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Abstract— In this article we introduce a hierarchical Bayesian
model to estimate a set of colors with a mobile robot. Estimating
colors is particularly important if objects in an environment can
only be distinguished by their color. Since the appearance of
colors can change due to variations in the lighting condition, a
robot needs to adapt its color model to such changes. We propose
a two level Gaussian model in which the lighting conditions
are estimated at the upper level using a switching Kalman
filter. A hierarchical Bayesian technique learns Gaussian priors
from data collected in other environments. Furthermore, since
estimation of the color model depends on knowledge of the
robot’s location, we employ a Rao-Blackwellised particle filter to
maintain a joint posterior over robot positions and lighting con-
ditions. We evaluate the technique in the context of the RoboCup
AIBO league, where a legged AIBO robot has to localize itself in
an environment similar to a soccer field. Our experiments show o a1y adjusted to the pertinent lighting conditions before
that the robot can localize under different lighting conditions
and adapt to changes in the lighting condition, for example, due & 9ame.

Fig. 1. Legged AIBO robots during a RoboCup match. Color information
is extremely important since all robots have the same shape and the outline
of the environment is completely symmetric.

to a light being turned on or off. The main contribution of this article is a hierarchical
Gaussian color model which enables a robot to quickly
. INTRODUCTION adapt to different lighting conditions. The lower level of the

Estimating the state of a robot and its environment is @lor model represents each color in the map by a Gaussian
fundamental task in mobile robotics. Most of the existingdistribution in the raw YUV color space. This level assumes
approaches to state estimation in robotics rely on proximitiat the lighting conditions in the environment are known and
sensors such as ultrasound sensors or laser range-finders. fi‘dsl. Uncertainty in lighting conditions is represented at the
is mostly due to the fact that vision-based techniques requirgper level of the model by a joint Gaussian distribution
more complex world models and sophisticated processing@fer the means of all lower level Gaussians. The estimates
the raw image data. Recently, vision-based state estimatne updated using a switching Kalman filter, which makes
has gained increased interest in the robotics community.te system robust even to sudden changes in the lighting
major reason for this increased interest is the RoboCup chednditions. Hierarchical Bayesian learning is used to extract
lenge, which requires mobile robots to autonomously playdequate priors distributions from data collected in other
soccer (seeww.robocup.org ). In the context of RoboCup, environments. In contrast to the previous approaches, our
vision is the most important sensor, since camera informatiordel takes the dependencies between different colors into
is needed to localize the robot, detect the ball, and distinguigbcount, which allows to adapt even unobserved colors. We
between friendly and opponent robots (cf. Fig. 1). apply our technique in the context of vision-based localiza-

The RoboCup domain poses some challenging probleti®n. The approach uses a Rao-Blackwellised particle filter to
for state estimation, including moving objects, limited comestimate the joint posterior over robot positions and lighting
putational power, and low resolution camera informatioreonditions. Our experiments demonstrate that an AIBO robot
Fortunately, the environment in RoboCup is highly cornean effectively localize in its environment using our approach
strained in that an accurate map of the environment is knowsithout color calibration and even under rapidly changing
in advance and objects can be identified by their uniforlighting conditions.
colors. To make use of colors, a robot has to map the rawln the following section we introduce the hierarchical color
color values observed with its camera to the colors in thmodel. We first show how the color model can be updated
map. The key problem in this context is that the appearangiwen the robot's position and describe how a Bayesian
of these colors can change drastically under different lightinggior over lighting conditions can be learned. The next
conditions. For this reason, most vision systems used section then describes the Rao-Blackwellised particle filter to
RoboCup rely on color classification approaches which asenultaneously localize the robot and update the color model.



