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t. The human visual system is able to 
orre
tly determine the
olor of obje
ts irrespe
tive of the a
tual light they re
e
t. This abilityto 
ompute 
olor 
onstant des
riptors is an important problem for 
om-puter vision resear
h. We have developed a parallel algorithm for 
olor
onstan
y. The algorithm is based on two fundamental theories of 
olor
onstan
y, the gray world assumption and the white-pat
h retinex algo-rithm. The algorithm's performan
e is demonstrated on several imageswhere obje
ts are illuminated by multiple illuminants.1 MotivationThe human visual system is able to 
orre
tly determine the 
olor of obje
ts irre-spe
tive of the a
tual light re
e
ted by the obje
ts. For instan
e, if a white wallis illuminated with red light, it will re
e
t more red light in 
omparison to theamount of light re
e
ted in the green and blue spe
trum. If the same wall is illu-minated with green light, then the wall will re
e
t more light towards the greenspe
trum. If the s
ene viewed by a human observer is suÆ
iently 
omplex, thewall will nevertheless appear white to a human observer. The human visual sys-tem is somehow able to dis
ount the illuminant and to estimate the re
e
tan
esof the obje
ts in view [24℄. This ability is 
alled 
olor 
onstan
y, as the per
eived
olor remains 
onstant irrespe
tive of the illuminant. Two di�erent me
hanismsmay be used by the human visual system to a
hieve 
olor 
onstan
y [20℄. Wehave devised a parallel algorithm whi
h is based on both of these me
hanism.Previously, we have only used the gray world assumption [8℄.Numerous solutions to the problem of 
olor 
onstan
y have been proposed.Land, a pioneer in 
olor 
onstan
y resear
h has proposed the retinex theory [19℄.Others have added to this resear
h and proposed variants of the retinex theory [2,3, 16, 18℄. Other algorithms for 
olor 
onstan
y in
lude gamut-
onstraint meth-ods [1, 13℄, perspe
tive 
olor 
onstan
y [10℄, 
olor by 
orrelation [11℄, the grayworld assumption [4, 17℄, re
overy of basis fun
tion 
oeÆ
ients [21℄, me
hanismsof light adaptation 
oupled with eye movements [7℄, neural networks [6, 15, 22℄,minimization of an energy fun
tion [23℄, 
omprehensive 
olor normalization [12℄,




ommittee-based methods whi
h 
ombine the output of several di�erent 
olor
onstan
y algorithms [5℄ or use of geneti
 programming [9℄. Most solutions to
olor 
onstan
y only assume a single illuminant. Our algorithm 
an also 
opewith multiple illuminants. It runs on a parallel grid of simple pro
essing elementswhi
h only perform lo
al 
omputations. No global 
omputations are made. Thus,it is s
alable and lends itself to a VLSI implementation.2 Color Image Formation
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Fig. 1. For a Lambertian surfa
e the amount of re
e
ted light does not depend onviewing angle (left). It only depends on the angle between the surfa
e normal and thedire
tion of the light sour
e. Part of the in
oming light is absorbed by the surfa
e, theremainder is re
e
ted equally in all dire
tions. We assume that the sensor's responsefun
tion is des
ribed by a delta fun
tion. Thus only three di�erent wavelength (red,green and blue) need to be 
onsidered (right).Assume that we have an obje
t with a Lambertian surfa
e. Let a ray of lightwith intensity L(�) and wavelength � be re
e
ted by this obje
t. Let xo be theposition where the ray hits the obje
t. Part of the light is absorbed by the obje
t,the remainder is re
e
ted equally in all dire
tion. For a Lambertian surfa
e thelight rea
hing the eye does not depend on viewing angle. It only depends on theangle between the surfa
e normal and the dire
tion of the light sour
e (Figure1). The response of a sensor at position xs whi
h measures the re
e
ted ray isgiven by I(xs) = nl � no Z� R(�;xo)L(�)S(�)d� (1)where I(xs) is a ve
tor of sensor responses, nl is the unit ve
tor pointing inthe dire
tion of the light sour
e, no is the unit ve
tor 
orresponding to thesurfa
e normal, R(�;xo) spe
i�es the per
entage of light re
e
ted by the surfa
e,



