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Abstract

A framework for color image segmentation is preséntvhich combines color histogram analysis anéreg
merging approach. Its main goal is to segment agerat material boundaries (i.e., discontinuitibsefiectance
properties) while ignoring spatial color inhomogiies of uniformly pigmented (colored) objects, sad by
accidents of illumination and viewing geometry. dregical examination of light spectrum transforraai upon
light reflection from material surfaces and upon intécactvith a sensor system shows that in a wide taié
viewed scenes (even containing interreflections faigéilight areas) uniformly pigmented objects arejgcted to
the color space of the sensor as planar, linegppmt-like clusters, depending on lighting andwiigg conditions
and object geometry. To detect such clusters ircther space, three methods are suggested: Geametdtiough
Transform method, gradient descent method, andneggptors method. A framework algorithm of color
segmentation based on region merging approachvislajged, which can use any of these methods. Tehiis

algorithm with both artificially generated and réabges shows quite reliable results.
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1. Introduction

Static image color segmentation (CS) is used in ynemmputer vision applications, such as object
recognition, motion analysis, image compression, as the first step of automatic image processihg majority
of those methods proposed for the delineation géatb in an image are based on the observation theat
boundaries of objects in a scene tend to produagabiscontinuities of brightness or chromatiditythe image [1].
However, there are many types of physical effettdéwed scenes (shadows, highlights, interrefbesti as well as
abrupt changes of object surface orientation), wtdause changes of image brightness or (to a |leksgee)
chromaticity, whose edges do not coincide withdbgct boundaries. For this reason, gradient-b&®adnethods
usually result in oversegmentation of the imageiandrrect delineation of the object areas.

To solve these problems (i.e. to extract the obpeetndary information from an image containing esce
details), some image analysis methods, based angtakto account physical effects in the scene,ehbeen
developed as both more reliable and more promigiots than traditional approaches are [2-9]. Imgiple, the
physics-based models require a priori knowledgeubome key features of the scene (e.g., the nuwibkght
sources and the characteristics of the objectsjieder, such information is often inaccessible, tneefore the CS
task is, in the general case, an ill-posed problem.

Here we present a CS algorithm based on a linearyhof spectral stimulus formation, which summesiz
some general geometrical rules of representingctdbje the color space (CSp) of the sensor [2-d¢hSa model
was first considered by P. Nikolayev for a few typd scenes of different complexity and was namedn&-M
theory [2, see also 6 for a summary of Nikolayeafgproach]. Shafer's model, called a “Dichromatiteicion
model” [4, 7], can be considered as a particulaeaaf the more general Nikolayev's model [6]. Timedr model
treats CS as splitting an image into regions cpaeding to object parts that differ in coloratiaaining). It shows
that the CS task is well-posed and solvable unddain limitations imposed on the scene complefése below).
Most real scenes meet these requirements. Ther lithemry reduces the CS task to the detection rdali
submanifolds in the CSp but does not provide a atetbr solving the latter task. In this paper, wepgmse such a
method as well as demonstrate the applicabilitthefgeneral approach to object selection and seigiem of real
images.

The paper is organized as follows. In Section Zyspal motivation of the generalized linear theardy
spectral stimulus formation is given. Also in teexction, the shapes of color clusters for a mutireal image in the

CSp of the sensor are predicted in accordance edtitlusions of the linear theory. In Section 3, thek
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classification of linear submanifolds in the CSmigen and a theoretical background for using #diced CSp to
simplify detecting linear submanifolds is considkri Section 4, linear cluster detection algorishane described.
Section 5 presents the color version of waterstesedh presegmentation algorithm. In Section 6, megerging

color segmentation algorithm based on detectinditiear submanifolds in the CSp is described. $acti presents

some results on color segmentation for simulatedraal images and a discussion of these results.

2. A linear theory of spectral stimulus formation

The linear theory of spectral stimulus formatiorpessses the overall reflection from a material anef
(spectral stimulus) in terms of the sum of diffdareomponents of reflection. Such a form has beenddo be very
suitable for a number of computer vision applicasioThe model is based on three main assumptians. F
assumption is that the spectral radiance of illants is separable, i.e. can be factored into atrgpeznd a
geometric part. Second, we suppose that nonlinpéicad effects are negligible upon light propagatiand
reflection. The third assumption is that the bieditonal reflectance distribution function (BRDH) an object
surface [10] either does not change its shape whemwavelength of the incident ray changes or @arebresented
as a sum of such functions. The meaning of thesgngstions will be expanded below.

To analyze the structure of a spectral stimulugster its formation. The light flux giving rise Boscene
image is emitted by light sources, propagatestrargsparent medium, and is scattered by objecasesf(Fig. 1). In

the general case, a light source can be deterrbipélte spectral radiance:
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Here dP is the total power of radiation with wavelengtasging fromA to A +dA , which is emitted by S
area of the source, located in the vicinity of pdin, in the direction defined byi,, within the solid angledc;
while fig,; is the normal vector to the aredS. If omitting a rare and complicated situation withe radiation

spectrum of the source continuously depends ormatigée of observation or the point of emission (ia tase of a
discrete dependence, one may consider such a sasreesuperposition of a few “simple” light soujcabe

distribution of the spectral radiance can be reéamitis

B,(A.7. i) = SA)B(F. ), [ =1, [S(A)dA =1. (1b)
0
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Here B(F, ﬁout) is the integral radiance, anS(A) is its relative spectral distribution (Fig. 1). rdaafter, when

considering several sources, we will assume ttet gpectral distributions are linearly independ@titerwise they
can be represented by a superposition of a fewmbauof “simple” sources).

It is worth noting that when calculating the irradce of the surface of a scene object, one oft@stato
account only the irradiance directly produced lgitisources. But, in some cases, secondary illtinmaroduced
by light reflected from the same or another surféme interreflections) must not be ignored. Thisxoerns, for
example, narrow and deep folds, where illuminattomainly produced by secondary light sources. Aaptiomain
of interreflections: interior lighting design. Inraom with light-colored walls, mutual illuminaticaccounts for at
least 20% of integral lighting. However, in manyses, similar to the latter, contribution of intdleetions in
illumination can be equated to the additional difichromatic source.