Before concluding, we present experiments that demonstraggnting conditions, we assume that the YUV valuesorre-
the advantages of our technique. sponding to map colom, with 1 < m < M, are distributed
according to a Gaussian:

plc|m) = N(c; 0m],v) 1)

Il. RELATED WORK

Dealing with changing lighting conditions is an important
problem in computer vision. The most general approach ktereé[m| = (ym, tm, vy) is the mean of the Gaussian repre-
solve the problem is known as color constancy, where the ag@nting map colom. The covariance matrix is assumed to
is to determine the physical properties of the illuminant frorae diagonal and identical for all map colors. Under these as-
images (seeg.qg, [10]). In principal, such an approach allowssumptions, the low level color model is completely specified
to compensate for any change in the lighting condition, if they a3 dimensional mean vectér= (¢[1], ..., 0[M]). We
appearance of the colors under some reference illuminanwil now describe the upper level, which estimates lighting
known. However, the algorithms make simplifying assumggonditions,i.e., distributions over mean vectots
tions about properties of surfaces in the images, which can
lead to failure to determine the true illuminant. Most adaptive’
vision applications rely on highly specialized solutions. In 1) Linear Gaussian modelWhenever a robot is placed
the surveillance domain, for example, Gaussian mixtures 40 @ new environment, it has to estimate the lighting
used to learn and adapt color models of individual pixe;gonditions of this environment. In Bayesian filtering, this is
of camera images, in order to reliably distinguish betwedlpne by estimating the posterior over the lighting conditions
moving objects and static background [11]. (col_or mean vectof) conditione(_:i on the Qata observed in the

Techniques for dealing with varying lighting condition€nvironment. The data up to tine consists of a sequence
have gained increased interest in RoboCup as well. [8] camera images:;,. For now, let us assume that we
discretize the color space using a grid and adapt indepddlditionally know the locations;.; at which these images
dent multinomials over the color class membership for tH¥ere taken. Using the 3d map of the environment along
individual cells. While this technique allows for efficientVith these locations allows us to determine the map color
color classification and updates using lookup tables, it ignor8s for each pixel in each camera image. By averaging over
dependencies between color cells. [9] use independent thrdélg- YUV values of the pixels assigned to each map color,
olds on the U and V channels of the colors to facilitate eddle!S Possible to extract a color mean vectgr from each
detection. Their technique makes very restrictive assumptidi@g€ z; *- These color mean vectors are used to estimate
and it is not clear how it can be applied beyond RoboCuti'e posterior oyer_llghtmg conditions. Under_the assumption
Finally, [8] propose an active contour approach to ba pat the prior d|§tr|put|qn over mean yectors IS.GaUSSI?:.In and
tracking and robot localization. Instead of relying on colofhat the change in lighting conditions is approximately linear,
classification, expectation maximization is employed to fit 4 ¢an estimate this posterior using a linear Kalman filter.
contour to objects by maximizing local image statistics at 10 S€€, |efuo andX, denote the mean and covariance of
the object boundary. Their approach does not take varyiHi Gaussian prior over color mean vect@rghe3M x3M
lighting conditions into account and could be combined witRovariance matrix represents the uncertainty in the lighting
our technique to achieve adaptivity. In contrast to existifgPhdition as a robot enters a new environment. Under the

techniques, our approach performs a joint estimate over lgnegrity assumptions., the pos'terior over lighting conditions
colors in an environment and performs a joint estimate ovt timek, denotedd;,, is Gaussian:

robot locations and lighting conditions. Conditioning on the POk | T1k) = N(Ok; p, Xi) 2)

robot’s location allows us to learn the lighting condition . . .
. : The posterior parameters can be estimated recursively as
from the correct pixel labels obtained from a 3d map of the -
e = k-1 + Ki(tk — pe—1) 3)

environment. v
Y = (I —Ky) Xk, (4)

Estimating lighting conditions

IIl. A DAPTIVE, HIERARCHICAL COLOR MODEL where K, and 3, are the so-called Kalman gain and pre-

In this section we present our two level Gaussian col@icted state covariance:
model. The model is based on the assumption that the K, = Sp(Sp+v)! (5)
location of the robot is known for each camera image. We S — S +R (6)
will show how to concurrently estimate the robot location ko= kel
in the subsequent section. The task of the color model isThis recursive update scheme follows directly from the
determine the likelihood that a color observed by the robofgneral Kalman filter updates [2] under the additional as-
camera corresponds to a certain color in the map of tBamptions that the lighting conditions have a random drift
environment. In our application, raw color values, denotasler time and that the color vectay, can be treated as
c, are given in YUV-space. The map describes the geometiydirect observation of the current lighting conditicire(
and colors of the soccer field, the robots, and the ball.

