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Abstract. We presert an algorithm for color classi cation with explicit
illuminan t estimation and compensation. A Gaussianclassi er is trained
with color samples from just one training image. Then, using a simple
diagonal illumination model, the illuminants in a new scenethat con-
tains someof the samesurface classesare estimated in a Maximum Lik e-
lihood framework using the Expectation Maximization algorithm. We
also show how to imposepriors on the illuminan ts, e ectiv ely computing
a Maxim um-A-P osteriori estimation. Experimental results show the ex-
cellent performances of our classi cation algorithm for outdoor images.
1

1 Intro duction

Recognition (or, more generally, classi cation) is a fundamental task in computer
vision. Di erently from clustering/segmertation, the classi cation processrelies
on prior information, in the form of physical modeling and/or of training data,
to assign labels to images or image areas. This paper is concernedwith the
classi cation of outdoor sceneshasedon color. Color featuresare normally used
in such di erent domains as robatics, image databaseindexing, remote sensing,
tracking, and biometrics. Color vectors are generateddirectly by the sensorfor
ead pixel, as opposedto other features, such as texture or optical ow, which
require possibly complex pre{pro cessing.In addition, color information can be
exploited at the local level, enabling simple classi ers that do not needto worry
too much about contextual spatial information.

Color{based classi cation relies on the fact that a surface type is often
uniquely characterized by its re ectance spectrum: di erent surfacetypesusu-
ally have rather dierent re ectance characteristics. Unfortunately, a camera
does not take direct re ectance measuremets. Even neglecting specular and
non{Lambertian componerts, the spectral distribution of the radiance from a
surfaceis a function of the illuminant spectrum (or spectra) as much as of the
surface re ectance. The illuminant spectrum is in this context a nuisance pa-
rameter, inducing an undesired degreeof randomnessto the perceived color of
a surface. Unless one is interested solely in surfaceswith a highly distinctiv e
re ectance (such asthe bright targets often usedin laboratory robotics exper-
iments), ambiguity and therefore misclassi cation will arise when surfacesare
illuminated by \unfamiliar" light.
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One way to reducethe dependenceon the illuminant is to use more training
data and sophisticated statistical modelsto represert the color variabilit y. This is
feasibleif the spaceof possibleilluminants is not too broad, meaningthat we can
hope to sampleit adequately For example,in the caseof outdoor scenegwhich
are of interest to this work), the spectrum of the illuminant (direct sunlight or
di use light and shade)can be well modeled by a low{dimensional linear space.
Thus, by collecting many image samplesof the surfacesof interest under all ex-
pected light conditions, one may derive the complete statistical distribution of
colorswithin ead classconsidered,and therefore build a Bayesianclassi er that
can e ectiv ely cope with variation of illumination. This approach was taken by
the author and colleaguesfor the designand implemertation of the color{based
terrain typing subsystemof the eXperimental Unmanned Vehicle (XUV) DEMO
111 [5], which provided excellent classi cation performances.Unfortunately, col-
lecting and hand{lab eling extensive training data sets may be dicult, time{
consuming, and impractical or impossiblein many real{world scenarios. This
prompted usto study an orthogonal approad, relying on a model{based, rather
than exemplar{based, description of the data. Our algorithm aims to decou-
ple the cortribution of the re ectance and of the illumination componerts to
the color distribution within ead surface class, and to explicitly recover and
compensatefor variations of the illuminant (or illuminants) in the scene.Both
componerts (re ectance and illuminant) are modeled by suitable (and simple)
statistical distributions. The cortribution of re ectance to the color distribution
is learned by observing ead classunder just one\canonical" illuminant, possi-
bly within a single training image. To model the contribution of illumination,
one may either directly hard{code existing chromaticity daylight curves[4] into
the system, or learn the relevant parametersfrom a data set of obsenations of
a xed target (such as a color chart) under a wide variety of illumination con-
ditions. Note that illuminant priors learning is performed onceand for all, even
before choosing the classesof interest.

