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Abstract: This papempresents an impr@ment inthe colour image segmentation in the

Hue SaturationHS) subspace. The authors propose to inject (add) a colour vector in the
Red Green BlueRGB spaceo increasdhe classseparation in thélS plane. The goabf

the work is the development of an algorithm to obtain the optimal colour vector for
injection that maximizes the separation between the classeshigtplane. The chromatic
Chrominacel Chrominance subspace (of the Luminance Chrominac€hrominance

(YGC,) spae) is used to obtain the optimal vector to alte proposais applied on each

frame of a colour image sequence in 4tgak. It has been tested in applicationgth
reduced contrast between tbelours of the background and the object, and particularly
when the size of the object is very small in comparison with the size of the captured scene.
Numerous tests have confirmed that this proposal improves the segmentation process,
considerably reducing theffects of thevariation of the light intensity of thscene. Several

tests have been made in skin segmentation in applications for sign language recognition via
computer vision, where an accurate segmentation of hands and face is required.

Keywords: pixel classification; colour clustering; colour segméotg class separation;
colour subspaces; colour injection
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1. Introduction

In recent years, a significant amount of work has been published in the field of colour segmentation
for Human Computer InterfaceslCl). We would like to emphasize those relatedhe segmentation
of the natural colour of skin. In this aréZhjunget al [1] proposel a skin segmentation method using a
Bayesian classifier, obtaining satisfactory restis different colour spaces such a&8GB Hue
Saturation ValugHSV), Luminan@ blueChrominance re€Chrominance YG,C,;) and Commission
I nternational e de |-chahreel lchamnal (CéEd ab), dven mundero advetsey a
illumination conditions Hsu et al [2] sugesed the detection of face skioonsidering a nonlinear
subgpace from the¥ G,C; space tgartiallycompensate the luminosity variations.

The robustness of the segmentation against luminosity changes is one of tldesitabtefeatures
in colour segmentation systems. For this reason, much worthis topic has ben focused on
minimizing the effects of illumination changes by using colour spaces where the luminance or intensity
component can be easily isolated, thus providing chromatic consfrewctual trend in applications
with important timevaryingillumination changes is to use dynamic colour models that can adapt
themselves to compensate for variations of the scene illumin#tidhis area, an extensive overview
of previous investigations in the skin colour segmentation field is presented bgtSig§B].

The most frequently used colour spaces in these types of applicatidnS\&j@ 4] and normalized
Red Greenr() [5-7]. TheHSVspace, as well as the Hue Saturation Intenbif)(and Hue Lightness
Saturation FILS) spaces, areidely used in imge processing because it is very intuitive for the human
brain to interpret the information as it is represenitedome works, only the HU@l) and Intensity|(
components are used in the clustering process [8]. In other cases, a threshold valuBdturétien
(S of each pixel based on its intensity is defined [9]. This threshold is used before the clustering
process to determine &should be replaced by orl.

In general, all these segmentation proposals offer good results for objects withaigsize in the
scene or in cases where the main goal is object tracking, but not in the case of shape redbtiation.
goal is to recognize the object shape, the system requirements are higher and very accurate
segmentation technigues should be igpl Further difficulties may arise if the images have low
guality and spatial resolution. Sign language recognition systems based on computer vision are a goo«
example of these types of applications. In this case, the camera should captunepglétparts of the
speakerbés body, i mplying that the parts to se
captured scene. In this field, Habdt al. [10] performed a pixeby-pixel classification of the skin
colour with discriminant features of ti@&C; plane, using the Mahalanobis distance, but they needed a
fusion of motion cues to obtain good results. Similar skin segmentation is achieved in the work done
by Chaiet al [11], where possegmentation stag@gereapplied, such as morphological opeyas, in
order to surpass the limitations of the segmentation. YI€, spacehas been also used [11]. This
colour space is one of the most widely used in the segmentation process.

In this field, Ribiero and Gonzana [12] presshbhand segmentation indeo sequences by means
of the Gaussian Mixture Model (GMM) background subtraction algorithm, which is akmeNn
statistical model for density estimation due to its tractability and universal approximation capability. In
this work, [12], an adaptive Gasian mixture in time is used to model each pixel distributidRGB
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space. I n Huang and Liuds work [ 13], ESVepmdeer i r
is performed.

Less common colour spaces are also used in other works: both lineaortreatisfn spaces, like
Luminance Echannel Schannel YES [14], and nodinear, spaces like the Uniform Chromaticity
Scale UCS spaces, such as Luminancechannel vchannel (*u*v*) and its representation in
cylindrical coordinates Intensity Hue SatuoatilHS) [15], Saturation Tint ValueST\j [16] which is
a representation éiSVspace by the normalizé&®iGBcomponents. Other spaces used are the Spherical
Coordinate TransforrfSCT) [17] and the geodesic chromaticity spacd18].

We can also find workeelated to object/background segmentation with the objective of efficiently
delimiting object edges. Some of these publications present the use of graph ctdsmiensional
images to segment medical images from computed tomography (CT) scanners Hrij2a|ltilevel
graph cuts to accelerate the segmentation and optimize memory use [21]. From our point of view, the
main disadvantage of these works is that they are not designed fomepurposes

The conclusion of these previous works is that ingadrtinresolved problems still exist in order to
obtain efficient skin segmentation, especially if we take into account that many applications require
real time processing, include complex sceras, prone tamportant illumination changes, and the
objectsto segment (face, arms and hands) are small when compared to the captured scene.

Our contribution to the solution of this segmentation problem is to use an object/background
pre-processing technique to enhance the contrast (ill8@ane) between theolours corresponding
to the objects to segment and the background in each frame. TpigOpessing consists of increasing
the separation between the object and background classedH8 fitene to optimize the segmentation
in that plane.

In our propoal, to increase the class separation, a colour vector of compoBen®¢, B, is

added to thd?, G andB images directly captured from the camera, modifying the value of each pixel
(n) to (R\+B R, GntB g, BotBg). The objective of this paper is to presdrg process needed to obtain

the valueB g, B c andB g that optimize the separation between the classes of interest once the image

has been converted to thsS plane. This optimization is carried out by means of an algorithm that
maximises the Fisher Ratiwve have called the colour vector :
our proposal, the colour injection process is achieved using the relationships betwde@Bhe
YGC, [8,22 23] andHSI[24-26] colour spaces, and the properties ofGh€, plane.