The lower level of the color model represents the ma INot every camera image contains all map colors. However, missing

. . . \glues can be filled in with the most likely value using linear regression

colors independently, each by a Gaussian distribution I

= | conditioned on the observed colors and the current estimate of the lighting
YUV-space. More specifically, for known and non-changingondition.



no transformation from state space to observation space is @
needed). Th8 M x 3M matrix R in (6) models the drift of

lighting conditions by adding uncertainty at each time step.

This allows us to assume rather constant lighting conditions
over the complete field, smooth changes are tracked by the
drift of the Kalman filter.

2) Likelihood function: In our hierarchical model, the
likelihood function (1) has to be modified so as to consider
the uncertainty in lighting conditions. Léf, ) denote the
current estimate of the lighting conditions, then the likelihood

of observing a YUV value: given the map colofn can be Fig. 2. Hierarchical Bayesian model: The lighting condition in each

computed in closed form: environment is represented by a Gaussian for the individual map colors,
parameterized by(6(), ). The lighting conditions are drawn from a
common Gaussian distribution represented by the so-called hyperparameters

ple|m, (%)) = /p(0|ma9) PO (%)) do (7)) ().

_ /N@; O[], V) N(0: 1,5) do (8) priors are Iea_rned independentl_y by splitt_in_g the data into dif-
ferent collections, each collection containing sets of images
= N(c; ptlm, Zlm + V). (9) observed in environments with similar lighting conditions. In
our current system, the data is split using k-means clustering.
(7) integrates the original likelihood function (1) over the we will now describe how to use a hierarchical Bayesian
lighting conditions. The left term in (8) is the lower leveliechnique so as to learn a consistent pijers) from one
Gaussian over color values, and the right term is the uppsf these collections (see [7] for details). For clarity, the
level Gaussian over lighting conditions. (9) follows then fronmodel is illustrated in Fig. 2. We assume that the data
the properties of Gaussians, witt,, andX:|,, denoting the collection containsN data setsi(), each consisting of a
mean and variance of the marginal distribution(of) for  sequence of mean vectors,, distributed according to the
the m-th color class. Note, that in the hierarchical model, thigyhting conditions (§¢), ) in the specific environmeni.
covariance of each color is bounded from below:hywhile  The hierarchical model additionally assumes that the lighting
in a flat model, which only uses the higher level Gaussiagenditions of all environments are drawn from a common
the covariance can actually shrink to zero. Gaussian distribution, parameterized by the hyperparameters
3) Non-linear model:So far, we made the assumption that;,, ). Our goal is to determine the valuégg, ¥o) of the
lighting conditions can be modeled as a linear Gaussian ptperparameters that are optimal as prior parameters when
cess. Unfortunately, these assumptions are often violated, #irobot is placed in any of these environments. We can
example, when using different light sources such as artificiedmpute these values by maximizing the posterior over the
and natural light [5], or by sudden changes in brightnesgperparameters conditioned on the data sets:
due to turning a light on or off. Such non-linearities can (10, So) = argmaxp({u, %) | d(l),...,d(N)) (10)
7

be accommodated by estimating the lighting condition using
a switching Kalman filter [1]. Intuitively, such a technique

estimates the state of a system using multiple Kalman filte quires integration over the lighting conditions in the in-

