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Angular Map-Driven Snakes With Application to
Object Shape Description in Color Images

Adriana DumitrasMember, IEEEand Anastasios N. VenetsanopouylBsllow, IEEE

Abstract—We propose a method for shape description of objects models have been extensively applied to shape description of
in color images. Our method employs angular maps in order to gbjects in bi-level and gray-level images, despite a few problems
identify significant changes of color within the image, which are a4 are associated with snake initialization and poor conver-

then used to drive snake models. To obtain an angular map, the tob d iti Snak dels h b |
angle values of the vectors corresponding to color image pixels are gence 1o boundary concavilies. snake models have been rarely

first computed with respect to a reference vector, and organized applied to shape description of objects in color images, with
in a two-dimensional matrix. To identify significant color changes few exceptionssuch as [9]-[11]. Because they are based on the
within the original image, the edges of the angular map are next theory of surface evolution and geometric flows, color snakes of
extracted. The resulting edge map is then presented to a snake [9]-[11] have quite high computational costs. Therefore, their

model. Distance and gradient vector flow snake models have been lication to obiect sh d it ins limited. Sol
employed in this work. Experimental results show, not only thatthe application 1o object shape description remains limited. Soiu-

resulting object shape descriptions are accurate and quite similar, tions to apply snake models to color images that likely yield
but also that our method is computationally efficient and flexible.  better efficiency consist of:

Index Terms—Angular color map, gradient vector flow, object 1) performing color space transforms and then applying
shape description, snakes. snake models to the image planes which contain most of

the color information;
2) performing color edge detection and then applying a
snake model that is designed for bi-level images to the
HAPE description of visual objects is required in many resulting edge map;
pplications such as image and video retrieval, video struc-3) including in the snake model terms that depend on the
turing for browsing and animation [1], cartoon frame filling [2], color characteristics of all color planes and applying the
segmentation [3], and tracking [4]. The shape of an object can  snake model to a single image plane;
be easily described qualitatively by words (using terms such 4) applying snake models separately to each of the color
as elongated, rounded, with sharp edges) or by sketches [5]. planes [12].
Describing the shape of an object quantitatively, however, isDespite being generally simple, color space transforms are
more difficult and numerous boundary-based and region-basgsnputationally expensive and increase the processing time that
shape description methods have been proposed. Chain cofeassociated to the description of the object shape [13]. Color
geometric border representations, Fourier transforms of tBége detection applied to the original image is impractical in
boundaries, polygonal and spline representations, curvatafsplications that require processing of mixed databases, which
scale-space representations, and deformable (active) modelssist of bi-level, gray-level, and color images. Defining color-
are examples of boundary-based shape methods that hexsed terms for the snake models is generally difficult and it is
been employed for shape description. Simple scalar regiamopic of ongoing research. Applying parametric snake models
descriptors, moments, region decompositions, and regiseparately to each color plane has been considered of limited
neighborhood graphs are region-based methods that have hegn[9], because of the difficulty in combining the resulting
proposed for the same task [1], [5], [6]. Boundary-based actigaake shapes into a final contour of the object shape. Although
(snake) methods have been particularly successful in describingthods that successfully combine the snake shapes obtained
complex shapes and/or shapes that change dynamically, theri@byach of the color planes have been proposed [12], they still
overcoming the limitations of other shape description methodequire processing of all of the image planes. Of course, this
A snake is defined as a curve that evolves within the imagetime consuming when processing based on sequential imple-
until it matches the boundaries of a target object [7], [8]. Snakeentations is employed.
To address the above problems, in this work we propose a

. . . ]sqhape description method of objects in color images using an-
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this work, and they are driven by two versions of the angulzla'
map.
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vector flow snake models, respectively, our angular map-bascu

shape descrlptlon .methold 1S Clearly eﬂe(_:t've' _Moreover, OHfg.l. Block diagram of the angular map-driven snake system for object shape
proposed method is efficient because 1) it avoids color spatgcription in color images.

transforms, color edge detection, and processing of multiple

color planes; 2) it makes use of snake models which can ge 9 9 " 4
; - : - - “int = (5)(0°2(5)/05°) —(9%2(5)/05*), Feat = =V Ecat,
equally applied to bi-level, gray-level, or color images in a data ) = a, andf(s) = A, respectively [7], [15]. [16].