and S(�) spe
i�es the sensor's response fun
tions [12℄. The sensor's response is
al
ulated by integrating over all wavelengths to whi
h the sensor responds.If we assume ideal sensors for red, green and blue light, the sensor's re-sponse fun
tion is given by a delta fun
tion (Si(�) = Æ(� � �i)) with i 2fred; green; blueg. If we also assume that the light sour
e illuminates the sur-fa
e at a right angle, the above equation simpli�es toIi(xs) = R(�i;xo)L(�i) (2)where Ii(xs) denotes the i-th 
omponent of the ve
tor I(xs). Thus, the lightwhi
h illuminates the s
ene is s
aled by the re
e
tan
es.The light illuminating the s
ene 
an be re
overed easily if the image 
ontainsat least one pixel for ea
h band whi
h re
e
ts all light for this parti
ular band.We only need to loop over all pixel values, and re
ord the maximum intensityvalues for all three bands. Using these three values we res
ale all 
olor bands tothe range [0; 1℄. R(�i;xo) = Ii(xs)Lmax(�i) (3)with Lmax(�i) = maxxfIi(x)g. This algorithm is 
alled the white-pat
h retinexalgorithm [14℄.A se
ond algorithm for 
olor 
onstan
y is based on the assumption thatthe average 
olor is gray. If we assume that the re
e
tan
es of the surfa
e areuniformly distributed over the interval [0; 1℄, the average value will be 0.5 for allbands [9℄. 1N NXx Ii(x) = 1N NXx R(�i;x)L(�i)= L(�i) 1N NXx R(�i;x)= L(�i)12 (4)Thus, spa
e average 
olor 
an be used to estimate the intensities of the lightilluminating the s
ene. The light illuminating the s
ene is simply twi
e the spa
eaverage 
olor. L(�i) = 2N NXx Ii(x) (5)The re
e
tan
es 
an then be 
al
ulated as follows.R(�i;xo) = Ii(xs)L(�i) (6)Both 
ues, spa
e-average s
ene 
olor as well as the 
olor of the highest luminan
epat
h may be used by the human visual system to estimate the 
olor of the lightilluminating the s
ene [20℄.



3 Cal
ulating Lo
al Spa
e Average Color
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h pro
essing element is 
onne
ted to four neighbors (left). We have onepro
essing element for ea
h pixel of the input image (right).Our algorithm runs on a parallel grid of pro
essing elements. Ea
h pro
essingelement is 
onne
ted to four other pro
essing elements (Figure 2). We have oneelement per pixel. A single element is 
onne
ted to the elements on the left, onthe right as well as to the elements above and below the 
urrent element. For ea
h
olor band red, green, and blue, we 
al
ulate lo
al spa
e average 
olor by averag-ing data from the four neighboring elements and slowly fading the intensity of the
urrent band into the result. Let 
(x; y) = [
red(x; y); 
green(x; y); 
blue(x; y)℄ bethe 
olor of the pixel at position (x; y) and avg(x; y) = [avgred(x; y); avggreen(x; y);avgblue(x; y)℄ be lo
al spa
e average 
olor estimated by element (x; y). Let p1 bea small per
entage. Lo
al spa
e average 
olor is 
omputed by iterating the fol-lowing equation inde�nitely for all three bands i 2 fred; green; blueg.ai(x; y) = 14(avgi(x� 1; y) + avgi(x; y � 1) + avgi(x+ 1; y) + avgi(x; y + 1))avgi(x; y) = (1� p1)ai(x; y) + p1 � 
i(x; y) (7)In 
ase of a stati
 image, we 
an stop the 
al
ulations after the di�eren
e betweenthe old and the new estimate has been redu
ed to a small value. A sample
al
ulation for a s
ene illuminated with two di�erent illuminants is shown inFigure 3.The 
al
ulations are done independently for all three 
olor bands red, green,and blue. The �rst term averages the data from neighboring elements and mul-tiplies the result with (1�p1). The se
ond term is the lo
al 
olor multiplied by asmall per
entage p1. This operation slowly fades the lo
al 
olor into the 
urrentestimate of the lo
al spa
e average 
olor. The fa
tor p1 determines the extentover whi
h lo
al spa
e average 
olor will be 
omputed. As lo
al average 
olor is