_each_ filter tuned tOW?“dS specific circ_umstances. At_ €afVidual environments. Fortunately, for our Gaussian model,
iteration, the_ sy_stem is aII_o_V\_/ed to switch between f|It_er§his integration can be done in closed form [7]. The prior
and the switching probabilities are governed by a f'rs,%/'alues (0, o) are then computed by numerically maxi-

order Markov Process. In_ our conte?(t, for gxample, thi izing the posterior. The key advantage of this hierarchical
model can use different filters for different light s;ource§echnique is that it provides us with a statistically sound

and it can switch between filters when a light is turned O\R}ay for learning Gaussian priors. As noted above, different

or off. The switching filter is implemented using a Raobriors can be learned for differing lighting conditions, for

Blackwellised particle filter, where the transitions betwee ample, for indoor and outdoor light, or for bright and dark
filters are sampled using a particle filter, and each partic ?nvironn;ents '

is annotated with a Kalman filter that estimates the lighting To summarize. the lower level of our model uses inde-
conditions as described in the previous section. The details %fndent Gaussie'ms to map raw YUV values to the colors
this technique are beyond the scope of this paper, see [1] F

; : ) i 8[Jresented in a 3d map of an environment. Lighting con-
further information. Later, we will apply Rao'Bla(:kwe"'sedditions are estimated using a switching Kalman filter that
particle filters to estimate camera locations.

maintains a joint Gaussian distribution over the color means
of the lower level Gaussians. This joint estimate allows us to
model dependencies between different colors. The Kalman
Estimating lighting conditions requires the availabilityfilters are initialized by prior distributions that are learned
of Gaussian priors to initialize the different filters of thdrom previous environments using a hierarchical Bayesian
switching Kalman filter. Our technique learns these priosatistical approach. So far, we assumed that the robot and
from data collected in previous environments. The differesamera locations are known for each image. In the next

In the hierarchical model, the computation of the posterior

B. Learning prior lighting conditions



section, we will show how to estimate the lighting conditionsimulating (11) from right to left. In the first step, a sample
even when the robot’s position is not known with certaintys,(jl1 = (9,(511,33%79 is drawn fromSy_1. Then, a camera

IV. SIMULTANEOUS CAMERA LOCALIZATION AND location is drawn conditioned on the sampf¢ :
LIGHTING CONDITION ESTIMATION

The estimation of lighting conditions described in th(z%
previous section requires knowledge of the camera (rob(ﬂf . .

- . . e mean vector, from the current camera imageg. This
trajectory through the environment. To estimate the camera

; . hgan vector is then used to update the lighting condition
locations, however, one needs to have an estimate of ) ) Lo . o
estimate (left term in (12)), which is done using the switching

lighting conditions in order to determine which pixel Value?(alman filter discussed in the previous section. It remains to

in the images correspond to which objects in the envirog— .
2 . o e shown how to generate samples according to (13).
ment <. Hence, since these two estimation problems are

tightly coupled, it is necessary to estimate the joint posterig. Sampling camera locations
over lighting conditiong);, and the camera locations ..

To deal with the highly non-linear motion of a legged robot ‘
(and especially the resulting camera motion), we estimate  p(zx |23}, 218, t16-1)
locations of the camera using a particle filter. The joint
estimate can than be performed efficiently using a Rao- @) @)
Blackwellised particle filter (RBPF) [4]. RBPFs combine the o< plak | wr, 0, 71) p(ak | 232 ue—1)  (15)
representational benefits of particle filters with the efficiencm4) follows from the standard Markov assumption in robot
and accuracy of Kalman filters by sampling the non-linegscalization that the current location;, is independent of
parts of a state estimation problem and solving the linegfger information given the previous location [6], and the fact
parts using Kalman filters conditioned on the samples.  yat () is a sufficient statistic for the lighting condition
A. Rao-Blackwellised particle filter up to timek — 1. (15) follows by Bayes rule and the fact
- : . . . that an observation only depends on the current camera
We will first factorize the posterior over camera trajectories .. N o .
21 and lighting conditions);, as follows. ocation and .the.hg_htmg conditions, an.d that the p.rgdlcted