Let us now generally describe the reflective prtperof those objects building up the viewed scehe.

omitting nonlinear optical effects, the surfaceanf object can be characterized by a spectral BREBRDF),

f, (A,F, ﬁm,ﬁom), (see [10], p.31), which defines the ratio of spectral radiance of the surface to its irradiance

for the wavelength range from to A +dA and for every poinf of the object surface, when illuminated along
the directionn,, and viewed along the directidf, (Fig. 1).

It is usually assumed [4, 5, 11, 12] that lighteefed from many types of material surfaces inctuseme
primary components: 1) light that once speculadffects off the interface between air and a smaota of a
material surface; 2) light that many times spedulegflects off the micro details of a rough ingeé€; 3) light that
passes through objects, is multiply refracted airthurfaces, is partially absorbed inside thend, dimally, gets
back into air. The component of reflection arisirgm mechanisms 2 and 3 is usually called the d&faomponent
of reflection. For inhomogeneous dielectrics thatiide the majority of paints and natural coloreatearials, the
diffuse component is mostly due to the third meddrarand can be called a body component. For alplisnetal,
there is an extremely weak diffuse component décéibn. For a rough metal, the diffuse compondnteflection
arises from the second mechanism. The componegfle€tion, which originates from mechanism 1he specular
component or highlight. It is peculiar to both immageneous dielectrics and metals. Consider nowtbasescribe
all these mechanisms using the SBRDF.

If neglecting dispersion of light, the spectral gmment of the SBRDF is determined only by featafdght

absorption in different components of the surfacgemal. Assuming no particular structure of thiatemial, we
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shall consider such surfaces that show no depeadgnthe absorption spectrum upon both the incideard the
viewing angle for all the mechanisms of light alpimn. (For example, there is no such a dependepog a single
reflection and/or diffuse scattering in the bulkaofnedium). In this case, the SBRDF can be reptedday a sum of

the following structure:

f/1(A’F’ﬁin’ﬁout):Zq)k(A)ka(F’ﬁin’ﬁout)’ (2)
k

Where|ﬁin| =1; |ﬁ0ut| =1, Jfbk (A)dA =1; and fbk(/]) are linearly independent.
0

Let us call f, (F,ﬁin ,ﬁout) integral BRDFs, andP, (/1) — relative spectral distributions of the reflectan

The number of significant terms in this sum depemighe properties of the surface. Hereinafter,shall

consider only two types of surfaces: unichromdticwhich the SBRDF can be approximated as

' Hiny ' lout

f,(A,F Ry, Ay ) = @A) (F, 1, Ay, ), [Aa] =1, o =1, o](b(A)d)lzl, 3)
0

and bichromatic, for which sum (2) is approximabsdtwo terms. For example, a dielectric surfacecdiesd by a
dichromatic reflection model [4, 15], generally llaSBRDF of the bichromatic type. However, nottladl surfaces
producing highlights are bichromatic, and not alitia surfaces are unichromatic. Evidently, highlgitoducing
gray surfaces belong to unichromatic ones. Surfatesetals (including those vividly pigmented, swahgold or
copper) also well fit the unichromatic model [5]n @he other hand, a bichromatic surface shouldoratecessarily
glossy. This case corresponds, for example, torfac coated with matte flakes of two colors, sticat the
orientation distributions of the two flake typeg different.
Then, if the two main assumptions of the lineaotlierelated to the scene object surfaces are maghély,

nonlinear optical effects are absent, and the SBR&M be represented by sum (2)), then the spestiralilus
F()\,F) of a scene containing several light sources witfer@nt relative spectral distributions of radati and

several colored surfaces with different SBRDFs, lsarexpressed through a sum of several terms, lezioly the

product of a spectral and a spatial function (metections are also taken into account):

FAN) =26 ()s 0+ 2 60 (r) 5 (), (4)+
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where § (A) is the relative power spectral densityioth light source;® (1) is the k -th spectral distribution
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of the reflectance ofi-th surface; and); , . . . .« (F) are geometrical factors for a light ray emittediby

th light source and reflectedn times from surfaces,n,,...,N . These geometrical factors depend on the

integral radiance of the illuminant, the integraRBFs of the objects that form the viewed scene, amdhe
geometry of scene lighting and viewing. The finsinsin Eq. (4a) represents the component of theustisn caused
by light that directly comes from the light sourc&éhe second sum originates from light once reéldcomewhere
in the scene, the third sum concerns light refetigce, and so on.

Let us now define the rank of an object. For thisppse, consider a family of spectral functidis whose

elements are differences between the spectral lsfiram each point of the object and the specttiahglus from an
arbitrarily fixed pointf, also belonging to the objecf2 ={F(/] ,F) - F(/] N )} . Assume that the rank d® in

the linear space of the relative spectral functisri3. Then Eq. (4a) can be rewritten as:
F(AF)=g. M (4)+3 g, (F) M, (4). (4b)

where{Mi (/1)} is the linear basis of2, M C(/1) is orthogonal to this basis (j, is not zero). Here we assume

that if the rank ofQ is zero, there are no terms depending’oim Eq. (4b).
It can be seen from Eq. (4b) that the spectraluitij(A) from each point of the object is an element of

an n-dimensional linear submanifold of the spectralction space. This dimensiamis exactly the rank of the
object in the given scene, which we are now definin

Thus, the ranks allow one to classify the scenedygccording to the complexity of mathematical nede
describing them. Rank 0 distribution of the spédtianuli is produced, for example, by a non-coreawiformly
colored (regardless of the number of terms in egjpen(2)) surface illuminated by a diffuse lightusce. A non-
concave bichromatic surface illuminated by a sirgitese light source corresponds to rank 2. The gamie 2 also
describes a unichromatic non-concave surface iftateid by two close light sources. Thus, the rankrobbject
depends both on the type of its surface and ondhditions of illumination and viewing.

