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Abstract

A commonassumptionin the robotics comnmu-
nity is that objects have a constart colour and,
hence, can be recognisedby their colour. Hu-
mans have a powerful vision system that nor-
malisesaway colour shifts and causesbjects to
appear to have constart colour. Unfortunately,
there is no such system for digital imaging de-
vices. Experiments are performedwith adigital
camerathat demonstrate that typical lighting
conditions causelarge, non-linear colour shifts.
We conclude with a discussionof the problem
and a suggestedapproach to a constart colour
systemfor robots.

1 Intro duction

When an object appearsin front of a colour CCD cam-
era, the resultant image largely dependson three things:
the re ectance properties of the object, the imaging
properties of the CCD, and the incident light on the ob-
ject. In the typical case,the underlying object has the
samere ectance properties over a seriesof images, and
for a good quality camerain typical conditions, the CCD
imaging properties remain reasonably constart. How-
ever, the samecannot generally be said of lighting.
Colour constancy in humans is the constancy of the
perceived colours of surfacesunder changesin the inten-
sity and spectral composition of the illumination [Foster
et al., 1997. With human colour constancy and the
unchanging nature of the objects being viewed, many
researders assumethat an object in the world has a
colour, and this colour can be usedfor recognition. This
is a tempting idea for robotics. Colour-based classi -
cation can be performed extremely quickly, making it
highly suitable for in the loop navigation, while other
properties of objects, suc as shape, can only be recov-
ered with more computational expense. Current vision-
basedrobot competitions may give the false impression
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that colour is a simple cue. Howewer, Robocup, and

much of the current colour-basedrobotics work engineers
the problem away by keepinglighting constart. In indus-

trial vision this can be performed by constart tempera-
ture light boxes, in Robocup by bright cortrolled light-

ing and careful calibration. Another common approac

isto perform robot trials with somenatural lighting, but

over short time spanssothat light doesnot changetoo

greatly.

Clearly, such assumptionsare ultimately unworkableif
robot vision systemsare required to perform in environ-
mernts with sunlight over extended periods. To achieve
this we require robot colour constancy Obviously this
can be achieved by continual manual calibration, or by
including a template in every image (such as a colour
chart), but this is not generally acceptable. This pa-
per addressesthe problem of what is required for au-
tonomousrobot colour constancy without modi cations
to the environment. We do not attempt to solve the
problem at this stage,but to de ne the problemin a pre-
ciseway, and show that it cannot be taken for granted,
or to be assumeda simple problem.

2 Human colour constancy

It is easyto assumethat digital imaging devicesdeliver
constart coloursin a similar way to humangFosteret al.,
1997. It is therefore usefulto presert a couple of exam-
ples of human colour constancyat work, to demonstrate
the weaknessof the assumption of constart colours.

Firstly, consider the sceneshowvn in Figure 1. This
is a typical oce corridor. We all know from personal
experiencethat the colours of the walls appear constart
as we walk along a corridor. Howewer, it is clear from
Figure 1 that the colours vary signi cantly. The pow-
erful human colour constancyis normalising the colours
without our being aware of it.

As a secondexample, consider the two short videos
included with this paper. Video 1 shaows a time lapse
video of an o ce as the sun sets. Video 2 shows the
samescene,but hasbeenaltered. If the readerlooks at



Figure 1: Simple scenewith constart colours. Note the
constart colour of the carpet, walls, ceiling and even the
nearby door!

the videosand takesto guesswhat has beenaltered, we
predict that the guesswill be wrong.

In Video 2, it appearsthat the colour of the door gets
lighter. In fact, the colour of the door remains exactly
constart (the door pixels from the rst image have been
inserted in the following images). This is a demonstra-
tion of human colour constancyat work: our vision sys-
tem seesthat the whole sceneis changing colour and
normalisesfor this change. Removing the colour change
in the door leadsto the appearancethat the colour of
the door is changing.