Our system may be particularized to recognize sign language itimeahnd special attention has
been paid to the detection of the geometric form of the parts to segment, hands and face edges, in ea
frame. Our proposal has been thoroughly tested waly good results even with illumination
variations, because it isolates theomponent. We always attempt to work outside the instability or
achromatic zone of thidS plane, due to the convenient redistribution in #plane of the existing
classes irthe colour injected image (seen in [15] for thkS space). In order to perform a comparative
gualitative study between the segmentations of the original images and the colour injected images
(proposal presented in this paper), a GMM clustering technigieHS classification domain is used.
This technique has been used in a similar way fotH8% space [13]. In previous works, different
formulations for theHSI space can be found [22;246]. We use the formulation proposed in [26].
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This paper hasden organized as follows: Section 2 describebdses of theoroposed algorithm to
increment the separation between classes. Section 3 presents the criteria considered when separati
the classes. Section 4 describes thdio# initialization stage othe proposed algorithm. Section 5
details how to improve the separation between classes iASigane startingrom their location in
the C,C, plane. Section 6 presents the algorithm that performs the optimal class separation. Section 7
describes how tobtain the colour vector for injection, and its effects in the captured images. Section 8
contains the experimental results, and Section 9 provides the conclusions and future work.

2. Overview of the Colour Injection Algorithm

The objective of this work i® improve the segmentation process using colour injection. In order to
do that, a colour vector for injection is obtained for each captured imageRGBspace. This colour
vector is considered optimal, becausis italculated to maximizéhe separa&n between the classes to
segment in thédS plane (subspace where the segmentation is performed). For this reason, this colour
vector will be called optinal colour vector in this papand will be denoted biy. It is injected in the
RGBspace and is caltated starting from significant samples (seeds) from the object to segment and
from the part of the scene considered as background. The procedure to obtain thig, \eotothe
reason why it is optimas explained in Sections 6 and 7. This optimal coleector is given by:

Iir=[Br Bs Bg" (1)

whereB g, B c andB g are the increments of the colour componé&qis andB, respectively.

The optimal colour vectori;, is injected in every frame of an image sequence intireal
applications tosegment objects in colour images. Its efficiency has been especially tested in
applications where a reduced contrast between the background colour and the colour of the object tc
segment exists, when there are illumination changes and the size of thambggment is very small
in comparison with the size of the captured scene.

An important property of the perceptual colour spdsash as théiSlspacg is that they produce a
maximum disconnection between the chrominance and luminance componentsreasltathe
luminance can be almost fully isolated, making the segmentation process more invariant to the change:
in shades and illumination as in [4]. For this reason, the analysis of the colour injection effects in the
HSIspace is made only using tHeandS chromatic component$iSplane).

As the segmentation is performed using Hf&components, we try to separate the representative
vectors of the two classes (object and background) in akbleo(nponent) and in magnitud& (
component) using colour egtion. However, special attention should be paid in this separation process
to the variations of the dispersions (reliability) of both classes after the colour injection, because it has
a very high incidence in the class separation process.

In short,if the original image is denoted by the optimal colour vectoto add byi,, and the
coloured image resulting of the colour injectionlbys fulfilled:

Li=1+i, (2)

The algorithm proposed in this work is formed by two clearly differstages: an ofine and an
ontline stage. The offine stage is an initialization phase whose objective is to determine the optimal
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number of existing classes in the initial frame, and, from that, to obtain the object (O class) and
background (B cla3sclasses needed to carry out their separation. Thineffstage is explained in
detail in Section 4. The result of this stage is the set of significant pixels (seedsRiGBispace that
represent both classes, identified bygc®= {ro1n, ro6 ron}, and Bres = {rg1, 's2€ reu},
respectively, whereo, forr =1, 2 Nandrgqforg=1, 2 M refer to the pixel vectors of the object

and background classes, respectively.

The online stage is the novel contribution of this paper. Its objeétivie determine the optimal
colour vector to injecti() for each frame in order to increase, optimally, the separation between classes
O and B. The otline process is executed before the segmentation process for each frame captured in
real time.Figure 1 depicts the different phases of a segmentation process that uses the colour injection
proposal of this paper.

Figure 1. General blocidiagram of the proposed algorithm to obtain the optimal colour
vector (;) to be injected to the captured image |. Thelio# and orline processes are
grouped by discontinuous lines.
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The online process consists of the following stages:

(1) For every Qs and Brggsample from the capturdRiGBimage |, a transformation to theC,C,
space is done. Considering the chromatbmponents after the transformation, the resulting classes
will be referred to as Qc2= {Co1, Co2€é Con} for the object class and asB.= {Cg1, Ca2€ Cam} for
the background, where tde pixel vectors are de
(2) Using the properéis of theC;C, plane and the relationship between Hi@l and Y C,C; colour
spaces, the optimal location of the classes irCi@ space is obtained by finding the optimal location
of their respective mean vectors. The optimal location is the one thahimesithe class separation in
the HS plane (maximum distance between the class means and minimum class dispersions). These
optimal mean vectors will be referred to @sop: and Cigopr. This phase is, undoubtedly, the most
important of this work, and wilbe described in detail in subsequent sections.
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(3) From the mean vectoGoep: and Cigopt, their corresponding ones in tREGB space fioop: and
lisopt, are calculated.

(4) From the vectorsioop: and rigep, and the mean vectors of the original clad$®sse, Brep)
denoted byro andrg, the optimal colour vector for injection is obtained. This optimal colour vector
can be calculated from one of these expressions:

Ir =MoopttTo, Ir =ligopt e (3)

(5) Once the optimal colomre ct or has been obt ai namdbe catcllated n e w
applying (2).

Finally, the coloured imagg Is transformed from th&kGB space to theHS plane, where the
segmentation is done, because the colour injection has its effectsH@tepace: the increase in the
separation between the classes only happens HShgpace oHSplane (in theRGBspace the colour
injection only produces a translation of the classes, keeping the distance between them constant
independently of the coloumjection).