base of mixed pictures; and 3) it makes use of an angular ma?Jfraditional snakes have difficulties to converge to the actual

which is either available (for instance, in applications such as . L .
. : : opject contours when 1) the initial snake is located far from the
color-based image and video retrieval) or may be computed ef-. . ) .
- ) o . . o . object boundaries and 2) the object boundary includes concave
ficiently using a specified region-of-interest within the image, ” . ) :
sections. To address the first problem, numerous solutions have

Finally, our method is flexible, in the sense that the angular m%%en proposed, such as the distance snake model [14], the bal-

may be computed with respect to different reference vectors. . .
. . _ . 00N snake model [16], and the dynamic programming-based
This allows precise and coarse descriptions of object boundaries

of higher and lower interest, respectively, by the snake mod nake model [17]. To address the second problem, directional

Object shape description in medical images, for instance, wo c?] and gradient vector flow [15] snake models have been in-

: A S roduced. A comparison of the performances of snake models
particularly benefit from the flexibility of our proposed method . . .
: . . has been presented in [19], showing that distance snakes and
as different parts of the object boundaries (e.g., tumor) may re-" . .
. L . . radient vector flow snakes outperform other snake models in
quire more accurate descriptions than others for diagnostic pgr- . -
erms of accuracy of the object shape description.

poses.
The rest of the paper is divided in five sections. Section |l
presents main ideas related to the snake models. Section I lll. PROPOSEDMETHOD

provides a detailed presentation of our proposed angular mapour goal is to obtain an accurate and flexible shape descrip-
driven snake method. EXperlmental results and conclusions a86a of Objects in color images with reasonable Computationa|

included in Sections IV and V, respectively. costs. To achieve our goal, we propose an angular map-driven
snake method, which is illustrated in Fig. 1. In what follows, we
II. BACKGROUND describe each of its processing stages.

Let a color image be represented by a set of two-dimensional

Numerous snake models and variations have been propor?ﬁgge planes in a selected color space. Let each of these

since Kas<et al. introduced their (today known as traditional)mage planes be represented as a matrix, each matrix element
snake model in [7]. Traditional parametric snake models al

) v (z, y) consisting of a pixel value in row and columny
curves that are described bys) = (z(s), y(s)), wherez, y, >0} [21]. The proposed method consists of three steps. First,
are the coordinates of the snake curve within the images énd

e - we compute the values of an angular color map, which are
a parameter which is proportional to the arc length of the Sna%ﬂ?/en by

curve [7]. A snake iteratively changes its position according o
the minimization of an energy function given by

2 Z, re
61(z, ) = 1 — 2 arceos <u) @
m Vo, gy [ TVresl

1 1
E(z :/ FEin(z(s ds+/ E..1(z(s))ds
(z) ; +(z(s)) ; +(z(5)) or by
1t dz(s)|” z(s)|?
=, <O‘(3) o | P ) ote =0 1= S22 @
. 3 % 255
+/0 Eear(2(s)) ds @ yielding the angular mapg6,} or {6»}, respectively. No-

tation v, ,) stands for a vector consisting of the values

where E;,.:, F..t, a(s), and3(s) are the internal energy, theof all of the pixels located at the positiofr, ¢) within
external energy, the snake tension, and the snake rigidity, tiee color image planes. For instance, ,) is the vector
spectively. Typically, the external energy is given By., = v, ,) = [R(z, y) G(, y) B(x, y)] in the RGB color space,
I(z,y) andE.,; = —|VI(z, y)|? for bi-level and gray-level whereR(z, y), G(z, y), andB(z, y) denote the values of the
images, respectively, wheféx, ) andV stand for the original pixels located at the positiofx, ¥) in the R, G, and B color
image or the original image convolved with a two-dimensionglanes, respectively. Notations..y, ¢;, and ¢, stand for a
Gaussian function, and the Laplace operator, respectively. reference vector, the value of the angle given by (2) between