Lk camera location is independent of the lighting condition. To
P(Ok, 1ok | 2105 Utik—1) generate particles according to (15), we apply the standard

= (01 | 1k, 210, U1k—1) P(T1k | 21k, wra—1) (11)  particle filter update routine. More specifically, we predict
the camera Iocationcgj) based on the previous location

1:,@1 along with the most recent control informatien,_;

Il(f) ~ p(l“k\30@71721:16&1;1@—1)- (13)

ce the camera location is sampled, it can be used to extract

To sample from (13), we first transform it as follows.

= p(xk | wglpa](jllvzkaukfl) (14)

= p(Ok | T1:k) P(T1:k | 210y V:k—1) (12)
Here, z;.;, are the camera images observed up to timand ) i .
ik g p to tim and the motion modqi(xﬂxiil,uk,l). The motion model

uy.;x—1 denote the robot motion controls; leg motion com . 1
mands and head commands in our case. The key advantﬁ%réesr)onds to a noisy version of the control commands

of the factorization (11) is that it allows us to estimate the u'ed by t.he robotz including .bOth body motion anq head
lighting conditionsf, conditioned on the camera IocationsrT}%t'on' Th_'s sampling stgp gives .the ex.tend-ed 'Frajectory
21.. Knowing the camera locations enables us to extract thex- 1he importance weight of this particle is given by
color mean vectors;., from the camera images, which arghe likelihood p(z;, | z},0y" ) of the most recent camera
sufficient statistics for estimating lighting conditions. image. In standard RBPF, this likelihood is given by the
RBPFs estimate the factorized posterior by sampling tfgnovation of the Kalman filter update of the left term in (12).
rightmost term in (11) using a particle filter and then solvinfiowever, since the lighting condition model is based on
the lighting condition estimation using Kalman filters con@verage colors in the image only, it does not provide fine-
ditioned on the samples. More specifically, RBPFs represa{fiined information about the camera location. Instead, we

posteriors by sets of weighted samples, or particles: compute the likelihood of a camera imagg on a pixel by
0 () ) pixel basis:
Sk =Asw [ 1< < N} (i) (i) (i) i)
In our case, each particle” = (4, z{")), whered} = pan | 0,07) = []wlcl?.67)),  16)

cezy

<u,(j),2,(j)> are the mean and covariance of the Iightingh H H | val he likelihood
iti i (i) istori where thec’s are the raw YUV pixel values. The likelihoo
condition estimate andr;., are the histories of camera P

locations of a pixel value is computed by extracting the expected map

RBPFs generate samples distributed according to the p§8lor™ fr%_r)n the 3d map of the environment using the camera
terior (11) based on samples drawn from the posterior at tifg¢ationz;.” (background pixels are not considered). To get
k — 1, represented by the previous sample Sgt;. RBPFs q(r;)estlm:’:l(ti()a Qf(it)he lighting conditions at tinte we predict
generate the two components of each partiglestepwise by 7« = (A3, ") using a I(<£1Iman- prediction step on the
previous lighting conditiord,” ;. Given the map colom

2Camera locationss;, are given in six degree-of-freedom coordinatesgnd the predicted estimate of the Iighting Conditﬁﬁﬁ the
Estimating these coordinates consists of two sub-problems: The first iﬁ{ﬁ{glihood of a raw YUV pixel valuec is then given b’y the

estimate the location of the robot and the second is to estimate the canmicta
location relative to the robot's body. likelihood model (9).