The estimation of the illuminants presert in the scenetogether with the de-
termination of which illuminant impinges on eat surfaceelemen, is performed
by a Maximum{A{P osteriori (MAP) algorithm based on the distributions es-
timated in the training phase. Our formulation of the MAP criterion is very
similar to the one by Tsin et al. [3]. Our work, however, di ers from [3] in two
main aspects. Firstly, [3] requires that a number of imagesof the samescene,
containing the surfacetypes of interest, are collected by a xed cameraunder
variable lighting conditions. While this training procedure may be feasible for
surveillance systemswith still cameras,it is impractical for other applications
(such as robotics). As mentioned earlier, our system only requires one image
containing the surfacesof interest under a singleilluminant. Secondly our algo-
rithm is conceptually and computationally simpler than [3]. Instead of an ad{hoc
procedure,we rely on the well{understood Expectation Maximization algorithm
for illuminant parameter estimation. A simple modi cation of the EM algorithm
allows usto include the prior distribution of the illuminant parametersfor atruly
Bayesianestimation. llluminant priors are critical when dealingwith sceneson-



taining surfacesthat were not usedduring training. Without prior knowledge of
the actual statistics of illuminant parameters,the system would be tempted to
\explain too much" of the scenethat is, to model the color of a never seenbefore
surfaceasthe transformation of a known re ectance under a very unlikely light.
To further shield the algorithm from the in uence of \outlier" surfaces,we also
augmert the set of classeswith a non{informativ e classdistribution, a standard
procedurein similar cases.The price to pay for the simplicity of our algorithm is
a lessaccurate model of color production than in [3], which potentially may lead
to lower accuracyin the illuminant compensation process.We usethe diagonal
model [8] to relate the variation of the illuminant spectrum to the perceived
color. It is well known that a single diagonal color transformation cannot, in
general, accurately predict the new colors of di erent surfacetypes. However,
we arguethat the computational advantagesof using such a simple model largely
o0 set the possibly inaccurate color prediction. Note that other researders have
usedthe diagonal color transformation for classi cation purposes(e.g.[12]).

2 The Algorithm

Assumethat K surfaceclasseof interest have beenidenti ed, and that training
hasbeenperformed over one or more images,where all samplesusedfor training
are illuminated by the sameilluminant. Let p(cjk) denote the conditional like-
lihood over colors ¢ for the classmodel k, as estimated from the training data.
The total likelihood of color c is thus

X
p(c) = Pk (K)p(cik) 1)
k=1
where Pk (k) is the prior probability of surfaceclassk. In general,a sceneto be
classi ed contains a number of surfaces,some(but not all) of which belongto the
set of classesusedfor training, and are illuminated by one or more illuminants
which may be di erent from the illuminant usedfor training. Assumethere are
L possibleilluminant typesin the scene.Let ¢ be the color of the pixel which is
the projection of a certain surfacepatch under illuminant type |. We will denote
by F,(c) the operator that transforms c into the color that would be seenif the
illuminant of type | had the same spectrum as the one used for training, all
other conditions being the same(remember that only oneilluminant is usedfor
training). Then, one may compute the conditional likelihood of a color c in a
test image given surfaceclassk, illuminant type I, and transformation F,:

pr (ck;1) = p(Fi(Q)jk)jI (Fi)ic )

wherejJ (F))jc is the absolute value of the Jacobian of F; at c.

We will begin our analysis by making the following assumptions: 1) The
surface classand illuminant type at any given pixel are mutually independen
random variables; 2) The surfaceclassand illuminant type at any given pixel
are independert of the surfaceclassesand illuminant typesat nearby pixels; 3)