Fig. 3. Spa
e average 
olor after 50, 200, 1000 and 5000 iterations of the algorithm.handed from one element to the next, it will be multiplied by (1� p1). Thus, ifp1 is large, the in
uen
e of lo
al spa
e average 
olor will de
ay very fast fromone element to the next. On the other hand, if p1 is small, then it will de
ayvery slowly.4 Parallel Dynami
 Range EstimationWe now have lo
al average 
olor and the input 
olor available at every pro
essingelement. In order to restore the original 
olors of the image we look at thedeviation from lo
al average 
olor. Let di(x; y) be the deviation between lo
alaverage 
olor and the 
urrent 
olor at position (x; y). We take the maximuma
ross neighboring elements:d0i(x; y) = maxfjavgi� 
ij; di(x� 1; y); di(x; y� 1); di(x+1; y); di(x; y+1)g (8)Finally, we redu
e the maximum deviation by a small per
entage p2.di = (1� p2)d0i (9)The fa
tor p2 determines how fast the deviation de
ays to zero as it is passedfrom element to element. This deviation is used to s
ale the di�eren
e betweenthe 
urrent 
olor and lo
al spa
e average 
olor.oi = (
i � avgi)di (10)Finally a sigmoidal a
tivation fun
tion is used to transform the 
omputed valueto the range [0,1℄. ri = 11 + e� oi� (11)If oi is 
lose to zero, i.e. lo
al average 
olor and the 
olor of the 
urrent pixel isvery similar, then the output 
olor ri will be gray. We also experimented with alinear transformation. In this 
ase, output 
olor is 
omputed as follows:ri = 12(1 + oi) (12)



Values smaller than 0 are set to zero and values larger than 1 are set to 1. Thedi�eren
e between the sigmoidal and linear transformation are shown in Figure4. Use of the sigmoidal transfer fun
tion produ
ed better results.

Fig. 4. A linear output fun
tion was used for the left image. A sigmoidal output fun
-tion was used for the right image. The 
olors of the left image look less saturated thanthe 
olors of the right image.5 ResultsThe above algorithm was tested on several real world images. In ea
h 
ase mul-tiple illuminants were used to illuminate the obje
ts in the s
ene. The imageswere taken with an analog SLR 
amera, developed on �lm and then digitized.The digitized images were linearized with a gamma 
orre
tion of 2.2. The algo-rithm was run on the linearized input images. A gamma 
orre
tion of 12:2 wasapplied to the output images. The following parameters were used: p1 = 0:0005,p2 = 0:005, � = 0:2. The size of the input images was 256� 175 pixels. Resultsfor four di�erent input images are shown in Figure 5. The �rst row shows theinput images. The se
ond row shows lo
al average 
olor, the third row shows theabsolute deviation from lo
al average 
olor and the last row shows the outputimages of our algorithm. The �rst three images show obje
ts illuminated withtwo 
olored light bulbs. For the fourth image, the 
amera's built in 
ash wasused to illuminate the s
ene. As 
an be seen from the output images, the algo-rithm is able to adjust the 
olors of the input images. For a s
ene illuminatedwith white light the output is almost equivalent to the input image.6 Con
lusionWe have developed a parallel algorithm for 
olor 
onstan
y. The algorithm 
al-
ulates lo
al spa
e average 
olor and maximum deviation of the 
urrent 
olorfrom lo
al average 
olor. Both 
ues are used to estimate the re
e
tan
es of the



Fig. 5. Results for 4 di�erent input images. Two 
olored illuminants were used for the�rst three images. A 
ash was used to illuminate the obje
ts shown in the last image.obje
ts in view. In this respe
t, the algorithm is a 
ombination of both the grayworld assumption and the white pat
h retinex algorithm. The algorithm's abilityto estimate the re
e
tan
es of the obje
ts in view was demonstrated on severalreal world images taken with multiple illuminants.Referen
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