Fig. 4. Example image for the dark and the bright lighting condition used
Fig. 3. Path of the robot during one experimersilid) path computed during the experiments.
by our localization approach,déshed path computed from odometry Lighting | pink cyan yellow white

information only. D1 post. | 0.78 <017 | 0.93 <00 | 0.99=o0r | 0.99  oor

To summarize, the RBPF algorithm works as follows. Each_P2 POSt. | 0.72+00s | 0.94+ 003 | 0.97 + 003 | 0.98 + 0ox

sample of the particle filter contains a camera locatigh, Bi }g?n.t 8-%“-17 8-3? o001 8.;; S0 8.§gi o1
. + 0.18 . + 0.12 . + 0.01 . + 0.01

along with a Kalman ﬁlter@l(ﬁill representing an estimate D2 ind. 0.48 + 007 | 0.30+010 | 0.59+013 | 0.87 + 008
of the lighting condition (it is not necessary to keep the[ D2 joint | 0.66 +o0os | 0.94 + 0oz | 0.97 o003 | 0.98 « oot

complete history of camera locations). At each iteration, gq ;. Avg. classification rates by color. Data set D1 was collected in

samplesk 1 Is drawn from the previous sample set. Then, theark lighting condition, set D2 in bright condition. Top two rows: Results

() achieved by our approach. Bottom rows: Comparison of classification rates
next camera Iocatlomk is sampled according to the motlon n unobserved colors between amdependent Gaussian and ojgint

model (rightmost term in (15)). Next, the sample is Welghte@auss|an model.

by the likelihood Of the camera image given the lighting, |ocalize the robot and to estimate the lighting conditions
condition estlmateo and the expected image extracte¢h poth cases. The overall rate of correctly classified pixels
from the Iocatlonx and the 3d map of the environmentwas 0.95-0.02 for the dark and 0.990.01 for the bright
Finally, the swnchmg Kalman filter for the lighting conditionenvironment. The first two rows of Table 1 show the mean
is updated with the mean color vectqargenerated usingfj). classification ratesi.e. the average percentage of correctly
By coupling camera locations and lighting conditions, thiglassified pixels, and their 95% confidence intervals for indi-
sampling approach favors particles with correct estimatesiéiual colors. The ground truth was generated by manually
both camera locations and lighting conditions. labeling 12 images of each script.

The two-level Gaussian color model takes dependencies
between colors into account. This enables us to estimate

To evaluate our technique we performed several expetire appearance of colors which have not yet been observed
ments on an AIBO league robot soccer field (see Fig. ljased on the colors observed so far. Therefore, the model
The experiments are based on data logs recorded with @&m achieve better classification results on colors which are
AIBO robot. For all experiments, the prior over lightingobserved for the first time than a model that estimates colors
conditions was trained based on 44 sets of hand labeiadependently, such as [3]. To demonstrate this effect, we
images taken from different soccer field setups during pasimpared our model to an independent Gaussian model
RoboCup tournaments and in our lab. We learned two priagenstructed by setting all correlations between colors in the
for the jump Markov approach. The data sets were clustergdor to zero. We run the two algorithms on the data logs
into two groups using k-means clustering on the Y (intensitgeveral times. On each run we disabled the integration of
channels of the colors. Fig. 5 (a) and (b) show a projectigbservations for one of the colors. The bottom four rows of
of the individual color Gaussians of the dark and bright priorable 1 summarize the classification results achieved with
models onto the UV plane. Each ellipse indicates the the two models on the unobserved color. In all cases, the
Mahalanobis distance for one of the Gaussians. color classification rate based on predictions by our joint

Our current implementation of the Rao-Blackwellised paGaussian model is significantly better than the classification
ticle takes approximately 0.8 seconds per frame on a 1.2 Gblatained with the independent Gaussian model. This result
PC, using 100 particles. Even though this is not efficieehows that taking dependencies between colors into account
enough to run on-board the AIBO robot in a competitioindeed improves the classification.
setting, we expect that a speed up by a factor of 10 can
easily be achieved by an improved implementation and @y

V. EXPERIMENTS

Switching lighting conditions

using better proposal distributions for the particle filter. The second experiment demonstrates the benefit of a jump
) ) ] o - Markov model to quickly adapt to sudden changes in the
A. Estimating uniform lighting conditions lighting condition. In this experiment we changed the bright-