An appropriate analysis shows that, in the geneaak (with an arbitrary number of the summand®), th
linear models adequately describe a wide rangédjefcts and scenes, and that many objects in lieadistnes have
ranks lower than 3 [see below and also Refs. 2-83% The linear theory has been tested experiatignver a

wide range of materials, and it is shown to be @dgapproximation in many cases [5, 14, 15].
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If the reflected light field is imaged onto a semsat each point(x, y) of the image field the sensor

transforms the spectral stimulus determined by(&gjinto a vector-stimulusé(x, y) :

00

a(x,y)= [F(AF(0y))Dr(a)da, (5)

0

where /Y(A) is the vector of the spectral sensitivities ofssgrinputs (this vector is 3-dimentional for “hurrlice”
sensors). Sensor-induced nonlinear distortions neglected here, because they can be eliminatedriyyep
calibration [7].

Thus, the sensor projects the stimulus from a Hilgace of spectra onto Akhdimensional space of vector-
stimuli (N-dimensional CSp) (Fig. 1). This projection stagi¢hie one limiting the rank of the scene objects tan
be analyzed by means of the linear theory. Onltyhéf rank is lower then the CSp dimension, the spoading

color distribution has distinctive linear featutiesthe CSp. As it also follows from (5), the imafggmed is not

affected by the spectral features of tFre(/] ,F) stimulus within those spectral ranges where a&ldbmponents of

the X(A) vector are close to zero. Thus, all the above-ioeetl requirements of the linear theory should le¢ m

only within the spectral range the sensor is captibtetect.

Figure 2 shows examples of RGB color histogrami(adistributions) for simulated and real objectipes.
In accordance with predictions of the linear theding vector-stimuli corresponding to the objetisven fill up the
CSp with linear and planar clusters. Clearly, m@@br distributions do not fit lines or planes selmas simulated
ones do. But nevertheless, in the general case) thlgescene contains objects with ranks not exogezli the color
histograms of the objects (distorted by a noise)rapresented in the 3D CSp by separate compatedurank 0),
rod-like clusters (rank 1), or clusters having fitven of thin planar layers (rank 2). For all thesses, the CSp does
not contain sufficiently large volumetric clustésit would correspond to uniformly pigmented olgect

Thus, the problem of object-based CS is to find sbe of all the pixels belonging to a single umnifiby
pigmented object. Taking into account the conchisiof the linear theory and using the color histogg, it is
possible to reformulate this problem in the follagiform: in order to segment the image, it is efotoggdecompose

the color histogram of the image into point-likeghar and planar distributions.
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3. Rank classification and reduction of the color space

It is obvious that the performance of any algoritbindetecting linear submanifolds in an N-dimenalon
space increases as N decreases (for a fixed nespioteach dimension). In this section, we shalindnstrate that
for some types of scenes, the corresponding licleaters can be detected in a 2D or even 1D spdteh makes it
possible to considerably speed up the segmentatmapecify these types of scenes, we will havetime our rank
classification and associate it with physical psses that occur in the scene.

According to our definition, the rank of a clusisrthe dimensionality of the minimal linear subnialu
containing this cluster. Consider now the locatidrihis submanifold in the CSp of the sensor. Ak following
considerations remain correct for an arbitrary 3fedr CSp. However, for the sake of definiteness, shall
consider the RGB CSp.

Without loss of generality it can be assumed that the following condition will be met for all ssor

channels:

[x(A)dr=1. (6)
0

For any sensor that does not satisfy conditiony@)can always go over to the equivalent sensasfgaly

it, by means of CSp scaling. For such sensors fiketsal stimulus from the equal-energy illuminalaigs on the
main diagonal of the CSp. Under equal-energy ilhamis we will assume illuminants witS(/l) = const for the

whole spectral range the sensor is capable to tdéteceinafter such illuminants will be called ammatic, and the
main diagonal of the CSp — achromatic axis.

Let us define the following notation: if the lineaubmanifold includes at least one “achromatic’npoi

(& = a, # 0) or it is parallel to the achromatic axis (i.¢includes an infinitely distant “achromatic” poinsuffix
“a” is added to the rank of the cluster; if theelim submanifold includes a “black” poing(=0), suffix “b” is

added to the rank of the cluster; if the linearrsahifold includes only “chromatic” points{ # aj) and is not

parallel to the achromatic axis, suffix “c” is add® the rank of the cluster. Then, taking intocaot that earlier we
confined our considerations to scenes with randen f0 to 2, the new rank classification is a set@fanks: @, 0,

Oc L, 1o 1o 1, 2o, 2, and 2, (Fig. 3). Clusters of the,Qrank do not exist for apparent reason: a poinhctbe
located in two different places simultaneously. fEhare no clusters of the gank in the 3D space as well: a plane

not crossing the achromatic axis is parallel tauit] therefore it belongs to thgrank.
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That we unify the cases of crossing and parallelsponnected to the fact that such cases corresjothe
scenes of the same type (or, more precisely, taoyraipulations are required to define a sceneftirats clusters
of only one of these two cases). In addition, agilitbecome evident below, such clusters are imtsiishable with
respect to the CSp reduction. We would like tossttdat our classification concerns not a clussedfibut a linear
submanifold spanned by this cluster. For exampltank 1 cluster itself not necessarily includes a “blapkint.

Table 1 gives some examples of scenes, accorditttetolassification defined above (there are mahgro
examples for each of the ranks). As it can be demm the table, different ranks of clusters cormsp to
sufficiently different types of scenes. Thus, thd@rdaduced classification includes 10 types of ssetimat
significantly differ in physical characteristics @bjects and light sources.

Consider the projection of the 3D CSp onto a stedathromaticity plane [8, 16]. There are a numter
ways of defining the chromaticity plane. We havessn the following one:

o _2B-(R+G)
¢ R+G+B

5 =¥8HUR-C) v
° R+G+B

where (a’c,,BC) are the coordinates of the projection of (H%G, B) point onto the chromaticity plane.

Eqg. (7) is a central projection transformation d3[a space onto a plane. Therefore, in the commeas, da
maps points to points and lines to lines (Fig. 4@ajs also evident that any plane passing throtighprojection
center (the “black” point) is mapped to a line. $hifia scene contains no regions of rapktBe “black” point) and
rank 2, (a plane that does not pass through the “blackitpothe projections of all the clusters onto thlane
(ac,,Bc) are either points or lines. This makes it possioledetect clusters of most ranks rather in the 2D
chromaticity space than in the 3D RGB space.