The color of any given pixel is indepedert of the color of nearby pixels, even
when they correspond to the same surface classand illuminant type; 4) Each
surfaceelemen isilluminated by just oneilluminant. Assumption 1) is fairly well
justi ed: the fact that a surfaceis under direct sunlight or in the shadeshould
be independent of the surfacetype. It should be noticed, however, that in case
of \rough" surfaces(e.g., foliage), self{shading will always be presen evenwhen
the surfaceis under direct sunlight. Assumption 2) is not very realistic: nearby
pixels are very likely to belongto the samesurface classand illuminant type.
This is indeed a general problem in computer vision, by no meansspeci ¢ to
this particular application. We can therefore resort to standard approacesto
deal with spatial coherence[16,15]. The \indep endert noise" assumption 3) is
perhapsnot fully realistic (nearby pixels of the samesmooth surfaceunder the
sameilluminant will have similar color), but, in our experience,it is a rather
harmless, and computationally quite conveniert, hypothesis. Assumption 4) is
a very good approximation for outdoor sceneswhere the only two illuminants
(excluding inter{re ections) are direct sunlight and di use light (shade) [1].

With sudh assumptionsin place,we may write the total log{lik elihood of the
collection of color points in the image, C, giventhe set of L transformations Fy,
as

X X X
Le(C)=  log Pk L (ki ) pr (c(x)jk; 1) ®3)
X 1=1 k=1
X XX
= log Pk (K)PL (P(F1 (€00))iK)}3 (F e
X 1=1 k=1
where ¢(x) is the color at pixel x, and we factorized the joint prior distribution
of surface class and illuminant type (Px L (k;1) = Pk (k)P (1)) according to
Assumption 1. Note that the rst summation extends over all image pixels,
and that L and K are the number of possibleilluminants and surface classes,
which are supposedto be known in advance. In our experiments with outdoor
sceneswe always assumedthat only two illuminants (sunlight and di use light)
were be presen, hencelL=2.

Our goal here is to estimate the L transformations f F,g from the image C,
knowing the conditional likelihoods p(cjk) and the priors Pk (k) and P_ (I). Once
such transformations have beenestimated, we may assignead pixel x a surface
classk and illuminant typel asby

fk;lg=arg max Pk (K)PL (1)p(Fi(c(x))jk)jI (Fi)ic(x) (4)

Wewill rst present a ML strategy to determinef Fg, which maximizesthe total
image log{lik elihood (3). In Section 2.3, we will shav how existing priors on the
color transformations can be usedin a MAP setting.

2.1 Estimating the llluminan t Parameters

As mentioned in the Introduction, we will restrict our attention to diagonal
transformations of the type Fi(c) = D,c, where D, = diag(d;.1;d;2;d;.3). Note



that in this case,jJ (Fi)jex) = jdi;10;20;3]. To make the optimization problem
more tractable, we will assumethat p(cjk) 2 N ( ; «). While this Gaussian
assumption may not be acceptablein general (especially for multimo dal color
distributions), it hasbeenshawn in the literature that mixtures of Gaussianscan
successfullymodel color distributions [5,19]. The extension of our optimization
algorithm to the caseof Gaussianmixtures is trivial.

The optimal set of 3L color transformation coe cien ts f d.,, g can be found
using Expectation Maximization (EM) [13]. EM is an iterativ e algorithm that
re{estimates the model parameters in such a way that the total image log{
likelihood, Lg (C), is increasedat ead iteration. It is shavn in Appendix A that
ead iteration is comprised of L independen estimations, one per illuminant
type. For the I{th illuminant type, one needsto compute

@ #
fd.m g= arg max u logjdimj 0:5d°%Gid, + H| (5)
m=1
whered, = (d; 1;d:2;d:3)% The scalaru;, the 3x3 matrix G, and the 3x1 vector
H, are de ned in Appendix A, and are re{computed at ead iteration. Our task
now is to minimize (5) over (d;. 1; d. 2; d.. 3). Note that the partial derivativeswith
respect to d.m of the function to be maximized can be computed explicitely.
Setting such partial derivativesto zero yields the following system of quadratic
equationsfor m = 1; )2(; 3:

Gi:m:s di:s dim Him dim u=0 (6)
S

While this system cannot be solved in closedform, we note that if two variables
(say, d.1 and d;.,) are kept xed, then the partial derivative of (5) with respect
to the third variable can be set to 0 by solving a simple quadratic equation.
Hence,we can minimize (5) by usingthe Direction Setmethod [14],i.e. iterating
function minimization over the three axesuntil some cornvergencecriterion is
reached. Note that this is a very fast maximization procedure, and that its
complexity is independert of the number of pixels in the image.

