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Abstract 

In t,his paper we compared color space models 
l,ased on hrunan color perception. For this purpose, 
we made t.wo experinlents to see how human suh- 
ject,s classify color pixels in color ima.ges. In the 
first. experiment,  subject,^ classify color pixels with- 
out seeing the ima.ge. In the second experiment, the 
subjects segment the images int.0 regions considered 
t,o I'e of similar colors, seeing the images. We de- 
fine three crit,eria, two of which are based on the 
color classification and segmentation made by hu- 
mans, for comparison of eleven color space models. 
As a conclusion, we found t,hat L*u*v* and L*a*b* 
color moclels are most closer t,o human color percep- 

In color image segmentation based on cluster- 
ing met.hotls, segment,at.ion resu1t.s vary according 
t.o color spa.ce model used. There is, however, no 
guideline for selecting t,he color space moclel. 

In our earlier work[l] we compa.red eight color 
moilels fro111 t,he viewpoint, of using then1 in t,he ISO- 
DATA clustering method for color image segmenta- 
t.ion. However, the problenl of choosing an  appro- 
priate color   nod el arises not only in segmentmation of 
images. By generalizing the problem, we would like 
to find color space(s) close to human color percep- 
t,ion. \Ve compa.re eleven color space nlodels ba.sed 
on t.he result,s of pixel color classificat,ion and region 
segment.at.ion performed by hulllan subjects. 

2 Color spaces for conlparison 

TI)(. following eleven color space ~nodels are com- 
['"'"I. 

l R G B  color space 

l HSV color spaces: 
Smit 11 model['2], Joblove 1nodel[3], Tenenbaum 
motlel[4], New HSV model 1, New HSV model 
2 [5] 
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Figure 1: A tool for color pixel classificat,ion 

o U n i f o r ~ n  lightness and chromaticness 
syste~.ns[G]: 
L*u*v* model, L*a*l~* moclel 

l Linear transformation models: 
Opponent color axes model[7], YIQ model, YES 
moclel[8] 

3 Experinlents on color pixel classifi- 
cation and region segmentation by 
hunlans 

3.1 Experiment on pixel classification 
based on color only by humans 

We made two experiments to  see how human sub- 
jects classify color pixels in a color image. In the first 
one, subjects a.re asked t,o cla.ssify color pixels with- 
out knowing its position or neighbors' colors in the 
image. 

A tool used for t.he experiment is sho\vn in Figure 
1. On the left a set of pixels selected ranclolnly one 
after anot,l~er from the image are shown. The subject, 
must classify them into t,he bins on the right. The 
crit,erion for classification is left t o  the subjects. As 
many as bins needed can be used. This process is re- 
peated for all t,he pixels in t.he images and t,he result, 
of the classification is obtained. As stated above the  
subjects classify pixels based on their colors, without, 
knowing the original images. 

Five subjects carried out t,his experiment. T h e  
time required for classification of pixels in a n  image 
is about two weeks, three hours a day, in average. 



3.2 Experiment of segmentation by hu- 
mans 

In the seconcl esperirnent the sul~ject~s are a.sketl 
to segnie~it the images into the regions considered to 
I)e of similar colors by seeing tlie images. Thus in 
this experiment, man-made results of region segnien- 
t.ation of tlie image are proc-luced. Moreover, each 
region is assignetl to one of tlie color set.s, which is 
c:onsitlerrtl as a similar color. Tliree s ~ i h j e c t , ~  per- 
formed t,his experiment. I t  book about t,hree hours 
in a.verage per i11ia.g~ 

3.3 Making standard color classification 
results and standard segmentation 
results 

Tlie color classification results ancl t.he segmenta- 
tion resl~lt,s differ from suhjects to subjects, so we 
would like to integrate into one result, respectively, 
by collectirig common set of color cla.sses (i.e., pixels 
or regions) from the inclividual subject , '~ result. 