Consider now the behavior of the so-called hueinAke previous case, there is arbitrariness irdéfenition
of this color characteristic. Let us define the hfigand saturatiors., as follows:

6, = arcta{ﬁj = arctarE\/3_ E—Ii]
a, 2B-(R+G)

JR?+G?+B?-RIG-RB-GB
s, =ai+ B’ =
C C ﬂC R+G+B

(8)
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Note that the domain of, is from — 7T/2 to 77/2 and so-called complementary colors are charaetdriz

by the same value qﬁc. It can be easily shown that definition (8) impliat the hue of all the points of a cluster

is the same for clusters of rank @, 1, and 2, (Fig. 4b). This allows us to reduce the problendetiecting these
clusters to finding spikes in a hue histogram.

Thus, for the scenes corresponding to 8 of theab®s, which the method of finding linear submaiigoin

the (R,G, B) space can be applied to, there is no need in zinglyhe whole 3D CSp as the distribution of pixels

in the (ac,,Bc) space is also linear. Moreover, for 4 of the rafilable 2) it is enough to simply examine the hue

distribution. Note that if we consider only sceméth achromatic sources and neglect chromatic xefiethe whole
variety of scenes reduces to scenes that formretbastant-hue clusters or clusters that entir@yadn the
achromatic axis. For these cases, we can confirselves to analyzing one-dimensional distributionky.

The main drawbacks of the CSp reduction define&dpy. (7) and (8) are the decrease in the numbsresfe
types suitable for processing and considerables&ging” of those clusters occupying the region®wfbrightness
(for both cases) or low saturation (for the hueefaSometimes the reduction may even cause soneneegion.
For example, two rank O clusters that can be easiparated in the RGB space may have no differenbee. It
should be noted that some earlier works on scegmaesatation and color constancy did introduce CS8jpiggon for
simplifying computations [8, 16-18]. However, thégproach had no detailed theoretical background, the
guestion about CSps most suitable for CS was sftéred heuristically.

It might seem that the classification that we haweoduced is not very practical because there rare
achromatic illuminants in the real world. Note, lewsr, that the difference between achromatic andncatic
spectra of the illuminants is quantitative, notlgative. If the deviation of the illuminant spegtn from the model
spectrum of the achromatic illuminant is not veigngicant, it will result in just some cluster sgading after the
CSp reduction. In any case, all kinds of noiseaesent on the processed images, and one shoukkpett that
the clusters will look like extremely narrow pealkhie methods of linear submanifold detection offebelow are
not only noise-resistant, but also can persistrtheitable distortions caused by the imperfectibthe real world.

Note that CSp reduction by one or two dimensions lba similarly performed in a CSp of a higher

dimensionality.
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4. Detection of linear submanifolds

So, decomposing a color image histogram into limeadel distributions (further in this section, weah call
them cluster models or, even simpler, models)asthy to segment the image. Then, let us definenpaterization

of these models and methods for their detectiadhercolor distribution of the image.

A model cluster of rank 0 is defined as pojatof the CSp. The squared discrepancy between ageiipixel

with color coordinates; and the model is the following:

2(a Y= (R —=\2
pi(p)=(p - p). (%)
A model cluster of rank 1 is defined by a straitihé- equation written in its canonical form. Thagaeters
of the model are the coordinates of pofdt, which this line passes through, and the coordaf vectorV that

determines the direction of the line. Not all otk coordinates are independent. The connectiovebetthem is

usually defined by two condition&® =1 and PV =0. Then, the squared dis;crepanq.gﬁ(f)i ) between image

pixel P, and the model is the following:

pi(p)=(p -0 -(p I). (9b)

A model cluster of rank 2 is defined by the normalation of a plane. The parameters of the modether
coordinates of a vectof] , which is normal to this plane, and the distarde between the plane and the coordinate
origin. Only the direction of vecton is important, so we may require thef =1 without sacrificing generality.
Then, the squared discrepancy between an imagk [fixeand the model is the following:
p:(p;)=(p m-d)". (90)

We tested several different methods for determimagameters of the model that optimally descriltes t
cluster of known rank formed in the CSp by the pbe&t {E)l} These are the least-squares method, Generalized

Hough Transform (GHT) method, and gradient desoethod, the first being the simplest one.
The least-squares method implies finding the mimm{in the space of the parameters of the modethef

root-mean-square discrepancy:

: (10)
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where N is the number of pixels in the séf)l} In this case, the problem of finding the optimaddel is reduced

to linear regression that yields an analytical Sotu

For a point, the solution is

LN

n-

P
p="—; (11a)
n
for a line, we obtain
n-1
P,
p= =0 y= VA (11b)
n
while the solution for a plane is the following:
n-1
P,
= = —_= ':0
n—vmin,d—nE-lT. (11c)
Here,V,;, andV_,, are the eigenvectors of matrix
n-1 n-1
n-1 Z pl Z pl
M; :Z P~ || P~ (12)
k=0 n n

i i
which correspond to the minimum and the maximunemiglue of this matrix, respectively. The eigenealand
eigenvectors of the square matrix with rank 4 erdocan be found analytically.

The eigenvector method is robust with respectrioranally distributed noise. However, it is very sigire to
the presence of noise spikes in the analyzed ldigtoin. Such a noise can appear during the segti@ntdor
example, when a segment captures a pixel belongiagdifferent object. This drawback is not inhérenthe GHT
method [19-21]. The GHT method allows one to piokaf the input dataset those elements well fitsogne model
and to determine the parameters of this model.tlierpurpose, the model parameter space is samghedeach
element of the input dataset “votes” for such a loimation of the parameters, which makes the elerfietie
model (as a rule, there are several such combigtioThe parameter combination accumulated the mani
number of votes is considered as optimal for thputirdataset, while the elements voted for this doatton are
considered as well described by the model (Figsarib 5¢). In our case, the number of votes corredipg to a

given parameter combination can be expressed as:
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Vi :ZQ(P,-(Q )) (13a)
0,0>4p : . o

where g(p) = ; Ap is the sampling period; ands the rank of the model.
Lpshp

To suppress noises, which are especially critid@@mthe setp, is scanty, we used Gaussian smoothing of

the above distribution in the parameter space. iBhéjuivalent to substituting the vote functionkaf. (13a) with

the following one:

Iojz(pl)
e

vV, :Zexp - , (13b)

where 0 is a parameter determining the smoothing level.