The proposed method can be implemented easily and can be usedtimeegbplications. In the
following sections, the process to obtain the optimal vector for injection is presented in detail. At the
end of this paper, in order to facilitats reading, we have included three appendices with aspects
related to the relationships between ®REB the HSI and YC,C, spaces (Appendix A), statistical
analysis of vectors in thRGB space and its relationships with the components inH8Espace
(Appendix B), as well as the invariants of the mean vectors iGtBgplane (Appendix C).

3. Criteria for the Separation between Classes

Since the objective of our work is to obtain a higher separation between the classes to facilitate the
segmentation, its necessary to define a measure of the efficiency of our proposal. The Fisher Ratio
(FR) is frequently used to measure the efficiency in the class separability in classification
systems [6,27,28]. This ratio quantifies simultaneously the -oléss searation and the internal
dispersion (reliability) of the classes. For a telass system, it is interesting to achieve a large distance
metric between the class means and a minimum dispersion within each class (leading R tigh
this work, theFR is used as a pixel classification measurement index, using as discriminant features
theH andScomponents of each pixel.

In a multiclass system, the generalized Fisher Ratio is expressed by [29]:

FR=tr( Vi My) (4)

where My, is the interclass (between class) covariance matrix &glis the internal (within class)
dispersion matrix of the classes.

Equation (4) cannot be directly applied due to the circular form oHtlm®mponent trajectory.
There are two main reasofts this:

(a) For twaclass systems (as our case M) may not represent the real angular distance between
the hue means of the classes (the maximum angular distance between two vpatadgiss, even if
one of the vectors is in the first quadrant of Hfeplane and the ber one in the fourth one). These
problems have already been studied, for example in [8].
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(b) The second reason is the discontinuity of the hue component when it moveg tmthradians
(cyclic property). This implies thdl,, matrix does not represethtet real huevariance of a class whose
mean is close to 0 2. The reason is that some of the vectors would have small angles (close to 0),
and some others would have very high ones (close)ta@sulting in a wrong and high variance. The
resultingH mean would also be wrong.

For the previous reasons, and supposing that the correlation betveeelS is low, a particulaFR
has been defined. ThiBR is individually calculated for each component, and, as our space is
bi-dimensional, is given by [29]:

FR=FR, + FR (5)
where FRy and FRs represent the Fisher Ratio of tikeand S components, respectively, and are
given by:

FR, = (St 9)?

PR ~ ) g, (6)

S
0fo) B’

whereS 1T Ssis the distance between the saturatiommnseof both classegsoandqsg are the standard

deviations of the saturation component for both classes, the separation angle between the hue

means of both classes, amgh andqgyg are the standard deviations of theomponent.

In (6) on C [0, p] represents the real angular distance between the hue means, because
dh = cos {CCog). This avoids the aforementioned problem about the angular distance between the hue
means of the mean vectors of both classes ik8plane.CCog is the correlation coefficient between
the two mean vectors of@lRGB components that have generated the mean vectors HSipane
(EquationC.11) (seeAppendix C). In this work, we have performed approximations in the calculation
of quo andgug in order to avoid the problem of the hue discontinuity. Thus, the gjppation forquo
is: U2,= &+ 24, wheregco is the standard deviation of evayyHo,) forr =1, 2 N andqsqo is
the standard deviation of evesy(Hor). grs is calculated with a similar method.

4. Initialization Stage (Off-Line Proces9

The first step of the offine process is the capture of a first frame (initial image). The seed pixels
that represent the classes O and B are obtained from this image, by means of any clustering techniqu
used to identify the existing daes of the image, such agvMe€ans [30], GMM [13]etc.In this paper,
the GMM technique is used (in thS domain) because it provides highly reliable classes, and, as a
final result, it also provides the mean vectors, the covariance matrixes and ibwe prpipabilities of
the classes. The clustering by means of GMM uses the EM algorithm (Expectation Maximization) to
obtain the optimal location and dispersion of a predefined image class number (K), projectddiSn the
plane. Therefore, a Gaussian moehssumed for each existing class, considering a uniform scene
illumination. The GMM algorithm is applied several times, initializing it with different K values, in
order to obtain the optimal number of existing classes in the imagg Koo correspods with the K
that produces the smallest error in the pwgbability function of the EM algorithm, indicating that it is
the best fit between the K Gaussians and the existing clddgese 2b shows the K Gaussians
projected in thédS plane, fitted tahe existing classes in the initial image of the exampkgnre 2a.
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Finally, Figure2c depicts the original image segmentation as a function of the different existing classes
(Figure2b).

Figure 2. Class segmentation results of the initialization stégk Initial image,(b) the
Kopt Gaussians fitted to the classes projected in Hi®&plane, () segmented image
corresponding with the {§; classes in th&igure2b. The colours of the different ellipses
that represent the Gaussians in fngure2b correspond with the colours of the segmented
regions in the image of tHegure2c.

Hue (rad)

Once theGMM algorithmhas converged, the following step idital outthe localization of the object
class (O) in the HS plane. This ifie process is carried out easibhgcause the approximate location of
the object class (O) in thdS plane is known at the beginning of the-lifle process, as a result of the
colour calibration adjustments of the camera. This approximate geometric locusiia flane is given
by the man vectorh;,;. Taking that into account, the detection of the object class (O) is performed by
simply selecting the class with the minimum Euclidean distancehyjtiWe preferred the Euclidean
distance over the Mahalanolistancebecause the detea of the object class could be incorredt;i;

Is close to a class with high dispersion, and this class is also close to the object clélss (€gson of
this effect is the consideration of the class covariance in the Mahalanobis distance.

Once tle object class is detected, the next step is to select the background class (B). The backgrount
is usually formed by several classes, identified by, 8¢ Bkopt1}. Our objective is to select thexB
class that will be considered as representatiidebackground and that we will be identified simply
by B. Among all the classes that form the background, we will seleciithaB

— - PR (Bi)g
B= arg rgi%g (7)

being Pre; k = 1, 22 (Kopt- 1) the Fisher Ratio probabils between the class O and eagh B
defined byRx =(/FR/Q< JFR) whereFRy is the Fisher Ratio described in Section 3, Bad;
k=1, 2 (Kou- 1) the a priori probabilities of eachcBlass to be the backgroundiss (B) of the
image (given by the GMM algorithm).