Figure 2 sliows inclusion relat,ioris among color 
set.s madt. I>y t.wo s~tbject,s. Color sets specifiecl by 
each s~~l),ject. rarely cross over tlie t~o~lntlaries ~l~atlc? 
by common bigger groups of color set,s. Tlius t,he 
heart of tlie process is fintling such a cominoli group 
of color sets. Tlie standard color classicat,ion  result,^ 
are made by the fo l lo~~ ing  two st,eps: 

1. From tlie inclusion relatiolis among all sub- 
.ject,s' color sets, those wllich can be considered as 
in tlie sanie group a.re chosen, to make a cluster in 
standard classicat,ion  result,^. 

2. Which pixels belong to each cluster are de- 
cided. 

\,Ve applied 6Iie a.bove procedure to I)oth hunlitu 
color classicat,ion result ancl liu~llan seg~llent,at,io~i re- 
sult .  

At. t l ~ e  first st.ep, if a, color set of a  subject,'^ result. 
is i~lcluded in a color set of another subject's result 
with a higher percentage t,lian a specified threslioltl, 
t,liese color sets are merged to for111 a cluster. Tlie 
threshold for inclusion percentage is lowered fro111 
a large value less and less. When the percentage of 
t.he pixels not belonging t,o any clusters becomes less 
t.lian 10 %I, tlie current. inclusiou tahresholcl and t>lle 
results are adopted. At 6his time uncler t,he above 
conclit,ion of color set i~iclusion, t,lie largest numher 
of clust,ers are ge~ierat~etl. This processing is iterated 
for all color sets of all sul)jects' results alicl tlie clus- 
t.ers of t.lie st,aildarcl result are tleriverl by merging 
the color sets in this way. In case of nlaliing t,he 
st,antlard segnlent.ecl result,, we subslitute pixel sets 
for t.he color sets in the above procedure. 

The next step is to assign the pixels to t,he clusters 
of tlie st.antlartl classification result. or the stal~clarcl 
segmenta.tion result derived in the precetling step. 
'rhe pixels classifietl into t,he same cluster hy  illore 
than a half of the subjects, belong to t,liat clust.er, 
ant1 tlie pixels not I>elonging to any cluster are la- 
heled as rrnclassified pixels. 

color sets of subject AO 
color sets of subject Eka 

a common gap 

Figure 2: Exa.niple of inclusion relat,ion among color 
sets 

4 Criteria for comparison of color 
nlodels 

\\'e compare eleven color motlels using hlunsell 
color chart., st.andartl classificat.ion results a.ntl stJan- 
tlarcl seg~nerit.ation results. 

For a color model to be close t,o liuman color per- 
cept,ion, 1) t,he tlist.ances between colors s l i o ~ ~ l d  he 
nearly equal for an eq~iclist~autly arranged color s r t  
in Iiunian pescept,ioii, 2) t,he colors t,hat liunians re- 
garcl as similar slioultl gather densely ancl co~npactly,  
3 )  t,wo color set.s that  humans regard clifferent should 
be sul5ciently apart .  Therefore, we clefilie tlie follow- 
ing three criteria. 

1. Unifor~n clist.ances bet,ween adjacent colors 

\Ve measure it.em 1 using the hlunsell color chart. 
ant1 items 2 ant1 3 using st,antlard cla.~sifcat,ion re- 
sults ancl stanrlard segmentation resu1t.s. 

We defi~ie t,he nniformity of color arrangement by 
the norma.lized sta~ldarcl deviat.ion li of clistances 
between acljacent colors, i.e., 

where OD is calculated by tlie following equation and 
1' is t.he volume of t,lie color space in consideration. 
For the volumes of color ~noclels are different,, we 
neecl the iior~llalizatioil by the volume of the color 
space. 

where t,he ~umniat~ion is niatle over all pairs of atlja- 
cent. colors ( i ,  j), N ,  is t.lie nuinber of t.hose pairs 
ant1 d(Pi  ,Pj) is tlie Euclidean dista.nce between the 
points representing color i ant1 color j in the speci- 
fied color space. 

For cliecking tlie uniformity of color spaces we 
usetl t,lie hlunsell color chart ,  which is supposed to 
have an eqoiclist,ant arrangement of colors from the 
liunian perceptual view. We first calculntetl (R ,G,B)  



F~gr~r t .  3. ( ' n l c~~ la t  in& tlie s rpa rn l )~ l~ t  y 

\alr~c> fro111 the ( . I . %  !I, 1-C) value ahsociate(l W I ~ I I  enclr 
Rl~~n\c>ll color v ~ n ~ l ) l t >  n ~ ~ c l  convrrtt~tl ~t to the \slur 
Ill  cYlch ~ I ' P C I ~ ~ C  color Sl)?lCt>. 