To find the maximum of the vote function, we usether an exhaustive search in the discrete space of
parameters of model (which is exactly the GHT)har gradient descent method. The latter method shrfaster
then the GHT and requires no parameter space sagnflherefore, it can provide more accurate restite main
drawback of the gradient descent method is thaiitires the knowledge of an initial approximatibncase of the
inadequate initial approximation, the method does guarantee the convergence to the global optirnfirthe
approximation. The final choice on the method stidoé done taking into account the information abkiat
hardware that will be used for processing. Foma-firained parallel computer system, the best rdetith be the
GHT method, which can be easily implemented on syskems [21]. However, for serial systems, thisho@ does
not suit well because of a large amount of compnat This amount can be lowered using color spadaction:
the dimension of the Hough space for a rapl3 cluster is four, while for a 2D one it is ontywo (in the
chromaticity space). In the case when the GHT ntethmes not provide necessary performance even adter
space reduction, we suggest to use the gradiecedesmethod with the initial approximation calcelitby the
eigenvector method. The raw eigenvector methotidsfastest one, but it cannot provide good resuitsn spike
noise is present (Fig. 5a). There are also othitenanore effective than gradient descent, iteeativethods of
approximation of the experimental distributions, iftstance, those used in the robust regressi&{22$. However
these methods suffer from the same shortcomingpesnethod of gradient descent — the lack of gugrahthe
convergence to the global optimum under inadedquittal approximation.

All the above methods can be applied to the orlg@fBp as well as to the distribution on the chroaitgt

plane. As for the analysis of the hue distributityg peculiarities appear. First, in this casedtserepancy should
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be calculated modula?, that is: o) (@, ) = min0¢i - ¢|,IT—|¢i - ¢|) Second, no averaging is defined for hue,

therefore either exhaustive search or gradientedgsoethods should be applied to find a model efust

The problem of implementing the linear submanifdédection as an algorithm of color segmentatiotinad
the color distributions of objects geometricallyparated in the image may substantially overlapha €Sp. The
opposite case also occurs, when the color distobuassociated with a single object has the shdpseweral
spatially separated subclusters (for example,dfdhject has ribs — Figs. 2a and 2e). Therefore athorithms of
CSp clusterization do not always yield perfect itssif the geometrical coordinates of pixels areitted.
Obviously, to overcome this difficulty, we shoultb@ take into account the relative arrangementixélp in the
image plane. One of the possible solutions is doiece the CS task to the decomposition of the dakiogram into
model distributions that correspond only to conedgegions of the image.

Thus, the task of object segmentation implies figdsuch simply connected domains that all the pixél
each domain match the model of the object (witheda accuracy), while those pixels neighboringhwthis
domain do not match the model even roughly. We décribe an algorithm that solves this task infthiewing
two sections. The proposed algorithm includes ttemes. At the first stage, the algorithm performigial fine-
grained segmentation of the image (Section 5)hAtsecond stage, it builds a correct segmentatag applying a
region merging method to the fine-grained segmamanap with the use of linear cluster detectiortha CSp

(Section 6).

5. Preliminary image segmentation

The goal of the preliminary image segmentatioroiseduce the number of entities that should begssed
by the main algorithm. So, the preliminary procegsinay not produce correct segmentation map itgefimage
can be oversegmented, but the pixels belongingffereint objects should not be merged into one ssgnfor such
initial partition of the image, we propose a colersion of a watershed segmentation algorithm. déseription of
the watershed algorithm for monochromatic imagersagation can be found in [23, 24]. The main pegeubf the
watershed approach is that each segment contagnarahonly one local minimum of some edge-detaetsponse
and gradient descent from any pixel of the segreamts to this minimum. In other words, segment blavies pass
along the “ridges” of the edge-detector responseh(goint of the boundary is a point of local maximof the

response, lying on the line normal to the boundary)
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The simplest but nevertheless effective choicehenedge-detector response for monochromatic imeges
intensity gradient magnitude. This value charazearithe rate of the scalar function change in thexiibn of the
maximum change, and thus allows to distinguish @étige of any orientation. However, the classicadignrat
operator can be applied only to scalar fields, tootector ones (a color image is an example oflakier). This

problem is often solved using the gradient of seg®ar function of the color vector, for exampleensity
1 n
(%) =D Ci(x.%,). (14)
i=1

where C, (Xl, X2) are the color components of the imade,is the number of color components (3, in our case)

However, for any edge detector of that sort thetistepairs of colors that are very dissimilar iret@Sp but
indistinguishable by this edge detector. For instaintensity edge detector is insensible to abiyrlarge changes
of the chromaticity. This shortcoming is missingtie vector analog of gradient, suggested in [2%]fs is an
operator on the vector field characterizing thesaif the vector function change in the directiohthe maximum
and minimum change. It can be demonstrated thaditestions of the maximum and minimum change & th

argument will be ortogonal, and the values of clearages will be equal to the eigenvalues of theimatby 2:

Z-AE[=0=24, =

Z11 + Z22 + \/(21;_ Z22)2 +4 D:lzz where (15)

[ 0C oC,
z' ] = — ’ —t ’ X .
w0 %) ;[axj (% xz)]Eﬁaxk (% Z)J
Here, E — identity matrix 2 by 2, is rate of the function change in the directiorti@ maximum change. Let

A, is called magnitude of a “color gradient” by argylonith magnitude of classical gradiend. is rate of the

function change in the direction of the minimum @ For ideal boundaries, changes of the colorpocments

A A
C, (X, y) are spatially matched, ang— = 0. However, at some points the=— may be high (such situations are

+ +

A
usually caused by noise). One could say that is the “uncertainty” of the calculated gradientgniude

+

( pz(h> )). It is clear that point with the lowest “uncensi’ is the best edge candidate among points wiéh t

sameA, , so it is wrong to usel, as edge-detector response while ignoring valud ofTo overcome this, we use



17

A, —A_ instead, as suggested in [26]. Note that in thsecaf a monochromatic imagenE1l),

aC . AV .[0C. )
A= (— (X, y)j +(— (X, y)j and A_ =0, so the “color gradient” turns into the classigeddient.