The snake that minimizes the energy functiofgk) in (1) the vectorv(, ) and the reference vecter..;, and the value
must satisfy the Euler equatidfy,,; + F.,: = 0, where the in- of the angle given by (3) between the vectqr, ., and the
ternal forceF';,.;, the external forc®..., «, and/ are given by reference vectov.,. s, respectively.
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Second, we identify significant color changes within the origerm (i.e., we have been motivated by the fact that, the angular
inal image by extracting the edges of the angular map. Thintiap{#.} not only has to allow the identification of color dis-
the resulting edge map(z, y) is presented to a snake modetontinuities within the image, but also it has to allow meaningful
in order to obtain a shape description of the color object. bomparisons of the results with those obtained by the angular
this work, we select distance [14] and gradient vector flow [1%hap{6; }. Therefore, the value @k given by (3) is the same as
shake models for our object shape description. that of §; given by (2) (that is, zero), for vectossthat are or-

If a distance snake model [14] is selected, a potential functitimogonal with the reference vectoy. ;. For vectorsv that are
which depends on the distandés) between the snake pointscollinear to the reference vecter.. ¢, the values of, are less
and the closest edge points of the edge nfiap, ), can be than one, because of the weighting factor which is dependent on
computed. Using the Euclidean distance, this potential functitile magnitudes of the vectors being compared, while the value
is given byP(d(s)) = 3, |2(si) — f(=s, w)||?, wherez(s;) of 6, is equal to 1.
is given byz(s;) = (z(s:), y(s:)). The external forcé .., Clearly, the main difference between the angular maes
which is computed as the negative gradient of the potential furand {6,} is the fact that the former takes into account only
tion P(d(s)), is obtained byF.,, = —VP. Of course, in the the angle of the color vectors, whereas the latter takes into
case of a Cartesian curve(s;) = =;, y(s;) = v, z(s;) = account both the angle and the magnitude of the color vectors.
(2, yi), d(si) = d(zi, y;), andF ey (2, y) = —VP(d(z, y)). Both angular mapg#,} and {6}, however, indicate color
Using the external forcE'.., the position of the snake curve ischanges within the image. We can illustrate this by using two
changed iteratively such that an energy functional, such as tBihple examples. In the first example, which is illustrated in
of the traditional snake model in Section Il, is minimized.  Fig. 2(a), a blue circle is placed on a green background. Both

If a gradient vector flow snake model [15] is selected, thgraphical representations of the angular méfs; and {6,}
external force cannot be written as the negative gradient oklow that, the color changes in the image correspond to the
potential function. Instead, the external force of the gradiepbject boundary. To further illustrate the effectiveness of the
vector flow snake model is defined .., = z(z, »), where color angular maps, a second example is provided in Fig. 2(b).
z(z, y) = (u(z, y), v(z, y)) is a gradient vector flow field, By contrast to Fig. 2(a), we here employ the imageeBM,
that is, a vector field which minimizes the energy functionalhich contains several colors. Even so, the object boundary is
given by correctly identified using both of the color angular maps and

it is shown more clearly in the graphical representation of the
angular magé; }.
B(z) = //“(“i"‘“i"‘vi"‘vi)"‘|vf|2|z_vf|2 dedy. (4) yhthe examples illustrated in Fig. 2, both angular maps have
been computed with respect to the reference veeigp =
[111]. Whena priori knowledge regarding the color content of
Notationsf(z, ) andy stand for the edge map computed usinghe image is available, other reference vectors may be selected,
the angular map and a regularization parameter, respectivgitich may enhance significantly the angular map values cor-
The gradient vector flow field is obtained direCtIy by SOIVing'esponding to the Object boundaries. More Specifica”y' by se-

numerically the Euler equations given by [15] lecting a different reference vector, the angular maps will yield
more accurate information for some of the object outline seg-

V2 — (u— f)(f2 + fj) =0 (5) ments, while yielding less accurate information about others.

This is illustrated in Fig. 3. The boundaries of the blue circle on
pV = (v = f)(f2 + f7) =0. (6) ahalf-green and half-red background are more visible when the

reference vectors are selected to be equal.tp = [100] (red)

The position of the gradient vector flow snake curve is chang€fi V- = [010] (green). We also note that, this is even more
iteratively such that the energy functional given by (4) is mingléar in the graphical representation of the angular ftap,
mized. whereas in that of6, }, the weighting term which depends on