Once the classes O and B have been identified, the seed pixels that represent botirelaistsesed
through an initial segmentation process of both the object class (O) and the background dfaisi$B).
initial segmentation, thedf (probability density function) of both classes in th& plane are
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considered as unimodal bidimensional Gaussians, defined by the parameters obtained by the GMN
clustering. This segmentation is carried out by selectiagptxels with higher probability to belong to

the corresponding Gaussian. This stage of pixel selection is performed by truncating eaptfclass
with a determined threshold. This threshold corresponds to a percentage of the maximum probability of
the coresponding bidimensiongddf, P,, for the class O, andpHor the class B. The values of

{Po, B} C[1, 0], have been experimentally set tp=F0.45 and P= 0.6, using the Receiver Operating

Characteristic (ROC) curves obtained from the different pestermed with real images. In this case a
ROC curve was obtained by each class (O and B), using a set of real images, without and with colour
injection. The thresholds,Rand B correspond with the nearest values to the elbows of the ROC
curves. As the piel selection is carried out in thdS plane, it is necessary to truncate g in the
Intensity axis, in order to obtain pixel sets that reliably represent the classes O and R@Bspace.
The truncation of this unidimensionadfis necessary beaae theH andl components are independent
(Appendix A) (this is important when the clustering is carried out irH8@lane) and this generates
correspondence problems when the pixelR@Bcomponents are selected from its projections in the
HS plane. h this secongdf truncation, the percentages selected of the maximum value qidthe
intensity of each class arg,Por O, and R for B. These percentages have been setite B.4
and R, =0.5.

Once the previous process is completed, a random s@mgplcarried out, selecting samples for
the class O ani¥l for the class B, in order to reduce the working space dimension. This is the method
to obtain the setsggand Bzggmentioned in Section 2.

5. Separation of the Classes in thelS Plane from Their Location in the C,C, Plane

This section details the most important relationships between the statistical mean and variance of
the classes in thé;C, andHS planes. Also, the effect of adding the same vector (colour injection) to
two vectors inRGBspa@ on the projections of these vectors in @€, andHS planes is analyzed.

This information is used to define an algorithm to easdligulatethe optimal vector to inject in order
to obtain the maximum separation between classes iH3ipaneusing tanslations in the plar@;C..

5.1 Relationships between the HS angdC&Planes

Given two vectors in th®RGBspaceyo andrg, the resulting projection vectors in tlikC, plane,
Co andcg, and in theHS plane,hp andhg, fulfil (see Appendix A):

&= ¢= (8)

Icoll” [Poll. lles]” [hef 9)
|de|* = @0 s &' =[G [°) |G +2 &l 6] cose (10)
[dnl* = G806, Co hy &, &l (¥ (11)

whereo. is the angle betweety and cg, 0, the angle betweeho and hg; d. is the distance vector

betweenco andcg, dy is the distance vector betwebg andhg; andlo, Ig are the intensity means of
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both classes, object and background, respectively, correspondingheg #mel hg vectors.f(H) is a
weighting function that depends on tHeomponentf(H) C [*2, 1] (see Appendix B).

It is important to note that, since tkgC, plane is linear, when adding a vectofinjected vector)
to bothro andrg in theRGBspace, the distance vectty=co1 cg in the C,C, plane remains constant.
These constamhagnitude and orientation values (invariants ofdheector) are denoted by{|| andd

(see Appendix C). Therefore, colour injections in €€, plane result in class translations, as in the
RGBspace. This effect can be achieved with a translatiotovi (corresponding ta) directly added
in theC,C; plane.

Moreover, in the case of the,C, plane, (10) is verified (cosine law). Therefore, given tiagl ||
remains constant for the different valuesiofthe values ob, |o|| and {||, will be modified as a

function of the value of.. In the case of thEIS plane, it must be said thatijfis added to the vectors
ro andrg (contrary to what happens in tlgC, plane) the difference vectdy, also varies. The reason
is that, according to (1131, depends on the value bf andlg and on the(H) weighting function. In
any case (8) always holds.

Figure 3. Correspondence between the mean vectors i€iig plane and the ones in the
HSplane. The difference vectdg before and after the coloinjection is shown.

180

270

In short, to calculate the value of the colour vector to be added iRBi@&space to obtain a
particular separation between the classes irH@@lane, the authors suggest using the relationships
between thén vector components ithe HS plane, and their correspondingector components in the
C,C, plane, given by (Equation B.12) and (Equation B.13) (see Appendix B), and the relationship
between pairs of vectors in these planes, given by (8, 9, 10 and 11).
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Therefore, the proposedgorithm is based on the analysis of the behaviour of the vext@sdcg
in the C,C, plane and the properties of its difference vedgr(|d¢| andd are invariant). These

invariants allow us to establish a mathematical relationship between themdas vectors before and
after the colour injection. Thus, for example, the separation angle (hue difference) between two vectors
in the HS plane can be easily controlled with the separation angle of the same vegtag (n the
C,C, plane, because Hoangles coincide (8).
In Figure 3, an example of the correspondence between the vegcamdcg in the C,C, plane and
the vectordp andhgin theHS plane is shown. The relationships after performing the colour injection
(vectorscio, g andhio, hig) are also shown, as well as the difference ved{drefore and after the
colour injection, where the invariance i n mag!
orio isubscript refers to Acolour injectiono.
Figure 3 depicts how the transta of the vectod. has favoured the separation of the mean vectors
of the classes in both componeritsgnd S), becauses > o, and (hiol| T [hisl]) > (Ihol| T |hs][). An

increase in the separation between the vectors after the colour injectidoe cagrified ¢ > 0).

However, the vector modules (saturation) decreasg||(k [holl, [hisl| < |hsl]), since there is an
unavoidable compensation effect given by (10) (notice that for a I} = constic|[f(H)).
We could obtain a great numhbarclass locations within thidS plane relocatingl. with i all over
the C,C, plane. The determination of the optimal location is not a trivial task. In order to obtain an
optimalig, it is possible to apply learning techniques, such as fuzzy systemearal networks, that
take as parameters some functions derived ¥®s ( 6) and t he dnvariants
In the following Section (5.2), an algorithm for the calculation of the optimalcorresponding to
optimalic), conditioned todlo||= |cig||, is explained.