3 Prior work

The most basic approad to colour-basedidenti cation
is linear thresholding of colour channelsin somecolour
space (e.g., [Bruce et al., 2004d). This is problematic
as rectangular colour subspacesare not su cien t to de-
scribe the appearance of typical single colour objects.
Alternativ e approachessudc asdecisiontreesallow arbi-
trary concave colour classes.Alternativ ely, a 3D lookup
table acrosscolour spacecan be employed to allow arbi-
trarily shaped clusters at the cost of storage space.
One approach to colour constancyis to take a colour

distribution at some initial time, and map colour re-
gionsbadk to their initial distribution. Without a priori

knowledge, this can only be performed in colour space.
Austermeier et al. [Austermeier et al., 1996 exemplify
this approach by using self-organising feature maps to
take a cloud of colour points in three spaceunder the
initial illumination, then look for a similar cloud in a
secondimage that minimises some distance metric in
mapping bad to the original cluster. Such a technique
assumessmall movesin colour spaceof colour clusters,
otherwise it will be dicult to map bad to the starting

cluster. Colour shifts over a seriesof imageswhere the
total distance moved in illumination spaceis large could
be handled by a seriesof transformations, eat of which
is small. The problem hereis that colourswill drift with-

out bound. Giventhat in someimages,somepixels are
sometimesincorrectly identi ed as being of a particular

colour, this error will be propagated and eventually is
likely to lead to the cluster drifting from the truth.

The standard alternativ e approacd is to usesomeform
of calibration chart (e.g., [Legensteinet al., 200d), which
is not acceptable. The approach that we have taken
previously is to take advantage of known geometry of
objects in the scene,and take actions of the robot to in-
creasethe probability of viewing theseobjects. This can
be usedto ground the drift in tracking colour for particu-
lar objects, leading to robot colour constancy [Cameron
and Barnes, 2003. Howewer, such researt doesnot tell
us what minimal models are adequate for colour tran-
sitions. It also only tracks the colour of a set of ob-
jects, but without someunderstanding of the changeto
colour spaceover time, this gives us no additional in-
formation about regionsof colour spacethat are not in-
cluded within the known set of objects.

4 Mo dels of colour imaging

The visible spectrum is a large cortinuous space and
so represernting the whole spectrum is prohibitive. Hu-
man vision is generally accepted as having three main
colour reception channels, and most standard cameras
have three also. There is no clear reasonwhy we should
assumethat three discrete channelsare su cien t to en-
code all the information presen. Howewer, given that
most CCD devicesencale only three, we may take it
as a de nition that we are represering a discrete three
dimensional space of colour. There are a plethora of
encaling schemesthat are used for the three channels.
Someof theseschemes,including YUV and HSV encade
light intensity in a single dimension, and colour across
the other two. We now examine a number of possible
models of the colour and intensity changethat is possi-
ble in viewing a static scenewith an unchanging camera,
given changesin the apparent lighting.

We may say that the camerais a function that, for



ead pixel, measuresthe incoming light. We further as-
sumethat the incoming light is generatedby re ection
from someobject alongthe ray of the pixel. The re ected
light is a function of the object's re ectivit y properties
and the incident light. The result is that the camera
measuresa three-dimensional colour value:

Lh = fa(1()R(C)) (1)
Ls = fs(1C iR( ) )
Lv = f(C)RCO)); ®3)

whereLy, Lg and L, arethe hue, saturation and bright-
nessvalues respectively, and | and R are the incident
light and re ectivit y properties of the object, both con-
tinuousfunctions of wavelength. Note that for a camera,
without a priori knowledge, we know nothing about |,
R, or the functions f4, so clearly the problem is under-
determined. Let us assumethat we know that a single
pixel corresponds to a particular object, and that we
know R for that object. To achieve colour constancy we
must have a mapping that reversesthe e ects of chang-
ing I .