To summarize, the algorithm described earlier computes B¢ magnitudes of the vectors being compared, contributes to
angular map image plane which characterizes the original mmﬂqcmg this effect. _ _
tiplane color image. This angular map illustrates color changesSimple gray-level edge detection may be applied to the re-
within the original image, which are then provided to the snak&!lting angular maps in order to detect color changes within
model. We note that, the angular mgh }, consisting of values the.orlglnal image. ThIS solut|.on ha_s several advantages. By ap-
given by (2), has been employed previously in the context BfYing edge detection to a single image plane, computational
vector filtering, edge detection and color-based image retriev®Sts of methods such as [23], [24], which identify directions
We also note that, the angular még} is computed using a of major changes in vector data, are avoided. Moreover, an ini-
modified version of the angular distance measintroducedin tial approximation of the object boundary is not required for
[22] in the context of color-based image retrieval. In modifyin§® computation of the edge map, as compared to methods such

the angular distance of [22] by retaining only the weighted ancf# [25], which compute color variations by differences between
inside and outside contour points. Finally, in image databases
2The normalization constant equal {3 x 2552 in (3) is the same as that that contain both gray-level and color images, it is particularly

selected in [22], and it is selected to be equal to the magnitude of the maximum . lv th dae d . | h iginal
difference vector (i.e., [255 255 255]) which may be obtained in the RGB colGPNVENIENt to apply the same edge detection tool to the origina

space. image and angular map, respectively.
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Fig. 2. Simple example using: (a) a blue circle on a green background and (b) the image.Bhe angular mapé6, } and{6-} have been computed using
(2) and (3), respectively. Different angle values are represented using different colors in each of the angular maps.
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Fig. 3. Simple example using a blue circle on a half-green and half-red background and different referencervegtdiise angular maps (g1} and (b)
{6-} have been computed using (2) and (3), respectively. Different angle values are represented using different colors in each of the angular maps.

IV. EXPERIMENTAL RESULTS set, the color space, the initialization conditions, the parameter
In what follows, we illustrate the performance, flexibility, ana,alues’ the numperpflteratlons, the computathn ofthe edgg maps
. -and the evaluation indexes. The images used in our experiments
computational advantages of our proposed angular map-driven :
. - are color frames from the video sequenc&ERBM and the color
snake method for object shape description. : .
pictures £AGULL, HiBiscus and Rosefrom the Kodak image
A Imol ion Detail set [26]. The shapes of the objects within these images contain
- Implementation Detalls smooth and high detail, as well as convex and concave segments.
Several implementation issues need to be addressed before iDur images are represented in the RGB, normalized RGB

lustrating the performance of our method, namely the image tesid opponent color spaces. The representation in the RGB color
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Fig. 4. Performance of the distance snake in the (a) RGB, (b) normalized RGB, and (c) opponent color spaces using the angulaf&ojaiveayby (2) and
the color images BEAM, SEAGULL, HiBIscus, and ROSE The final snakes are superimposed over the original images.

s gzl ik s s e

(L}

Fig. 5. Performance of the gradient vector flow snake in the (a) RGB, (b) normalized RGB, and (c) opponent color spaces using the angulaf éojor map
given by (2) and the color imagesRBAM, SEAGULL, HiBIScUs, and ROSE The snakes are superimposed over the original images.

space is motivated by the fact that, images are most frequer@y+ B), g = G/(R+ G + B), andb = B/(R+ G + B)
stored as such. The representation in the normalized RGB catbthe R, G, andB color planes, respectively, is also commonly
space, which consists of normalized colors (chromaticity coarsed because the normalized colors have better stability with re-
dinates) that are given by the nonlinear transferm R/(R + spectto illumination changes than th&iy G, andB correspon-
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dents. The representation in the opponent color space, which TABLE |
assumes that the channels red—green (RG) yeIIow—que (YBJHE NORMALIZED PERIMETER 7, THE NORMALIZED SURFACE-AREA A OF

. . . ' . THE SNAKE OBJECT, AND THE NUMBER N OF MISSEDPIXELS FOR THEIMAGES
and white—black (achromatic, WB) exist and are given by the | ysrratep IN FiG. 4. THE ANGULAR MAP {6} GIVEN BY (2) AND THE
nonlinear transfornRG = R — G, YB = 2B - R — (G, and DISTANCE SNAKE HAVE BEEN EMPLOYED

