method compared with boundaries drawn by
the specialist. In Fig. 6, we notice that there is a similar output of the drawn boundaries between the
specialist, in the first row, and the proposed method, in the second row, whereas Fig. 7 show results where
the proposed method can better distingue between healthy and non-healthy regions of the lesion. Such a
result would be of help especially if laser-like techniques are used to burn the non-healthy cells.
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Figure 6. Segmentation results comparison for the original segmented lesion boundaries (made by a
specialist) in the first row and the proposed method in the second row.
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Figure 7. Segmentation results comparison for the original segmented lesion boundaries (made by a
specialist) in the first row and the proposed method in the second row.

6. CONCLUSIONS

The presented variational selective segmentation model show reliable segmentation for the aimed
object of interest with oscillatory boundaries. This model delivers similar results to old models, such as the
Rada et al. model [24, 23] or better results for oscillatory boundaries compared to [25] and Nguyen et al.
[21] model. The model improves the convergence speed of the Rada et al. [24] model by having the same
accuracy for oscillatory boundaries objects. To indicate the significant contribution of this study we show
some real-life applications using PH2 open-source dataset [31] with medical images where cancer
segmentation is required. We can easily see through experiments that the proposed method has a really

good quantitative segmentation.
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