4.1 Constan t colour

The simplest model is that for all incident light, the ob-
ject will appear the samecolour:

Lh = fn(R()) (4)
Ls = fs(g( ) ®)
Ly = v I( )d: (6)

This model assumesthat colour is constart regardless
of lighting, and that all that is necessaryto recover the

colour of an object is calibration of the functions f and
fs. This correspondsto a onedimensionallook-up table

for eac colour channel. Clearly this model is violated by

zerolight conditions when nothing is visible. Howevwer, it

is reasonableto assumethat the incident light is within

the dynamic range of the camera.

4.2 Linear in intensity

A more generalmodel would be that the apparert colour
varieslinearly with the intensity and the re ectiv e prop-
erties of the object:

Z
Lh = fa(RCH+ n 1()d (7)
Z
Ls = fs(RCD+ s 1()d (8)
Z
Ly = v I()d; )

where | () is the intensity of the incident light, and
is a constart.

In this model, as the intensity of the incident light
varies, the apparert colour will changelinearly (because,
in general, , will bedierentto gand ). In this case,
onesimply needsto calibrate the  for the camera,then
for any image, recover the incident light intensity and
colour constancy can be achieved.

4.3 The awful
resp onses

Colour varies non-linearly with both incident intensity
and incident wavelength, in an interdependert manner.
One can expressthe RGB valuesag Thomson and West-
land, 2001:

truth about CCD sensor
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L = ROIC)S()d (10)
z

Ly = R(I()Se( )d 11)
z

Lp = RO )SH( )d; (12)

where | and R are again the incident light and re ec-
tivit y properties of the object and S; is the spectral re-
sponsefunction of the red channel of the camera. Note
that I, R and S, are all continuous functions of

Unfortunately, we can seethat varying the parame-
ters of incident intensity and incident wavelength pro-
duce both non-linear, and interdependert e ects on the
resultant imagegThomson and Westland, 2001]. There
are also other minor further complexities intro duced by
gamma correction. Thus, for full recovery of surfacere-
ectance properties, if we assumedthat we knew the
colour of the surface, and the colour of the light, we
must calibrate a three-dimensionalspace[Thomson and
Westland, 2001. In the extreme this would mean a
three-dimensional look-up table. Thomson and West-
land [Thomson and Westland, 2001] presert an algo-
rithm for recovering this calibration, but it is complex,
and, of course,requires calibration charts.

4.4 Further problems with illumination

Perhaps we could say, however, that this expensewas
a tolerable start up exercise,and a worthwhile expense
for a mobile robot. Unfortunately, we are only halfway
to a solution to colour constancy for a mobile robot.
We do not know the incident illumination for a scene
in general. Let us assumethat the robot is viewing a
uniformly illuminated scene. In this scene,if we know
enough surface re ectance properties perhaps we could
recover the lighting. However, given the responseof the
sensorto incident intensity and wavelength is non-linear
and interdependert, there is no real guarantee that we
can uniquely recover the illumination. Further, the as-
sumption of uniform illumination is far too restrictive
for generalrobotics.
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Figure 2: Images obtained with uorescent lights (and
natural lighting)

One questionthat should be asked at this point is how
much do thesetheoretical modelsapply to commonrobot
operation. Perhapsthe type of lighting variation that
mobile robots will typically experiencein an environment
is actually small enoughthat a simpler model can apply.

This is the key questionthat this paper aimsto address.

We take imagesfrom a typical indoor robot lab. The
illumination arisesfrom uorescent tubes and sunlight
Itered through windows. In this case,we assessthe
adequacyof the above modelsof CCD sensorresponseto
changing illumination given constart object re ectance
properties.