2.2 Outliers

Any classi cation algorithm should accourt for \unexp ected" situations that
werenot consideredduring training, by recognizingoutlier or \none of the above"
points. A popular strategy treats outliers asan additional class,for which a prior
probability and a least informativ e conditional likelihood are de ned [20]. For
example, if one knows that the obsenables can only occupy a bounded region
in the measuremen space(a realistic assumptionin the caseof color features),
one may allocate a uniform outlier distribution over such a region.

In our work, we de ned an outlier surface classwith an assaiated uniform
conditional likelihood over the color cube [0 : 255F. Note that the outlier class
contributes to the parameter estimation only indirectly, in the sensethat equa-
tion (2) doesnot apply to it. In other words, color transformations do not change
the conditional likelihood given the outlier class.



2.3 Imp osing illuminan t priors

A problem with the approac detailed above is that the algorithm, when pre-
serted with sceneghat contain surfaceswith very di erent colorsfrom the ones
usedfor training, may arbitrarily \in vent" unusual illuminant in order to maxi-
mize the scenelikelihood. llluminant spectral distributions in outdoor sceneare
rather constrained [4, 1]; this obsenation should be exploited to reducethe risk
of such catastrophic situations. Prior distributions on the parameterscan indeed
be pluggedinto the sameEM machinery usedfor Maximum Likelihood by suit-
ably modifying the function to be maximized at ead iteration. More precisely
asdiscussedn [13],imposing a prior distribution on the parameter d translated
into adding the term logpp (f D;g) to the function Q fD,g;fDPg in Appendix
A beforethe maximization step. Assumingthat the di erent illuminants in the
sceneare statistically independert, we may write

X
logpp (fDQ) = logpq(dh) (7)
|

whered, = (d; 1;d;2;d:3)% We will assumethat all L illuminant typeshave the
sameprior probability.

One way to represen the illuminant priors could be to start from the CIE
parametric curve, thus deriving a statistical model for the matrices D|. Another
approadch, which we usedin this work, is to take a number of pictures of the
sametarget under a large number of illumination conditions, and analyze the
variabilit y of the color transformation matrices. For example,in our experiments
we took 39 pictures of the Macbeth color chart at random times during daylight
over the courseof one week. For ead corresponding color squarein ead pair of
imagesin our set, we computed the ratios of the r, g and b color componerts in
the two images.The hope s that the ensentle of all such triplets can adequately
model the distribution of diagonal color transformations. We built a Gaussian
model for the prior distribution of d by computing the mean 4 and covariance

4 of the collected color ratio triplets. These Gaussian priors can be injected
into our algorithm by modifying (5) into
53 #
fdmg=argmax u  logjdimj O5d(G + ,Hd+ H’+ § 4Hd

m=1
(8)
Fortunately, even with this new formulation of the optimization criterion, we
can still usethe Direction Set algorithm for maximization, asin Section2.1.

3 Experiments

3.1 Macb eth Color Chart Exp erimen ts

In order to provide a quartitativ e evaluation of our algorithm's performance,
we rst experimented using mosaicsformed by color squaresextracted from
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Fig. 1. (a) The color squaresused for training (center row) and for testing(top and
bottom row) in the Macbeth color chart experiment. (b) The probability of correct
match P(C) as a function of the total number of distractors for the Macbeth color
chart experiment without illuminant compensation (solid line), with ML illuminant
compensation (dotted line), with MAP illuminant compensation without the outlier
class (dashed line), and with MAP illuminant compensation using the outlier class
(dashed{dotted line).

pictures of the GretagMacbeth™ chart under di erent illuminations, takenby a
Sory DSC{S75 camer&. We picked 5 colors from the chart (No. 2, 14, 3, 22,11)
as represenativ e of 5 classesof interest. In Figure 1(a) we show the v e colors
as seenunder evening light (after sunset, top row), direct afternoon sunlight
(center row), and di use (shade)afternoon light (bottom row). We ran a number
of experiment by training the system over the color squaresin the middle row
of Figure 1(a), and testing on a mosaic composedby color squaresin the the
top and bottom row, as well as by other colors in the chart (\distractors").