ToLox ay

In most cases, the watershed transform leads tcsegmentation. This is due to high sensitivity loé t
algorithm to edge-detector response variations. filmaber of segmented regions can be controlledppyying
Gaussian blurring with some standard deviat@nright before computing the watershed transfornshibuld be
noted that although an increasednh reduces the oversegmentation, at the same tiieréases the probability of
losing object boundaries and the degree of boundiatgrtion [27]. The final choice on the value @f should be
based on estimating the noise level on the origmabe.

Examples of watershed segmentation using the go&atient are presented in Figs. 7b and 8b. Of egting
image is oversegmented. Nevertheless, this resaltéeptable for us since there are no lost boigsdand now we
should process rather small segments than singédspiAs a result, the number of the entities twcpss is reduced

by a factor of several tens.

6. Linear segmentation using a region merging technique

A region merging technique is widely used for obgagmentation purposes [24, 28]. Usually, imada da
rearranged for this technique in the form of a wagadjacency graph (RAG), where each node of tlaphgr
represents a segment of the image and containsea#ssary information about this segment. Two nades
connected by an edge if and only if the correspundiegments are adjacent. A weight is assigne@db edge,
which characterizes the difference between thegmests in the properties the segmentation deals. \Riegion
merging implies successively merging those nodespainnected by the edge having the smallest weidhis is
followed by refreshing the adjacent region of thrapdp. As a rule, the merging procedure is stopphdmthe
weight of the minimum-weight edge exceeds somestioiel. The quality of segmentation is determinedthsy
choice of the weight function and (to a lesser depby the threshold level. Let us show how towdate both the
weights and the threshold level on the basis ofittear theory presented above.

At the current stage of processing the scene, wea@dy have a preliminary segmentation map obtained
through the watershed segmentation. All the piaény segment of this map belong to the same umifocolored

object, but the objects are, as a rule, split #g&eeral segments. Our goal is now to build thd Begmentation map,
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using the preliminary map. In the final map, anjfanmly colored object or a uniformly colored regiof an object
should produce a single segment, its boundary mbimgcwith that of the object or the region.

For the following analysis, it is convenient to idefa new characteristic called the model discrepaf a
segment. The rang model discrepancy of segmestis the standard deviation of the pixels of segrsdram the
optimal model cluster of ranl , which is calculated for segmesiby any of the methods discussed in Section 4. Of
course, the method applied should be the samdl filveassegments.

Suppose now that all the uniformly colored regiofighe original image have the same known rapk
Then, the final segmentation map, which is sought $hould have the following properties. Firstclegegment
should be well described by a model cluster of rgnkwith the model discrepancy comparable with thet-roean-
square level of noise on the image). Second, agipmebeing the composition of any two neighboriegraents
could be described by no model cluster (the moerepancy considerably exceeds the noise level).

Such a map can be obtained by the region merguitmigue if set the weight of each edge proportidoal

the model discrepancy of the region consistindneffair of the segments connected by this edgesXanple:

Zk:piz(pk,i)"'zpjz(r)l,i)
d[k,]=1-2 n+r']=1 , (16a)
| k

whered [k,l] is the weight of the edge that connects the nodeesponding to segmenks and | ; | is the rank
of the model distribution;0; ([3) is the deviation of pixelp from the ideal model for the region joining segisen
k andl; p,, is pixel y of segmentx; and n, is the total number of pixels in segmext

However, weight function (11a) has a considerabtavbdack: the value odj [k,l] can be small not due to

proximity of the color properties of the two segrsebut due to the fact that the first segment ismlarger than
the second and the color distribution of the fissttlose to the ideal one. This drawback can bmiedited by
substituting the segments used to calculate the adgght with segments equivalent to these in #reses of their

relative distribution in CSp but having equalizedas:

Zk;piz(rok,i) ZP?(QJ
d k] =12 +2L , (16b)
J nk nl
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Here, a sum of normalized distributions of segmdatand| is used as the input for determining the modedtelu
Each distribution is normalized to the number aifs in the corresponding segment.

The region merging using weight function (11b) ggefood results when both the noise level andahk of
the image objects (the same for all the objects)kapwn. Indeed, in most practical applications, aerage level
of noise can be estimated. However, the secondrgn (about the ranks) hardly matches the readlitions. Let
us now describe the algorithm for the case whemaveot know the ranks of the uniformly colored aitgein the
scene.

The idea is that region merging with a weight fimetof ranki does not destroy the boundaries of a rgnk
zone, ifa=g#(. Thus, if we apply the region merging, succesgilretreasing the rank of the weight function, esarli

processing stages do not distort the latter onesgder, this does not guarantees correct segmemtgeit. Any two
points can be connected with a line, and any pamntt a line can be connected with a plane. Thutfieatatter
processing stages, there is a risk of destroyimgesocorrectly built areas of the segmentation mappievent this
from happening, we have to exclude from procesginge segments which could appear to be corremtiyd low-
rank uniformly pigmented zones of objects.

Let us now determine those properties allowing tandistinguish between the segments correctly foaind
the currents stage and the segments to be furtbeegsed. Evidently, the latter, i.e., segmentsesponding to

different zones of an object of rank after region merging with a weight function of kah (i < | ), neighbor both

on the image and in the CSp. Therefore, each aktlas at lest one neighbor connected by a edgeawitar-
threshold weight. Let us call those segments, fbicky this condition is not met, isolated segmerftsamk i .
Correctly found low-rank uniformly pigmented zorabjects will produce isolated segments of theesponding
rank.

On the other hand, such segments can be produc#tebijumination conditions. In this case, theysh
not be excluded from the further processing. Fangde, a shadow on a matte object illuminated iy dources is
an isolated segment of rank 1. However, such shagkyments have a distinctive feature: they neighiitr a
higher-rank segment, and joining them to this sedrdees not increase its rank. These segmentsecéoubhd after
all the non-isolated segments of rainlkare merged using a weight function of raink 1.

In accordance with the above ideas, the followiegnsentation scheme has been implemented for tleeotas

image objects of unknown ranks.
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1)  Applying the region merging technique with weighhétion do[k,l] and thresholdfy, comparable with
the noise level of the image.