I\ wt  of p~xt'l\ \ V I I I C I ~  I i~i~iinns rc.gartl as tllc. same 
color hl~oultl gat 11c.r t ~glit ly 111 tlie color space. \Ve 
~ l ~ t w h l ~ r e  t l l ~  (Iegrc~t' of co~rct'ntration of cIust('rs l)y 

.w 
( I  = C n:/\; (3)  

1 = 1  

I V I I P ~ ( ,  .l' is tilt' 1111111l)(,r of cluster5 and a, 15 the stan- 
tlartl t l e ~ i a t ~ o n  o f  clr~<t(,r 1 in tlie color sl>acc>. \irliiclr 

I-Ivre 11; is tllr 111111il~(~r of pixels 1)elonging to cluster 
I ,  ( / ( p , ,  ? ) , k  ) i s l  h(' Eucli(lt'a.11 tlist,ance I)c.t.ween t,he 
c t ,~~ tc~r  / I , ,  of cIust(~r I n ~ ~ c l  t.lie color p ; k  of the k-tlr 
pisc'l 1)rlonging t,o clr~st~er i . 

\\.e I>orro\v a lileasure fiom t.he discrin~inant anal- 
ysis for t,he clegree of sel)a.ral)ilit.y. 

Tlie color feat,ures of pixels are pro.ject.ed on t,he 
st.raight line passing through t,lie cent,ers of tlie two 
clust.ers in coosicleration, t,o reduce t,hree dimensions 
into one clin~ensiou (see Figure 3).  

The tlegree of selmrahilitmy 17 is definetl a.s follows: 

Fig~~rc, 3: Input inlnges 

wI1t,re l i s l ,  I I I?  arc. occurrence probabilit,ies of clusters 
I ant1 2, respect,ively, ancl n' is t.he tot,al variance 
over two clusters, calculat,ed I,y 

wl~ere 112 a.re t,he averages in clust.ers 1 and 2, 
ant1 a:, (T: are t.lw variances wit,liin clusters 1 ancl 2, 
rrslwct,ively. \\:hen t.he number of pixels containrd 
in each cluster does not cliffer so much, 11 is a good 
nieasure for separal1i1it.y. If t,lie numbers of pixels in 
t,wo clusters are cluit,e ~lifferent~, the t,otjal n' is pulletl 
t.o t,hr va.ria.nce (a: or n i )  of the larger clust,er. In 
t'liis case 11 close not show the degree of separabil- 
ity al)propriat,ely. In real images, sricli a case often 
occurs. \Ye \)alance tlie populations of the two clus- 
t,ers as if dl = ~2 ant1 calculat,e 11 t,o ol~t.ain a I,et.t,er 
tlegree of separal)ilit y. 

T l i ~  tlt.grc~ of sel)aral)ilil'y is nleasr~retl for eac l~  
pilir of clr~st.c.rs. The tlegrec, of sepnr;tl)ility for a 
whole ima,gc. is tl(!fi ~lecl as t.he gc'o~nc't,ric 1111'a11 of 
t,he tlt.grec~s of st~l)ara.l>ilit,y over all pairs of clllsters. 
The reitson for using tlie geolnet,ric meall is i f  tlierr. 
are poor separations for one or Inore pairs of clus- 
t,ers, the sepa.ra.hility of t,he segmenta.tion as a wliole 
sl~oulcl be low. 

5 Experiineiltal Results 

5.1 Standard classification results and 
standard segmentation results 

The color images usrtl in t,liis st,r~dy are sllown in 
Figure 4. 

Figure 5 sliows the sta.ndard classificat,ion result,s 
producecl by the proceclr~re in 3.3 from the classifi- 
catsion resolt,s of five su1~ject.s. Tlie st,al>ility of st .a~i-  
(lard classifica.t.ion result,s was esaminetl Ily compar- 
ing t , l~e result,s wit,li t,he one produced froru t l ~ e  clas- 
sif i~at~ion result,s of four su l> j t~ t , s  (i.e., olle suhject, 
esclurletl). As a, consecluence t , l i ~  st,antlartl classi- 
fica.tion result of 'fruit,' image was fount1 u~ i s t a l~ le .  
For t.lris reason it was re~novetl from the evall~at,ion 
of color space models. 