More precisely for eat test we formed two samples,one from the top row and
one from the bottom row of Figure 1(a). Each samplehad a number (randomly
chosenbetween 0 and 5) of color squares,randomly chosenfrom those in the
corresponding row, making sure that at least one of such two sampleswas not
empty. Then, we augmerted ead sample with a number of randomly selected
distractors, that werenot presen in the training set. The test imageis the union
of the two samples.We ran 100tests for eat choice of the number of distractors
per sample(which varied from 0to 3). At ead test, we rst tried to assignead
non{distractor colorin the testimageto oneof the colorsin the training setusing
Euclidean distancein color space.The ratio betweenthe cumulative number of
correct matches and the cumulative number of non{distractors squaresin the
test imagesover all 100tests provides an indication of the probability of correct
match without illuminant compensation. Such value is shawvn in Figure 1(b) by

2 In order to roughly compensatefor the camera's gamma correction, we squared each
color componert before processing.



solid line. Obviously, theseresults do not depend on the number of distractors. In
order to test our illumination compensation algorithm, we added some\virtual
noise"to the colorswithin ead square,by imposinga diagonal covariance matrix
with marginal variances equal to 10® (the reader is reminded that the color
values were squared to reduce the e ect of camera gamma correction). This
arti ce is necessaryin this casebecausethe color distribution in the squares
had extremely small variance, which would create numerical problems in the
implemertation of the EM iterations. We didn't needto add noisein the real{
world tests of Section3.2. The number L of illuminants in the algorithm was set
to 2. The probability of correct match after illuminant compensation using the
ML algorithm of Section 2.1 (without exploiting illuminant priors and without
the outlier class), of the MAP algorithm of Section 2.3 (without the outlier
class), and of the MAP algorithm using the outlier class,are shown in Figure
1(b) by dotted line, dashedline, and dashed{dotted line respectively. Note that
the distractors contribute to the determination of the illuminant parameters,
and therefore a ect the performanceof the illuminant compensation system, as
seenin Figure 1(b). Distractors have a dramatic negative e ect if the illuminant
priors are not taken into consideration, since the system will \in vert" unlikely
illumination parameters. However, the MAP algorithm is much lesssensitive to
distractors; if, in addition, the outlier classis usedin the optimization, we see
that illuminant compensation allows one to increasethe correct match rate by
5{13%.

3.2 Exp erimen ts with Real{W orld Scenes

We tested our algorithm on a number of outdoor sceneswith consisterily good
results. We present two experiments of illuminant{comp ensated color classi -
cation in Figure 2 and 3. Figure 2 (a) and (b) shows two imagesof the same
sceneunder very di erent illuminants. Three color classeswere trained over the
rectangular areasshown in the image of Figure 2 (a), with one Gaussianmode
per class. The result of classi cation after illuminant compensation are shovn
in Figure 2 (c). Pixels coloredin blue are consideredoutliers. Note that for this
set of images, we extended our de nition of outlier to overexposedpixels (i.e.,
pixels that have one or more color componerts equal to 255), which typically
correspond to the visible portion of the sky. Figure 2 (d) shows the illuminant{
compensated image. It is seenthat normalization yields colors that are very
similar to those in the training image. The assignmen of illuminant typesis
shown in Figure 2 (f). Figure 2 (e) shaws the result of classi cation without illu-
minant compensation. In this case,large image areashave beenassignedto the
outlier class,while other areashave beenmisclassi ed. Comparing theseresults
with those of Figure 2 (c) shows the performanceimprovemen enabledby our
illuminant compensation algorithm.