2) Marking isolated segments of rank 0, i.e., thoggramnts for which the minimal edge Weigtlpnin (among
all the adjacent edges) considerably exceeds aic¢nresholdd . > 0, wheregg >> 0.

3) Applying the region merging technique with weighinétion dl[k,l] and thresholdd,, ignoring those
edges leading to isolated segments.

4)  Applying the region merging technique with weighmnétion dl[k,l] and thresholdg,, ignoring those
edges connecting two isolated segments.

5)  Additionally marking rank 1 isolated segments wititesholdo .

6) Applying the region merging technique with weighinétion dz[k,l] and thresholdg,, ignoring those
edges leading to isolated segments.

7) Applying the region merging technique with weighinétion dz[k,l] and thresholdg,, ignoring those
edges connecting two isolated segments.
If the thresholds,0, and O, are properly chosen, the above scheme providegatosegmentation,

avoiding the problem of determining the rank opadfic segment of the image.

It is worth noting that a number of specific tagkew applying simplified segmentation algorithnhsit use
color space reduction (see section 3). For exanfgbepcessing sequences of video frames capturgéaoloirs under
an illumination having a color temperature of 5S@EDOK (almost achromatic source), the scene beingegsed
will contain only objects of ranks 0,11, and 2, provided that the ceiling and the walls are maiwhite. For
such a task, segmentation can be done in a 1D l@fgpbing the only color axis), with prior localipa of weakly

saturated regions. For example, the following sahean be used:
1) Calculating the histogram of saturatio8. j for pixels of nonzero brightness.
2)  With the histogram calculated, determining theshodd, S, , that separates low- and high-saturation areas

of the image (according to the binarization methozposed by Otsu [29]).
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3) If the threshold determined is less than a cestaloe S, (comparable with the noise level of the image),

those regions wherg, < S, , should be considered as corresponding to achrombjécts of the scene and
should be segmented using simple flood-fill aldorit

4) Applying the region merging technique for chromatreas of the image with weight functicdb[k,l] and
threshold 0, comparable with the noise level of the image. Weeght function is calculated in the 1D

space of the hued, ). The distances0; ([3) are computed modul@ as it was described in Section 4.

However, if the room walls are colored (as a fiegproximation, this can be taken into account by
introducing a chromatic diffuse light source), #i®mve-mentioned scene might also contain objectardf 1 and
2, for which the hue is not invariant with respectilumination conditions. As a result, in such ase the
simplified algorithm no longer yields a correctuksThus, the algorithms based on hue analysisateiniversal
(see Fig. 6). Nevertheless, they are often useddg8ause of their computational simplicity and egisbustness (as
compared with those algorithms analyzing the 3@rcepace). The sub-rank classification allows #searcher to
correctly choose the segmentation algorithm at dtage of task definition. For example, in some sases

reasonable to use an intermediate option — segtiwntan the chromaticity plane [16].

7. Results and discussion

Two examples of image segmentation performed byBm&Sp algorithm are shown in Figs. 7 and 8. They
illustrate the segmentation steps and allow onestomate the quality of the result. Figure 7 presam image of a
simulated scene comprising a two-color cylindepsusied above a plane and in front of a wall. THeatb of the

scene are illuminated by two close light sourceth wifferent chromaticities. A normal white addéiwnoise was
superimposed on the ideal image. The root-meanrscpraplitude of the noise wa: 25¢ (L, .. whereL  is

the dynamic range of the image. At the stage ofprding the watershed map, the image was smoothtd awi

Gaussian filter withg =1.0. Figure 7, f shows the final result of the regimerging process for this image.
Threshold values o7, = 7¢ 4 L, andog = %2 (L, were used during the process.

A gradient descent in the model parameter spaceused as the algorithm of detecting linear clustéhe
initial estimate for this procedure was obtainedtty eigenvector method. It can be seen that segnoemdaries

follow the boundaries of uniformly colored matesidlut do not delineate those details caused bgti@ns of object
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geometry and shading. For example, the algorithmksnaut the whole bottom plane, emphasizing no rcolo
shadows on it (see also Fig. 8).

In spite of the fact that, on the whole, the res@ilgood, it is worth paying attention to a segragah flaw
visible at the bottom of the cylinder. Such artifaperiodically appear during the segmentations Thbecause the
rank of a cluster and its parameters are ill-cooaéd for small segments. We think that applyingpathms of the
region competition class [1] at the final stagefcessing could improve the result.

Fig. 8 shows the result of algorithm testing withimage obtained from a camera with unknown prigert
It can be seen that the algorithm yields a readenalsult even for a non-calibrated camera, althatighust not run
correctly when there is no linear dependence beatveespectral stimulus and the corresponding vestiorulus.
Further, we are going to accumulate statisticstlfier performance of the proposed segmentator incése of
processing real images captured by a calibrateeémnother question of our potential interesiugo-calibration

of the camera under the assumption that the saatains several rank 1 regions.

8. Conclusion

An algorithm of linear color segmentation basedtloe detailed analysis of the physics of color stirau
formation has been successfully used to segmeat dubhges of 3D scenes containing a wide varietynaferials,
surface geometries and light sources. An importeature of the developed algorithm is that it camelsi some
approaches already proved promising, such as wa@rsegmentation and region merging, with the ghysi
approach. This ensures that the segmentation grasdavariant with respect to geometric factole shape of
object surfaces and the geometry of illuminatiore $déppose this approach worthwhile not only becétsenore
natural for the color segmentation task itself, laldo because, due to describing segments throungiar|
submanifolds, the results of such segmentatiorbeansed for solving the problems of color constardypresent,
we are developing a working software package inm@gng color segmentation and color constancyratyas in
the same framework based on a generalized linearyhof spectral stimulus formation and Gaussigr@gmation
of spectral functions. One version of such a fraomwwas presented at the 25th European Conferemdéisual

Perception, Glasgow, Scotland, 2002.
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Figures

Fig. 1. Visual stimulus formation for one image gdixThe scene contains two point-like close illuamits

with relative spectral distribution§l(/1) and Sz(/l) An example of the shape of an integral radiancetion,
Bl(ﬁs), is shown for the first illuminant. Light flux fro the illuminants forms a spectral stimuldé,(/]), being
scattered by a unichromatic surface with relatipectral distribution of reflectancd)(/]) and integral BRDF
f(ﬁin ,ﬁout). This stimulus is perceived by a sensor with spécensitivities of inputs)?(/]). Direction to the

sensor from the point of scattering is denotedigs, . Then, the sensor produces vector-stim@uas an output.