WB = R+ G+ B ofthe R, G, andB color planes, respec-

. . . Color Evaluation Image

tively, _'S_ ‘_1“_”9 frequently employeq as well [ZQ]' space index BREAM | SEAGULL | HiBiscus | ROSE
_ We |n|t|_al|ze thesnake modelsusing user—c_ieﬂned_ polygonalr ) 0.860 0.777 0887 1 1.029
gions-of-interest, although any shape of region-of-interestmay reB A 1033 0.998 1.098 | 0.953
be selected. The parameter values and the number ofiterations N 0.088 0.136 0.148 | 0.185
the same in all of our experiments and they are equako0.05,  Normalized P 0.860 0.790 0.885 | 1.029
£ = 0,andy = 0.2, wherea, 3 andy are the elasticity, rigidity =~ RGB A 1.033 | 0.999 1.098 | 0.953
and regularization parameters of the gradient vector flow snal N 0.088 0.137 0.147 | 0.185
: : . P 0.843 0.811 0.971 | 1.010

model, respectively [15]. The number of iterations has been s Opponent v\ T 044 0060 1038 1019
lectedtobe equalto 500. The edge maps are computed using Sc W 0.065 0.072 0104 10128

edge detectors for all of the angular maps.
We evaluate the accuracy of the shape contours subjectively TABLE Il
and objectively. More specifically, we perform visual inspectionTye NormaLIZED PERIMETER P, THE NORMALIZED SURFACEAREA A OF
of the shape contours and we compute the normalized perimeterSnake OBIECT, AND THE NUMBER A OF MISSEDPIXELS FOR THEIMAGES
and the normalized surface-area of the snake object [27], and tHE-USTRATED IN FIG. 5. THE ANGULAR MAP {6} GIVEN BY (2) AND THE
. . . . . GRADIENT VECTORFLOW SNAKE HAVE BEEN EMPLOYED
normalized number of missed pixels. The normalized perimeter

is computed as the ratio between the snake object perimeter ¢ ~ Color Evaluation Image
the actual object perimeter. The normalized surface-area is co__space index || BREAM | SEAGULL | HIBISCUS | ROSE
puted as the ratio between the snake object surface-aneahe P 0.931 0.845 0.963 | 0.955
actual object surface-area. The normalized number of miss RGB ;} (1)'3;2 8'822 é'gg; (1)'(1’32
p?xels is computed as the ratio between the number of missNorm —Ted 7 0:931 0:8 I 0:963 0:932
pixels and the actual object surface-area. RGB Y 1013 0.989 1061 [ 1.043
N 0.034 0.065 0.092 | 0.166
B. Results P 0056 | 0822 1.081 | 0.979
We compute the values of the angular i{&p} given by (2).  Opponent A 1.015 0.967 0.977 | 0.979
Next, we present the edge image plane obtained using the N 0048 | 0.071 0.093 | 0.117

sulting angular map to the snake model. Figs. 4 and 5 illus-
trate the shape descriptions obtained using distance and gthe rose) being located behind a fence (which yields strong
dient vector flow snake models, respectively, and the testimaggiyjes within the image). In the opponent color space, both snake
in the RGB, normalized RGB and opponent color spaces. Thdels identify correctly most of the rose boundary, as opposed
angular map has been computed with respect to the refereticehe RGB and normalized RGB color spaces, where the snake
vectorv,.., = [11 1] for Fig. 4(a) and (b), and Fig. 5(a) and (b) models are sometimes attracted to the fence edges.
andv,.; = [100] for Fig. 4(c) and Fig. 5(c), respectively. As  Similar results to those illustrated in Figs. 4 and 5 have been
these figures illustrate, the accuracy of the gradient vector flastained using the angular magy} given by (3), when the ref-
snake model is higher than that of the distance snake modgknce vectors have been selected to be identical to those men-
This is also confirmed by the values of the objective indexesioned above. This is, of course, motivated by the fact that, in
in Tables | and 1. The normalized number of missed pixels dehis case the angular maps given by (2) and (3) yield identical
creases for the snake object boundaries obtained by the gradieiities. When different values of the reference vectors are se-
vector flow snake as compared to those obtained by the distar@sted, however, the performance of the gradient vector flow
snake for all of the images. Moreover, each of the snake modsitake model using the imag@Reis better than that of the dis-
yields almost identical shape descriptions for the same imag@ce snake model. Moreover, as Fig. 6 shows, the performance
object in both RGB and normalized RGB color spaces. In geof the gradient vector flow snake model using the angular map
eral, the shape description results improve when the images g§€} is better than that obtained using the angular fféy3.
represented in the opponent color space, as shown in FigsThe shape descriptions obtained using images represented in
and 5, and Tables | and II. This is mostly visible in Fig. 4(c) anthe RGB and normalized RGB color spaces are quite similar,
Fig. 5(c) for the image BSE, which is particularly difficult to and they are consistently outperformed by those obtained using
process by the snake models because of the object of intetastsame images represented in the opponent color space.