5.2 Separation between the Hue Means (AngGgraration

The separation between the hue means is given by the angular separation between thgovectors
andh;g, which indicate the colour separation. Once the esgion of the distance betwegp andh;g
is obtained, dkn|| (seeFigure 3), an optimization process can be applied to it as a function GR@&k
components of; in order to obtain the optimal that produces the maximum separation needed. The
problan when calculating the optimal colour vector is that it is not possible to obtain its analytical
expression, mainly due to the discontinuities in the functiod;gf [|11).

In order to solve the problem posed by the discontinuitiesdiglf jh theHS plane, the authors
propose to use th&;C, plane, where the distance function between the vectoendcs, (|dc||) (10)
does not present discontinuities, and, as well, remains constant in magnitude and direction for different
injections of colour vears.

The interrelationship (due to the invariants of the vedt@nd the relationships between thgand
C,C, planes) between the angt®) (that the vectorsio andcig form and their modules (10) should be

taken into account to obtain the separatiogl@ (hue difference) of two vectors in thS plane.
Therefore, the maximum separation angle between the vectors may imply (due to the compensatior
effect) a diminution of their modules, and, consequently, the saturation of both vectors. The saturation
reduction of the vectorhijo andhig implies that they become closer to the achromatic zone (the origin
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of the coordinates system), which means that the colours approximate to gray scale. The consequenc
of this phenomenon is the loss of discriminating pawe¢he segmentation.

Therefore, the proposed algorithm has been parameterized as a function of the mentioned separatio
angle o between the vectorsio and cig. In our case, the optimal ang® is obtained from an

observation function that measures éfiectiveness of the class separation in different locations in the
HSplane. This function will be described in paragréphSection 6.
When the angle of separationreaches a maximung, coincides with the angle whose bisector is a

straight linep, which passes through the origin of coordinates and is perpendicular to the straight line,
|, whose director vector o (Figure4).

Figure 4. Location of the vectorsp andcg in theC,C; plane once the colour injection has
been performed.

/_H/S plane 60°

0°

Therefore the vector for injectioni() that causes the maximum hue difference, causes the modules
of both vectorstioc and cig to become equal ¢lp|| = |csl|). It also causes the distance between the
intersection point of the lingsandl and the extreme of elawector to bed}||/2.Figure4 illustrates an
example of the location of the vectaxs and cg after the injection of the colour vectard andcig)
with those imposed restrictions.

The authors have given more importance to the angdlasdparationbecause increasing boith
andS at the same time is not possible. The main reason idtiats a discrimination power higher
thanS. Besides, théd component is totally uncorrelated to theomponent, which does not occur to
the S component (see AppendB). Parameterizatioonly by g implies that we can only control the

separation between the hue means. The starting point to obtain the distance between the saturatic
means is mainly the location of the vectggsandcig with respect to the saturatieveighting function

in the C,C; plane. As can be observed, in this process there is no control &cémeponent, so its
contribution on the class separation will depend on the modification of the statistics of this component
with the variation of;.



Sensor01Q 10 781F

5.3 Separation between the Saturation Means (Saturditferenceg

In this section, an analysis of the behaviour of the separation between the saturation components o
two vectors in thédiSplane is performed. Given two vectors, for exantpdeard hig, in theHS plane,
we analyze how the value of the saturation difference between both v&giorss = ||hio|| T |his]|
varies. In our case, asd|| = |cis|| = Ci, then the intensitiedd, Ig) corresponding to both vectong
and h;g, and the value of the saturation weighting funcfigt) of each one, are the parameters with
significant effet in the value ofSS T S. The reason is that, according tBq@ationB.11), the
differenceS1T S5 will only have a noreero value ift andf(H) of both vectors are different (notice that
the saturation varies inversely with the intensity, and directth #H)). As an examplefigure 3
shows vectorsio andhig (overlapped to their respective vectogs andcig), as well as the saturation
weighting curvef(H). In the case oFigure 3, the colour injection is done supposikg Ig, therefore,
the weighing functionf(H) is the only responsible for the difference in the module of the vedators
andh;g, that is, of the separation between the saturation means of both classes. As previously indicated
in our proposal there is no control of tBel S value, but its behaviour as a function of the colour
injections performed, parameterized dpyis known. According to this, it can be said tRaf S is

determined, as expressed in (12), @):the intensities of the vectohso andhig (lo, Ig), and(b) the
module and angle al; (the invariants) since these determine the location of the vdgtoendhig
along the curvé(H) in theHS plane. In the case éfigure3, wherehio is located in the third lobe and
his in the second, it is fulfilled:

S+ §= keotd/2)) k (12)
where ka=|ld. |fle cos(5/ $d ) & cos(2d)) 3 sland

ko=[ldc [flo sin{/ 2d )} d sin(5 §d) 3 6l
5.4.Analysis of the&ClassDispersion

In order to obtain the optimal vector for injectian, by means of the suitable election gf we
should take into account not only the information given by the mean vegt@sd cg in the C;C;
plane, but also the dispersion of the distributions of both classes.

In this section we anatgthe behaviour of the class dispersions inHiSplane, that is, how the hue
and saturation dispersions are affected when the classes are translated @ thlane, as a result of
the colour injection. A class separation measurement function will be defined to quantify the
effectiveness of the colour injectiomhis analysis will be necessary to understand howHtlaad S
dispersions are modified with the colour injection, in addition to the performance of the class
separation measurement function.

5.4.1.Hue dispersion (Angular dispersion)

The hue dispersiorsidetermined by the effects of the dispersion transformation when passing from
the C,C; plane to théHSplane. IfR, is the (22 N) matrix formed by thé\ vectors of the O classyy;
r =1, 2 N, before any translation, the parameters of the O classrtainty ellipsej.e., the hue
dispersion invariants, are obtained from the covariance matRy, ddy:
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Uo = tar & 04/ Crou (13)

whereug is the angle formed by the semigjor axis of the class uncertainty ellipse with respect to the

horizontal axis C;), andCyo, and C,o, are the eigenvector components corresponding to the highest
eigenvaluej(oy) of the covariance matrix. The semajor and semminor uncertainty ellipse axesg

andlo respectively, which represent the maximum and minimarraxce, are given by:
Uo = ous lo =T o (14)

wherej ¢ is the minor eigenvalue of the covariance matrix. From these dispersion invariants, it is

possible to obtain the model for the hue dispersion. Therefore, mierest is to obtain a
correspondence between the hue dispersions irlfh@ane by means of the information offered by

the angular dispersion in tl&C, plane. Knowing that the variation of the angular dispersion in the
C,C, plane corresponds with thanation of the hue dispersion in thts plane, and since th€;C;

plane is a Cartesian plane, the problem is posed in the polar coordinates, taking these two
considerations into account:

(a) As previously indicated, in thé;C, plane, the colour injecti@only produce translations of the
classes and, therefore, variations of their mean vector modugd, (Jtis|]). This causes the
modification of the angular dispersions of both classes, because they depéne {to|| = |[cis]
(distance betweethe dispersion centre and the origin of (&g, plane). These effects of the hue
dispersion modification have been observed when performing translations of a class by adding
Gaussian noise in theGB space [22,31]In conclusion, the angular dispersiorcri@ases when the
magnitude of its respective mean vector decreases due to the increment of the separatmn angle

according to:
G =|d.|/2sind /2) (15)

(b) The geometric forms of the class distributions are not predetermined, but they cameary
they depend on the samples randomly taken from the object and the background. The colour injections
produce class translations in 1@¢C; plane, implying that from the point of view of thtS plane, the
dispersion also depends on the geometric fafmthe classes. The reason is that, for different
translations of a class, different orientations between the axis of maximum and minimum dispersion
(represented by their uncertainty ellipse €&, plane) with respect to the orientation of their mean
vectors o or Cig) are generated. Therefore, independently of the class mean vector module, a distance
d, exists that contributes to the angular deviation. This distdndepends only on the geometric form
and orientation of the dispersion after eacdnstation. Thend,, in this case for the O class, will
depend on the values 0§, up andlp given by (13) and (14). Thik, can be approximated by means of
the distance between the centre of the uncertainty ellipse and the intersection point betwagt two
lines: one is the tangent line to the ellipse which at the same time passes through the origin of plane
and the other line is perpendicular to the previous one and it crosses the centre of the ellipe. With
and (15) the angular deviation can Ipprximated by:

G =sim* (g ¥ (16)
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As an example, ifrigure5 we depict the object class (O) before a translation, for the addition of a
vector ic in this C;C, plane, or, for the injection of a vectdy, directly to the classes iIRGB
compnents. Over the object class, its respective uncertainty ellipse is shown.

Figure 5. Uncertainty ellipses of the classes O and B inGR@, plane: before the colour
injection: O (blue) and B (yellow) and after the colour injection: O (black) and B. (red)
Geometric approximation of the hue deviations of the classes, as a function of the ellipse
locations. The different alignments of the axes of the ellipse with respect to the direction of
the mean vectors of each class are shown.

In Figure 5, we can aerve that the semmajor axis of the ellipse is relatively aligned to the mean
vectorco of the class, causing the perception of the minimum angular dispersion of that class. It can
also be observed that the module of this mean vecgorbefore the injetion is greater than the
module of the vector after it has been injected, which, therefore, is also perceived as a minor
angular dispersion by this effect. We may conclude then, that the initial location of this classl$ the
plane represents a ydiavourable case, since the angular deviation before the colour injection is small.

Nevertheless, for the background class (B) before the colour injection, certain alignment between
the mean vectocg and the axis of greater dispersion of this class ¢sm lze observed, implying a
reduced angular deviation. However, the problem is that the module of the sge@areduced and,
therefore, the angular deviation increases. In this case, it can be observed in Figure 5 that after the
colour injection, the agular dispersion of the classiB smaller, since the modutg is greater.

Figure 6 depicts another example, with the different class locations after four colour injections. The
modifications of the angular deviatiomfio and gixg of the object and lwkground classes as a

function of the orientation of their respective uncertainty ellipses and the modules of their respective
mean vectors can be observed.
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Figure 6. Location of the classes for 4 different separation angj@sin( the polarHS
plane:(1) g=33° (2) g=57° (3) g=97° (4) g =163°The original classes (O and B) and
the injected classes are shown for the 4 colour injectiofsd@ Bs).

5.4.2.Saturation dispersion

The dispersion of the saturation component is not dirafticted by the class translations (due to
the colour injections) in th€,C, plane, if all the class vectors have the same intensity. The reason is
that the saturation is a linear function of tBeand C, components. The expression of the saturation
for lobe 1 off(H) is (EquationB.13) (seeAppendix B):

S=%) % (17)

This characteristic of linearity in thH&,C, plane makes the deviation of the saturatipg) ¢onstant,

since the distance between vectors in @€, plane remains cotent, independent of the colour
injection. Nevertheless, in theS planeqswill be different for each lobe dfH) but will stay constant

within each lobe. Evidently, if the class vectors have different intensity, the dispersion of the saturation
will not be constant for each location, not even within the lobes (there is a greater varigiovheh

the dispersion of the intensity component is greater).
Figure 7 illustrates how the hue and saturation dispersions are modified for the four colour
injections of Figure6.
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Figure 7. Classes projected in &S Cartesian plane, corresponding with the example of
the Figure 6, where the dispersion variation of both classes with the colour injections is
observed.(a) A variableS deviation is shown because thesdes keep their original
intensities:qio” qi”~ 0, (b) A constanSdeviation is shown because each class intensity

is equal to its respective intensity mee@, g0 = qis = 0.
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In this case, the locations of both classes are projectedHis &artesian plane. The magnitude of
theH andSdeviation can be appreciated by means of the projections of the corresponding uncertainty
ellipses of both classes in the ax¢sand S. In Figure 7a we can observe a diminution of the
deviation and the increasé the S deviation when the angl® between the classes decreases, because

the modules of the mean vectors of both classes increase. It can also be observedSdavi#tion
of the Q class, is modified more than the deviation @f lBecause thé dispersion of Qis greater.
Figure7b shows the same exampleRagure7a, but with the intensities of the class vectors equal to its
intensity meanl.e., lor=loe=...= lon=lo, and|31: lgo = é = lem = Ig, |mply|ng thatCho: dis = 0.

Then, we can sdeow theSdeviation of G, remains constant for each colour injection.
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However, our interest in this paragraph is to understand how the colour injections affect the
saturation dispersion. This is the reason why in our algorithnSttieviations of both lasses are
obtained considering their original intensities.