Fig. 2. Color distributions for simulated and reahges. (a) Simulated RGB image of a scene reféoed
"Cubes". The scene contains gray-lilac cubes wigkllw-green stripe on a blue-violet mount, illuraied by two
close chromatic sources: light-green on the laitpfe on the right. The image has numerous coladatvs. (b)
Image of the same scene, illuminated by achronligtit sources (for comparison). (c) Captured RGEge of a
scene referred to as "Akiyo". (d, e) Shape of t&BReolor distribution for the "Cubes" image (twmfgctions). 1 —
color distribution for the mount part, 2 — colostlibution for the basic (gray-lilac) part of thabes, 3 — color
distribution for the stripe. (f, g) Shape of the R@olor distribution for the basic part of the cahe the "Cubes"
image (two projections). (h, i) Color distributidor the whole "Akiyo" image (two projections). 1 eelor
distribution for woman’s face, 2 — color distritaurti for the jacket, 3 — color distribution for thkirs, 4 — color
distribution for the gray screen and the backgrodné color distribution for the blue screens.

Fig. 3. Examples of the shape of clusters of diffierranks in the RGB color space. Thick lines amass
denote clusters, dense dotted lines are parts mésponding linear submanifolds not belonging te thusters,
scarce dotted line is achromatic axis.

Fig. 4. RGB color space reduction. (a) Projectidértlasters of different ranks onto the chromatigitgne
(a’c,,BC). (b) Projection of clusters of different ranks @rthe hue semicirclep, . Here: 1 — rank Ocluster
projection, 2 — rank Zluster projection, 3 — rank tluster projection, 4 — rank, tluster projection, 5 — rank2or
rank 1, cluster projection.

Fig. 5. Effect of noise spikes on the accuracyettdnining the model parameters. The original ihistion
consists of 7 patches, one of those being noid@ sjphe model of the distribution is a line arhisapositioned on

a plane. (a) Original distribution (patch 1 is dseospike) and the solution obtained with the eigetor method
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(gray line). (b) Hough Transform of the originabtlibution. The coordinates of the parameter spaeg and O
(each point of the space corresponds to the lineacherized by slope angi® and distanceo from the coordinate

origin). The numbers mark the components of théribligion in the model parameter space, producedhiay
corresponding patches. The cross marks the maxiofutime vote function. (c) Solution obtained witkethlough
Transform method (gray line). The line found cop@ads to the maximum of the vote function.

Fig. 6. Example of segmentation of simulated imafggsthe simplified algorithm. (a) Original image
synthesized by ray tracing: a neutral bichromataam sphere above a gray plane illuminated by seclchromatic
light source (ranksg 0,). The image size is 256*256 pixels. (b) The resfiimage segmentation by the algorithm
based on hue analysis. (c) The same scene withditiomal bluish diffuse light source (rankg 2.). (d) The result
of image segmentation by the same algorithm.

Fig. 7. Example of segmentation of a simulated iedg) Original image synthesized by ray tracinge T
image size is 256*256 pixels. (b) The result of evalied segmentation. (c-e) Preliminary resultsegimentation
(after stages 2, 4, and 6 of the main algorithrapeetively). Those boundaries whose weight exce@gdsare
marked with black color. (f) The final result ofggeentation.

Fig. 8. Example of segmentation of a captured iméaeOriginal image: yellow and blue wool clewdan
fabric ball with sectors of different colors (reéalue, and yellow) on a white table-cloth. The tatlleth has sharp
folds looking like contrasting linear stripes. Téeene is illuminated by a bluish light source ledaat upper left.
The image size is 512*410 pixels. (b) The resultvatershed segmentation (after smoothing vagtte 3.0). (c)

The final result of segmentation.
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Table 1

Examples of scenes of different ranks for the 3[p CS

Rank Scene examples

0, Completely shaded object

0, Diffuse achromatic sour&econvex achromatic objédtiuminated by an achromatic diffuse source; flat
small-aperture achromatic object illuminated byisdaght achromatic source

08 Diffuse chromatic source; convex object illuminateda diffuse chromatic source; flat small-aperture
chromatic object illuminated by a distant achromaturce

1, Convex unichromatic object illuminated by a clo$eoenatic source or by achromatic sources, among
which at least one is not diffuse

1. Convex achromatic object illuminated by a closeoatmtic source and by an achromatic diffuse source

1 Achromatic object illuminated by achromatic sourcasmong which at least one is not diffuse (with
taking into account interreflections of any order)

1. Convex unichromatic object illuminated by a clokeotnatic source and by a diffuse chromatic source

2 Convex unichromatic object illuminated by two claderomatic sources; convex bichromatic object
illuminated by a close chromatic source; convexhwromatic object illuminated by a close chromatic
source and an interrefictions from another conveichromatic object (with taking into account the
first-order interreflections)

2, Convex unichromatic object illuminated by two clagegomatic sources and a diffuse source; corvex
neutral bichromatitobject illuminated by a close chromatic source amtiffuse source

2ab Convex achromatic object illuminated by a closeoafatic source and a close achromatic source;
convex neutral bichromatic object illuminated by@matic sources, among which at least one is| not

diffuse

capable to detect.

2 Here, the achromatic object is a uniformly colowsithromatic object WitKD(/]) = const for the whole

spectral range the sensor is capable to detect.

! Here, the achromatic source is an illuminant V\B(yl) = const for the whole spectral range the sensor is
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% Here, the neutral bichromatic object is a uniformblored bichromatic object witlﬁDl(A) = const for

the whole spectral range the sensor is capabletezd
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Table 2

Rank transformation upon reduction of CSp dimension

Rank in (R,G, B) space

Rank ir(a'c,ﬁc) space

Rank if{@, ) space

O 1 0 0
1o 2 1 0
Oz Lao 0 -
1, 2 1 -

Ob) 2a
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Fig. 1.
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Fig. 2.
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Fig. 4.
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