5 Exp erimen ts

To capture the images,a Pentax Optio S 3.2 mega-pixel
camera was used, giving images of 2048 1536 pixels.
Imagesweretaken of an exterior colour paint chart with
auto exposure and auto white balance functions turned
0. The extents of eat region of colour were manually
marked out (in groups of 25 to save time). Each colour
blob consisted of approximately 95 95 pixels. A sub-
window shrunk by v e pixels on ead side was used to

(©) (d)

Figure 3: Imagesobtained with without lights (natural
lighting only)

avoid any inaccuraciesin the manual marking and any
colour bleede ects. The averagecolour was simply then
computed by averaging over the sub-window (approxi-
mately 85 85 pixels). The averagecolour of eat of the
colour sampleswasthen recordedduring one (cloudless)
winter afternoon®. Pairs of photos were taken with the
uorescent lights switched on and then with the lights
switched o. The photos were taken between 3:30pm
and 6:13pmon 28 August 2003. Sunsetwas at 5:41pm.
Figures 2 and 3 show the sequencesf imagesobtained
with and without the uorescent lights, respectively.

6 Results

The circular colour charts shown here use hue-
saturation-brightness values with the following (polar)

mapping:

h = = (13)
s = (14)
v = 1 (15)

where is the angle from the horizontal and r is the
radius from the certre of the circle (unit circle). The
rectangular colour charts have hue along the horizontal
axis and saturation along the vertical (again the bright-
nessis setto 1).

Figure 4 shows the individual shifts in colours that
occur between pairs of imagesin Figure 2. Each end of
ead line is at the averagecolour of a blob in one of the

1Obviously, the experiments were not performed in Mel-
bourne!



photos of Figure 2. i.e. the lines connect blobs of the
samecolour. The lines represern the shift in apparent
colour that has occurred becauseof the changein light-

ing. It is clear that the colour varies considerably even
with the lights maintaining a reasonablelevel of illumi-

nation. It is also clear from the rectangular colour plots
that there is no linear function to predict the variation

in hue and saturation asa result of the lighting changes.
In the circular plots, the direction of motion appears
linear, though the actual displacemen varies quite dra-
matically.

Figure 5 shaws the individual shifts in coloursthat oc-
cur between pairs of imagesin Figure 3. Here we have
a much more signi cant lighting shift becausethe total
level of illumination is dropping sharply. This is partic-
ularly true for Figure 5(c), where the lighting shifts are
large and nonlinear in both the circular and the rectan-
gular represeration.

The combined results for all of the with-ligh ts images
of Figure 2 are shown in Figure 6. Again, ead red point
indicates the averagecolour of one colour sample of the
paint chart under varying lighting conditions and the
lines connect the same paint sample together. Again,
the rectangular chart (Fig. 7(b)) shows that there is no
linear mapping to explain the colour variations. The cir-
cular mapping (Fig. 7(a)) againillustrates a cleargeneral
trend, though the magnitudesvary and in the aggregated
results we seemore variations.

Figure 7 shows the aggregatedresults for the without-
lights imagesof Figure 3. Hereit is clearthat the colour
variations are highly nonlinear.

The results of these experiments are perhaps surpris-
ing, given the human perception of colour constancy
Howewer, given the non-linearity of the digital imaging
process,we should not be surprised at the results. Some
clear conclusionscan be drawn:

Colour variation in sceneswith arti cial lighting is
signi cantly a ected by any natural lighting.

Natural lighting variations are dramatic. A sunset
leadsto large, non-linear colour shifts (as perceived
through the digital imaging process).

On cloudy days and in outdoor sceneswith shadows,
we can expect rapid and huge colour changes.

We can seethat the constart colour model of Sec-
tion 4.1is acceptablefor small lighting changes,but that
switching on or o lights causessigni cant colour shifts.
Also, the linear colour shift model of Section 4.2 is in-
valid, though one could proposea linear transformation
in the polar hue-saturation spacewhich would be a rea-
sonable t. Clearly, more attention needsto be paid to
modelling and compensating for colour shifts.