6. Algorithm for the Optimal Location of the Mean Vectors ofBoth Classes inC;C, Plane

This section presents the strategy used to obtain, iG;fBeplane, the mean vectors that maximize
the separation between the classes irHB@lane. This section constitutes the main stage in Figure 1:
AOpti mal | ocation of theCGpplhaneect Asssbbédwhhienc
captured image, an algorithm to obtain the optilbeation in theC,C; plane of the mean vectors of
both classes (object and background) is executed. From these optimal weeipes)dcisq and once
the transformation to thRGB space is performediops, lisop), the optimal vector to inject;, is
obtained using (3).

The proposal to obtain these optimal vectossp: and Cigop, CONsists of different phases, and its
general block diagram is depicted in Figure 8.

Figure 8. Functional diagram to obtain the optimal location of the mean \g&eatothe
C1C; plane:Cioopt andcCigopt.
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As can be observed, the proposal includes an iterative algorithm to obtain a set of locations for the
mean vectors of the classeso(and cg) in the C;C; plane. The location of each vector will be
parameterizedy the angle formed between both vectars,Therefore, we try to obtain a set of
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Oin (Gi1, 026 ) . Each of them wil/ have associated a
that we will identify by ysn Chs, v € ) . Fr om t hsg= f{o),nthetvalue ofg, that
produces the maximum separation between classes is ob@iratimal: oyt

The process begins obtaining the mean vectors of each cl&€ rplane. These mean vectors
will be,

Co:CyQ)l,szQN{; CB:Eycél;QBZCBM{ (18)
From the vectorso and cg, its difference vectord., is obtained. As previously indicated, the
magnitude, ¢l;|, and angled, of the vectord; are invariant against translations in @GeC, plane.

Their values are given byeation (19:

7

0s &, /lld; 19d.,® 0
ld. 1= 62,) o ¥2, dz%ﬁ o 2

2 +cosi& gid, |} ot C (19)

wheredc1= CioT Cig anddcz= Cyol Cog, such thatCio, Co0) and Cig, Cop) arethe components of
the vectorso andcg, respectively.
The iterative process consists of the followangsteps:

(a) Forced location of the mean vectors in th€4{plane

The original vectos co andcg are relocated (forced) in tli&C, plane using the invariantsdd], d),
obtaining the new vectors{ and cp). Each location of the vectors,{ and c) should fulfil the
following geometric restriction: the straight line that passesutir the origin of th€,C, plane and is
perpendicular to the vectat, should intersect this last one id¢|f2. As previously indicated, this
implies that:

Ci=lkoll=lkell=1dV ( 2 2D)n ( d (20)

This o is the parameter to vary in order to obtain the different locations of the vE€gtoasidC,g,

and, therefore, of the locations of the classes iICikk plane.
The Cartesian components of thesectors Figure 4), particularized for the vectdC o, are
given by:

Cio=Gcos(Ho ), Cao=GCsin(Ho) (21)
whereho is the angle of the vector that can be expressed by:
Ho="/2) d + d2 (22)
Similar expressions care obtained foC,g.
The iterative algorithm is initialized with am equal too (o is the angle formedly the vectorgo
andcg). In each iterationj) of the algorithm, the value of is increasedo(j) = g(j 7 1) + Bo.
We should also take into account tbatepresents the hue distance between the mean vddiers (

andH,g) of the classes in thgSplane. This indicates that a direct relationship exists between the class
translations in th€,C, plane and thaue separation distance between the class meanshiSiiane.

(b) Verification of the validity for the locations of tli&o andC,g vectors
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For each increase @f, the validity of the locations of the vectdfso andCg is verified. In case
they are vhd, the value ofg is included in the set,. The validity ofC,o andC,g (validity of 0) is

tested by checking if the components of the corresponding vect®GRBspace R0, Rig) fulfil the
limitations imposed by this spadeg., the values are ithe range [0, 1], because they are normalized
with respect to 255.

(c) Calculation of the class translation vector in th€{plane

The translation vectdg is obtained for each value of.. This vector. is responsible for the class
translations fromts original position to the forced location defineddyy The translation vectag in

the C,C; plane corresponds to the vector to injeah the RGBspace. This translation vector can be
calculated from any of the following expressions:

Ic=Cio+ Co, Ic =Cig+ Cs (23)
(d) Translation of the classes in thedz plane

The class translations in tliRC, plane are performed with the valueipthat has been calculated.
Therefore, each vectarbelonging to the object and backgnd classes are increased by
Oicico ={Cor) iy r=1,2...N, Bicicc={Csq) Iy F1,2...M (24)

(e) Class transformation from the G plane to the HS

The classes in thdS plane Ons andby,s) are obtained from the translated classes:> andbicic
using EquationB.12), EquationB.13) and EquationB.14).

() Observation function: calculation of the class separation measurement’inggxn(the
HSplane

As the class separation observation function, a normalized measurement index has been definet
(" ng) from theFR described in (5). It has been normalized to obtaiy= 1 when the class separation
is maximum. To obtain theys, corresponding with eaaty,, we consider the mean and the dispersion

of H andS of the classes, according to (6). Therefowey class separation measurement indexes as a
function ofo, have been defined, one for each component:

bun=8[FR+1 /{FRy bs=§[FRs+1 /{FRs (25)
The final class separation measurement index is given by:
busn=Kn b)) 1+Kn) & (26)

wherek;, is a weighting factor betweeny, and" s, The value ok, C [0, 1] is chosen depending on the

prominence we want to givid or Sin the segmentation process. Taking into accountkhhas a
greater discriminating power th&nk;, > %2 should be fixed.
This iterative process is repeated until the first non valid valug, a$ generated, and the pairs

(" nsn Oin) are registered to obtain the functions,= f(o,) afterwards
Once the set of pairs {sn On) IS obtained, they, that poduces the maximum class separation

measurement index is selected. A cubic interpolation is performed around that local maximum to
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obtain the maximum of the interpolation indéxgmax and its associated ang®y: Finally, with this

Oopts theCioopt 2N Cigopt VECtOrs are obtained using (20), (21) and (22).