3The assumption that a region-of-interest is available is valid in light of the To IHUStrat.e the impact of the reference vector on the accuracy
numerous applications which require either a coarse approximation of the obf@kithe resulting shape description, we have selected numerous
location or a user-defined region-of-interest. values ofv,.. ; in our experiments. Fig. 6 illustrates a simple ex-

4The surface-area of the object is defined as the total number of pixels wittdmple. By selecting the reference vector td[(bb()], the shape

the actual object o _ _ _ description obtained by the gradient vector flow snake model
SFor perfect shape descriptions, the normalized perimeter is equal to one,

the normalized surface-area is also equal to one, and the normalized nuntbeing the imagc_a Bsein the opponent color _Spa_ce and the an-
of missed pixels is equal to zero. gular map{#; } is more accurate than that in Fig. 5(c). In the
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Ve (AT Veep = [0 11 Yoy = [L 11 TABLE Il

THE NORMALIZED NUMBER N OF MISSED PIXELS FOR THE SNAKE OBJECTS
OBTAINED USING THE ANGULAR MAP {65} GIVEN BY (3), DIFFERENT

REFERENCEVECTORS THE GRADIENT VECTORFLOW SNAKE MODEL, AND
THE IMAGES BREAM AND ROSE IN (3), THE VALUES OF 6>, HAVE BEEN

COMPUTED USING THE VECTORSV . ; AND Vcan, WHERE V,pcqr IS THE

MEAN VECTOR OFEACH OF THE IMAGES. THE VECTORSINCLUDED IN THE

TABLE HAVE ALreapy BEEN NORMALIZED

| nEe W fegemoe wector
vo U LS T wr — LT 0 vy = [0

i = 442 By = L] ity = [.0H;
BREAM &= il N = ALGh & = (LI

i

Fig. 6. Performance of the gradient vector flow snake in the opponent co

space using (a) the angular mgga } given by (2) and (b) the angular még, } vy w3074 vy = JLT 04 0] ""1' Al
given by (3), and the color imaged2e The snakes are superimposed over th| “: '! :"_' o= “-_'!" ty = I
original image. Hose A = (.21 A =il &= T
£ o =

) AN Hems AN H a3 Ha M HUE |

b 1] Oppoeenl F . Shppamend |

% e I I I é - I ? I I |

= i E ) |
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2 o | ] Fig 4 2 . 1] [ 4I )

Al IR N L P e i R
B ol EAE ki TABLE IV

CPU TiME [SEC] REQUIRED BY THE COMPUTATION OF {61}, {62}, DISTANCE
Ia L} POTENTIAL FORCES ANDGRADIENT VECTORFLOW FORCES USING A 664
MHz PenTiuM Il PC. NOTATIONS {6} AND {62} STAND FOR THE
Fig. 7. Normalized number of missed pixels for the snake boundary ANGULAR MAPSGIVEN BY (2) AND (3), RESPECTIVELY, ROl DENOTES

descriptions of the objects (a)eScuLL and (b) RoSg when the reference A USER SPECIFIED REGION-OF-INTEREST

vector is selected as in Fig. 4, or as the dominant color. The angulaf éadp

and the gradient vector flow snake model have been employed. CPU time for computing [| 256 x 256 image || 185 x 185 ROI
Angular map {61} 171.14 11.77
Angular map {62} 348.16 52.38