Our secondexperimernt is describedin Figure 3. Figure 3 (a) shows the train-
ing image (three classeswere trained using the pixels within the marked rect-
angles), while Figure 3 (b) shows the test image. The results of classi cation
after illuminant estimation are shown in Figure 3 (c). Pixels coloredin blue are
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Fig. 2. Color classication experiments: (a): training image; (b) test image; (c)
classi cation with illuminant compensation (blue indicates outliers); (d) illuminan t{
compensated version of the test image; (e) classi cation without illuminant compensa-
tion; (f) estimated illuminant distribution (black indicates outliers).

consideredoutliers. The assignmen of illuminant typesis shown in Figure 3 (d),
while Figure 3 (e) shows the illuminant{comp ensatedimage; note how illumi-
nant compensation \casts light" over the shadedareas. The classi er without
illuminant compensation (Figure 3 (f)) nds seweral outlier pixels in the shadow
area. If forced to make a choice without the outlier option (Figure 3 (g)), it
misclassi es the pixels corresponding to stonesin the pathway.
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App endix A

In this Appendix, we shav how the total likelihood Lg (C) can be maximized
over the parameters fd,.m g using Expectation Maximization (EM). Using the
diagonal illumination model, we can rewrite L¢ (C) as

X XX
Lo(C)=  log Pk (K)PL ()p(Dic(x)jk) detjDj ©)
X 1=1 k=1
As customary with the EM procedure,we rst introducethe \hidden" variables
Z1 (X) which represert the (unknown) label assignmerts: z, (x)=1 if the pixel
X is assignedto the illuminant type | and surface classk; zy,(x)=0 otherwise.
We will denote the set of z. (x) over the imageby Z.
The EM algorithm starts from arbitrary values for the diagonal matrices
fDPg, and iterates over the following two steps:

{ Compute
Q fDigifDPg = Erpeg l0gPrp,o(C;Z)iC (10)
= Etppg 109prp,g(CiZ2)iC + Efppg logprp,(2)iC
where EfDlog[jC] represerts expectation over prlog(ZjC).
{ ReplacefDg with argmax Q fD,g;fDg .

Given the assumedindependenceof label assignmelts, and the particular
form chosenfor variables zy. (x), we can write

_ X X X _
logprp,g(CjZ) = Z; logp(Dc(x)jk) (11)
X k=1 I=1



where, given that the conditional likelihood are assumedto be Gaussian:
logp(Dc(x)jk) = 1:51log(2 ) logjdet j (12)
05(Dic(x) k)  '(Dic(x) k)

Also,
X X X
logpsp,g(Z) = Z; (log Pk (k) + log P (1)) 13)
X k=1 I=1
It is easyto seethat
. . X % X_ . .
Efpog 10gprp,¢(Cj2)iC = logp(Dic(x)jK)Prpog(k;ljic(x))  (14)
x k=1 I=1

and

X X X
Efpog 109pip,¢(2)iC = (log Pk (k) + log Py (1)) Pspog(k;lic(x))
X k=1 I=1
(15)
where PfDlog(k; lic(x)) = EfDlog[zk;| (x)] is the posterior probability of surface
classk and illumination typel giventhe obsenation ¢(x) and under color trans-
formation matrices f D g. Using Bayes' rule, we can compute PfDlog(k; ljc(x))
as

Prpog(k; ljc(x) = (16)
P« (K)PL (1)p(DPc(x)jk) detjDPj
Tk 2 Pr (KPL(1)P(DPc(x)jk) det D]
Remenbering that jD,j = jd;. 1d. 2d;. 3j one seesthat

max Q fDyg;fD?g (17)
m 9
" #
X x3
= max uj logjdimj 0:5d°Gid, + H|
fdim 01y moa
whered, = (d;1;d:2;d:3)% and
X X _
u = Prpog(K;1je(x)) (18)
X k=1
X X _
Gims = Skim:s Cm (X)Cs(X)Prpog(K; je(x)) 19)
X k=1
X X x _
Him = Skim:s Cs(X) k;stDf’g(ki|JC(X)) (20)
X k=1 s=1
where S§¢ = 1 Note that the terms in the summation over | in (17) can be

maximized independertly, meaningthat the L setsof diagonal transformations
can be computed independertly at ead iterations.