Figure 9. Hue and saturation deviation of both classes as a fundtiagizx The difference

between the saturation means of both classes is shown too.
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As an exampleFigure 9 shows the variation curves, as a functioro@®, of the statistical data:
deviations of huedjno andqiys), deviation of saturationg(soand qgisg), and difference betwaethe

saturation meansS}jT Sg|| needed to obtain the different class separation measurement indexes (25).
7. Calculation of the Optimal Colour Vector to Add and the Effects that it Produces on the Images

The calculation of the optimal colour vector to add,is the goal of ouproposal, because this
vector changes the colours of the captured image in a suitable manner, so that the classes separate al
therefore, the object class can be more easily segmented.

Figure 10 shows the values ofy,, ~snand ™ us, obtained from the values of the statistical data

depicted inFigure9. The values ofdyp, ~ Hsmay) Obtained by interpolain are also shown.

Figure 10. Measurement indexes as a functiorog.
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As depicted in the block diagram Bfgure 1, once the vectorsoop: and Cigopr, that represent the
optimal location of the classes in thS plane, are obtained, the vectargep: and rigepe Can be
calculated. Thus, for instance, for the object class, Oidfp: andCooopt are theC; andC, components
of the vectorcioopt respectively, the vectaioop: in RGBspace is obtained by:

Foopt =Q " Yo Gioopt  Gooopd” (27)

whereQ is the transformation matriE@uationA.2) andYio is the intensity mean of the object class
translated in th€,C, plane. The, vector is obtained with thisoop: applying (3). Considering that the
colour injection can be made without modifying theaméntensity of the class after the injectionof

Yio = lo holds. Although it is possible to modify the saturation mean varying the intensity mean, in this
case, we want the saturation mean to be only affected byHhealue and the Chroma component
(C). Therefore, the vector to injedt, should have zero mean (B{ = 0). The fact that B{} = 0
implies that the intensity mean of the original image (I) and the injected;paee(equal.

The effect of injecting the vectar to the original imagen the new image,;lis a greater
concentration of the pixel colours around the mean colour of each one of the two classes. That is, the
colour injection contributes to the histogram equalization of the captured imageH$ fflane. This
equalization Bs a concentration effect on each class, and, therefore, the injectjoroofributes to
approaching the class distributions to a Gaussian shape. As an example, Figure 11 shows the 2I
histograms of image | (Figure 11a) and of the coloured image resfiitm the colour injection;,l
(Figurellb), for a particular case (Figure 12 images).

Figure 11. Example of 2D histograms in th¢S plane for the original image | and injected
image |. (a) Original image histogram(b) injected image histogram. Theass
redistribution in the injected image when compared with the original image can be
observed. In the imagg hn isolation of the main scene classes (O and B) can be visually
appreciated, as well as a shape closer to the Gaussian form.
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Figure 11.Cont
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b) Saturation

In these figures (11a and 11b), the equalization of the histogram produced by the effect of the colour
injection can be clearly observed. The segmentation of both images is shown in Figure 12c and 12d
respectively. In this exampleo}= 4, the Oclass corresponds with the jacket and the B class with the
wall.

Figure 12. Reference images for the example Fi§ure 11. Example of original and
injected images segmentatior(g) original image, I(b) injected image,;,l (c) original
image segmentatn according to the projected classeFigurella andd) injected image
segmentation according to the projected classEgyurel11b.

a) b) ) d)

The effect of the class separation between O and B classes can also be directly seen, analyzing th
class locationbefore and after the colour injection in their histograms. Figure 13 shows the histograms
corresponding to the setg;€and Bysin (@), and the sets;j(g and Bys in (b). A remarkable increase in
the hue component separation can be observed in the hist®gof Figure 13b due to the
colour injection.
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Figure 13. Histograms of the @ and Bys sets:(a) before the colour injectiofly) after the
colour injection.
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The rest of the imagclasses different from BB B; x=1 , 2 o€ 2, Hre also affected by the

effects of the colour injection. In this sense, as the class selected as B is the closest to the class O th
also has a high probability to be the image background (fudjisation (7)), when the separation
between the classes O and B increases, the clagsdsoHncrease their separation with the class O.
However, the colour injection decreases the separation between the class O and those yclasses |
(Bx;x=1, 2 €é) that are c¢closer than B to the <cl| as
had a lower a priori probability. The consequence is that these cl&sesaf be considered as class

O, producing fals positives in the object pixel classification.

Another effect of the colour injection is the automatic compensation of the illumination changes.
That is, due to the equalization and the separation of the classes O and B in the injected image, there |
a minimization of the problems produced by the illumination changes. The reason is that the main
colour component affected by the illumination changesSisand, as previously explained, our
algorithm gives more importance to the separation of the mostndisant componentd. Then, both
classes, O and B, always keep a certain separation, independently of the parameter variation of botl
distributions, and mainly when the mean and variance o§tt@nmponent vary due to changes in the
luminous intensity.

Next, in Figure 14, three histograms are presented, for the original and the injected image. All of
them have been obtained with the different mean luminous intensity of the image{(} = E{l:}):
(Im=0.70,lp=0.45 and g = 0.21). The illuminatiorcompensation effects mentioned above can be
observed in this figure.
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Figure 14. Three 2D Histograms for three intensity mean values for each image, ;| and |
Im = 0.70,1p= 0.45 andl,z = 0.21.(a) histograms of the image (h) histograms of the
image k. We can observe how the distribution statistics of both classes of the iraege |
less affected by the illumination changes than the ones of image |.

8. Experimental Results

A bank of real images from different scenes has been used in a firet gfhhe practical tests, in
order to evaluate the effectiveness of the proposed method. Here, a Gaussian classifier has been used
a segmentation technique, supposing a unimodal Gaussian model for the respective object anc
background classonditionalpdfs i.e., p(hi|G) andp(hi|B;). Thus,p(hi|Q) = g(h;; hio, Sio) is given by:

! (28)

whereh; represents each pixel of the imageahdSio is the covariance matrix of the injected object
classin theHSplane. The segmentation is performed by thresholdingdh@8) with aTy, value. This
threshold is obtained knowing that we want to segment the claa&i@y the background class &
reference, sol, corresponds to the value pdf (28) when:

= . Therefore T} is given by:

(29)

The problems derived from the cyclical nature of the hue in the segmentations have been solved via
software, using the conventiamroduced by Zhang and Wang [8].

In the evaluation, the same number of samples (seeds) for the object class (O) and the backgroun
(B) has been takem = N, in order to ensure that the difference between their statistical data is for