RGB and normalized RGB color spaces, the numbers of missed
pixels are also consistently reduced by selecting the reference
vector as the dominant color, as Fig. 7 illustrates for the images
Roseand EAGuULL. Similar results hold for shape descriptions
obtained using the angular mé&g }. For this angular map and specified region-of-interest. As Table IV also shows, the CPU
selections of the reference vector which are close to the mdame required by the computation of the angular map values
vector of the image, the resulting shape descriptions and floe a typical region-of-interest employed in our experiments
normalized numbers of missed pixels are included in Table Idecreases significantly as compared to that required by its
Clearly, the reference vectors andv., which are the closest computation using the entire image, again in favor of the
to the mean vectors of the imagegBw and ROSE respec- angular map{6; }. Moreover, the CPU time required by the
tively, yield angular maps which in turn, lead to the most acc@gomputation of the distance potential forces and gradient vector
rate shape descriptions of those included in the table. Finalligw forces for a region-of-interest is approximately the same,
we note that, even when the reference vector is selected indbierefore the selection of either of the two snake models has
rectly$ as in the right-most column of Fig. 6, the resulting shagbe same impact on the proposed method.
description still matches partially the object boundaries.

The CPU times required by the computation of the angul&:. Discussion

maps {¢, } and {,}, distance potential forces and gradient | this section, we comment on the accuracy, flexibility, and
vector flow forces, respectively, for a typical image of sizgomputational demands of our proposed method. The accuracy
equal t0256 x 256 pixels, are included in Table IV. For of the resulting object shape description depends on the se-
such an image size, the computation of the angular f#ap |ection of the angular map, color space, reference vector, and
is approximately two times faster than that of the angulahske model. In terms of accuracy, both angular nféps and

map {f,}. We note that, in numerous applications, such ag,1 yield good descriptions of the object shape. The results ob-
color-based image retrieval using angular distance measukgfed using the angular mgp; }, however, outperform those
the angular map may be already available. When the angWgtained using the angular maf, }. This is motivated by the
map is not available, however, it is efficient as well as sufficieqs that, the values df9,} are weighted angle values. By con-
(especially for medium to large images) to compute it within gast, the values of6;} are angle values without weighting.

SFor images represented in the opponent color space, the RG and BY cénnsequently{6, } |nd|caFes_ more visibly the color changes.
ponents are mutually exclusive [20]. As such, for shape description purposes, the angular{fgp

Distance potential forces 131.11 24.72
GVF forces 45.97 26.50
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should be selected, whereas for other applications which makee selection of the angular mdg; } yields higher speed of

use of the anglandthe magnitude of the color vectors, such asur proposed method, than that of the angular gtap. More-

color-shape-based image retrievi; } should be employed. over, when viewed in a general sense, as the application of a
The selection of images represented in the RGB and norm@iknsform to a color image, the computation of the angular map

ized RGB color spaces yields similar shape descriptions whgen by (2) or (3) also requires less computational resources

using the same angular map. This is motivated by the fact thitan color space transforms such as RGB to HSV, or RGB to

the orientation of the vectors corresponding to the color image$ELAB [13].

represented in these color spaces is essentially the same. When

the images are represented in the opponent color space, the re- V.. CONCLUSIONS

sulting shape descriptions outperform those obtained using theiN h q | dri K thod f
same images represented in the RGB and normalized RGB C(;Ib% € have proposed an anguiar-map driven shake metnod for

spaces. This is motivated by the fact that, the opponent co ject shape description in colorimages. By making use of color

space contains less redundahaythe color channels than thatnTormation and the abilities of selected (distance or gradient

of each of the other two color spaces, and color changes in terYﬁgFg.r flow)l snake m(t)delsf, our metlhod és hlghlty etffectlve(.j By
of angle are more visible in separate color image planes. avoiding color space transforms, color €dge detection, and pro-

The selection of the reference vector as a dominant colorQﬁssmg of multiple coIor. planes, and by “S"?g snake models that
the image led to accurate descriptions of the object shapesc?ﬂ1 be als_o_ applied to b|_-IeveI or gray-level images, our m_eth(_)d
gglso efficient. By making use of an angular map which is ei-

our experiments. Moreover, as illustrated in Fig. 3, where eith abl b ted | . . f
the upper or the lower sections of the circle object boundari r avarlable or may be computed easily using various reter-
e vectors, our method is flexible. As such, the proposed an-

is described better, partially accurate and partially coarse sh§ ' : :
Wlar-map drive snake method is well suited to numerous ap-

descriptions of the object have also been obtained. All of th . . : Lo .
selections of the reference vector requirgriori knowledge re- plications that require object shape description in color images,
Hjcluding image database retrieval and medical imaging.

garding the color content of the image. Medical imaging app
cations may especially make use of this information for shape
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