7 Discussion

This paper has explored the issue of colour constancy
and the lack of colour constancy for digital imaging de-
vices(i.e. for robots). Humans perceive coloursasbeing
constart[Foster et al., 1997 and sothere is often an as-
sumption that the sameholds for digital imaging devices.
However, our experiments have shown that this assump-
tion is unsound. In particular, any natural sunlight en-
tering the scenecausedarge, non-linear colour shifts (as
perceived through the digital imaging process),as a re-
sult of sun elewation and clouds. These colour shifts
cannot be compensatedfor without recourseto someex-
ternal information (as discussedin Section 3).

The proposedsolution is to track the colours of sta-
tionary colour blobs from a stereocamerapair mounted
on arobot. In this way, the robot can maintain a map-
ping from the current perceived colour spaceto some
reference (initial) colour space. The camerasmounted
on a robot gives additional information: we are able
to estimate the world position of ead colour blob and
by tracking stationary colour blobs we can be reason-
ably sure that changesare due to lighting variations.
The goal is to provide colour constancy for robots with
performance similar to that of humans, allowing quick
and robust colour segmetmation of objects. Our earlier
work[Cameron and Barnes, 2003, is a step in this direc-
tion, but needsto be generalised.

It would beinteresting to perform further experiments
with dierent cameras. It is expected that the Pertax
camerais represenativ e of RGB cameras,but we have
not veri ed this. Also, the paint chart doesnot cover the
whole colour spacé. Useof a\Macb eth Color Cheder"
[Sciertic, ] or acustom chart with better colour spread
would give more complete coverageof the colour space.

References

[Austermeier et al., 1996 H Austermeier, G Hartmann,
and R Hilker. Colour-calibration of a robot vision sys-
tem using self-organisingfeature maps. In ICANN'96
Proc. Int Conf on Articial Neural Networks pages
257{62, 1996.

[Bruce et al., 2004 J Bruce, T Balch, and M Veloso.
Fast and inexpensive color image segmettation for in-
teractiverobots. In Proc IEEE/RSJ Int Conf on Intel-
ligent Rolots and Systems(IR OS'00), volume 3, pages
2061{2066,2000.

[Cameron and Barnes, 2003 D Cameronand N Barnes.
Knowledge-basedautonomous dynamic colour cali-
bration. In Proc. Rolocup Sympmsium, 2003.in press.

2strangely, no-onewishesto paint their housebright pink,

bright blue or bright green!



[Foster et al., 1997] D H Foster, SM C Nascimerto, B J
Craven, K J Linnel, F W Conelissen,and E Brenner.
Four issuesconcerning color constancy and relational
colour constancy Vision Reserch, 37(10):1341{1345,
1997.

[Legensteinet al., 2000 D Legenstein, M Vincze, and
S Chroust. Finding colored objects under di erent il-
lumination conditions in robotic applications. In Proc
SPIE Vol 4197, Intelligent Rolots and Computer Vi-
sion XIX:A Igorithms, Techniques,and Active Vision,
2000.

[Sciertic, ] Edmund Sciertic. Macbeth color cheder.
http://www.edm undoptics.com/.

[Thomson and Westland, 2001] M Thomson  and
S Westland.  Colour-imager characterization by
parametric tting of sensorresponses.Color Resarch
and Application, 26(6):442{449, Dec. 2001.



(a) Colour shifts betweenFigure 2(a) and (b)

(b) Colour shifts betweenFigure 2(b) and (c)

(c) Colour shifts betweenFigure 2(c) and (d)

(d) Colour shifts betweenFigure 2(d) and (e)

Figure 4: Colour changeswith uorescent lights and diminishing natural lighting



(a) Colour shifts betweenFigure 3(a) and (b)

(b) Colour shifts betweenFigure 3(b) and (c)

(c) Colour shifts between Figure 3(c) and (d)

Figure 5: Colour changeswith just diminishing natural lighting
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Figure 6: Aggregated results (with lights)
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Figure 7: Aggregated results (without lights)