In the first experiment we navigated the robot acrosmss several times by turning on and off some of the lights
the field, taking several images of each goal and landmawkile moving the robot across the field. Fig. 4 illustrates the
(see Fig. 3). We recorded two data sets in different lightdark” and “bright” lighting conditions in this experiment.
ing conditions: the normal everyday lab illumination and /e then compared the classification rate achieved using
considerably darker illumination generated by turning off albcalization with the jump Markov model to the classification
but one light. Our Rao-Blackwellised particle filter was ableate achieved with a single Kalman filter. For the jump
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f@% - M Fig. 6. Color classification rate under two lighting conditions. The
classification rate of the single Gaussian model drops considerably whenever
lights are switched off.
» (©) » (d) change non-linearly, for example, if light sources are changed

. . . . .. or major changes in the brightness level occur. To deal with
Fig. 5. Covariances of the different colors in the U-V plane: (a) prior for . . . . S
dark lighting conditions; (b) prior for bright lighting conditions; (c) and (d)SUCh situations, we maintain a set of models for qualitatively

posteriors after integrating several bright and the first dark image. different lighting conditions and use a state switching Kalman

Markov model we used the dark and bright Gaussian prifiter to automatically adapt to major changes in lighting
models depicted in Fig. 5 (a) and (b). The jump Markogonditions. We showed in experiments that this approach can
approach automatically selects the model which best matct@éiiciently handle even drastic changes in brightness levels.
the lighting condition in the current image and only this We demonstrated the advantages of our technique in
model is updated. The effect is visible in Fig. 5 (c) anéhe context of pixel-based matching between the measured
(d). These images show the posterior UV covariances of tglor values and the colors expected from a 3d model of
models after the first dark image has been integrated. THée environment. However, the technique is applicable to a
dark model has been updated only once and it is therefdpége set of vision algorithms. Currently we are working on
still very similar to the initial prior, while the bright model is the integration into a much faster feature-based localization
already adapted to the pertinent bright lighting conditiongPproach, such as [8]. Additionally, we experiment with
Fig. 6 compares the overall color classification achievé®mpiling the Gaussian models into efficient lookup tables
with the jump Markov approach to the single Gaussidi®r the color classification. The lookup tables are replaced
case. Model switching obtains high color classification rat¥¢1enever significant changes in the lighting condition are

throughout the experiment, while the classification rate of tietected.
single Gaussian model drops substantially whenever lightsknowledgments:We would like to thank the GermanTeam

are switched off.

VI. CONCLUSIONS ANDFUTURE WORK

We proposed a Bayesian approach to maintain a t
level Gaussian color model for color classification. The to
level of the model represents lighting conditions by a joint
Gaussian distribution over color means, while the lower level
represents individual colors by independent Gaussians [#
YUV space. Priors over lighting conditions can be extracted
from data collected in different environments and we showef?]
that the model can then be efficiently updated using standard
Kalman filter techniques. To do so, the adaptive color modé?
is integrated into a Rao-Blackwellised particle filter for[4]
vision-based robot localization where camera positions are
sampled and a color model is maintained for each samplg;
By conditioning on sampled camera trajectories we are able
to estimate the lighting condition as if the camera location#]
were known and we can use a 3d map of the environment
to determine the color labels of the image pixels to maintaifv]
the color model.

A key advantage of the joint Gaussian representation J?]
lighting conditions is that it takes dependencies betweep]
colors into account. This enables us to adapt unobserved
colors conditioned on the observed ones. Our experime
show that this leads to substantially improved color clas-
sification results, when compared to a model that updates
colors independently. However, Gaussians only represé}fl]’t]

and the CM-Pack team for providing the training images
for computing the prior models. This research is funded in

art by the NSF under grant number [1S-0093406 and by
W%ARPA’S SDR Programme (grant number NBCHC020073).
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