Figure (j sliows st,andarcl segnientat,ion result,s 
made from tlie segment,ation result,s of t,hrer sub- 
jec t .~ .  The st,al)ility of each segmentation resr~lt was 
also i~lvest~igatecl and t,llere was no problem in t,heir 
st,al)ilit,y. 

5.2 Colnparative evaluation of color 
space models 

Ulliforill distailces between acljacc:nt colors 



belle tenki bene 

Iiome hada.iro home hada.iro 
n, = 4,  r,  = 8 5 % , r . ,  ~ 3 . 0 %  n ,  = 6 , r ,  = 85'7) ,r ,  = 5.3% 

I'rr~lt, tumiki fruit tumiki 
n C = 4 , r , = 7 5 % , r , = 9 8 %  n C = 6 , r , = 9 5 % , r , = O 8 5 %  n ,  = 8 , r ,  = 8 5 % , r ,  ~ 7 . 8 %  n c = 6 , r ,  = 9 5 % , r ,  = O 6 0 %  

Figure 5: Standard classificatioll results 
71,: t.lle number of clust.ers 

I.; : threshold for inclusion relation 
r, ,:  percentage of unclassified pixels 

Figure 6: Standard segmenta.tion results 
n,, ra, r,:  the same a.s in Figure 5 

color space and linear transformatiotl models have 
The  uniformitmy of color arrangenlent in three di- poor separahi1it.y. 

rect,iolls (hue, sat,urat.ion, value) using Munsell color Table 1 summarizes tlie three kinds of evalua- 
chart. is sliown in Figure 7. The sma.ller the value is, 
t,he het.t,er the color space is. L*a*b* model is tlie t,ions. Scores in each column are norti~alizetl by t,he 

best score among 11 color motlels. The  smaller t,he best. ant1 Jol>love 11lodel follows next. The opponent value is, tlie better the color spa.ce is. 
color axes motlel and RGB color spa.ce are the worst. 
Concelltration of clusters 

Figures X ant1 9 show t,he concentrat,ion of clus- 
t.ers for t,he st,anclard classification results and for 
the standard segment.at.ion  result,^, re~pect~ively. The 
sma.ller t,he value is, the better the color space is. 
Botli t,wo graphs show a similar tendency. L*a*b* 
moclel is t,lle hest. and Joblove model is t,he second. 
RGB color space, t.he opponent color axes model, 
YES, ancl YIQ models show poor concentration. 
Separability between clusters 

Figures 10 and 11 show normalized geometric 
nleall of 71, wliicll is calculated by dividing each value 
of geometric rnean of 11 by the best (biggest) value 
a.mong tlie values for 11 color models. Figure 10 is 
for t,lie ~ t ~ a n d a r d  classification results and Figure 11 
is for the stantlard segmentation results. 

There is a, small difference of the performances be- 
t,ween tjwo  result,^. L*u*v* model shows t,he best sep- 
arability for the st.antlard classification results, while 
Smith model s l~ows the best for the standard seg- 
ment,ation results. Smit,li model, New HSV illode1 
1 ,  New HSV ~ilotlel 2, L*u*v* model and L*a*b* 
model show good separability in both results. RGB 

We see from Table 1 t.llat on t.he whole L*a*l>* 
and L*u*v* niotlels are close t,o human color per- 
cept,ion, while RGB color space and linear transfor- 
mation models are quit,e different from it. 

0251-f bad 

Figure 7: Uniformity of c.olor arrangement 



Figure 8: ('olicentratlon for standard classificatioll Figure 10: Normalized geometric mean of 11 for stan- 
results dard classification results 
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Figure 9: Concent,ra.t.ion for st,antlartl segn~ent,at,ion ~i~~~~ 11: ~ ~ ~ ~ , , ~ , l i ~ ~ d  geon,et,ric lneall of 1, for st,an- 
resulks cla.rd segment,at,iotl result,s 
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