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ABSTRACT

In many novel applicationscenariossuchas smartrooms
or sensingroomsvisual sensors(suchascameras)needto
know whichvisualactuators(suchasdisplays)arevisibleto
them.Oftenonly partsof a displayarevisible from a cam-
era.Therefore,anovelalgorithmfor precisevisibility deter-
minationis presented.Thealgorithmmakestheassumption
that the displaysareactive, i.e., they canbe controlledby
theapplication.Undertheseconditionsthealgorithmdeter-
minespreciselywherewhich partsof a displayareimaged
by acamera.

1. INTRODUCTION

Sensornetworksandsensingroomsarepromisingrecentre-
searchdirections.Especiallysensingroomsareoftenequip-
pedwith visualsensors(cameras)andactuators(displays).
Importantquestionsarisingin thissetupare(a)how to cali-
bratethemultiplecameras,i.e. how to put theminto acom-
mon coordinatesystem,(b) how to add the locationsand
orientationsof displaysto thecommoncoordinatesystem,
and(c) how to determinewhichpartsof thedisplaysarevis-
ible in eachcamera,eitherbecausethedisplayis not fully
in the �eld of view and/orpartsareoccludedby otherob-
jects [1]. In this paperwe will addressthe last problem–
theproblemof determiningthevisibility of displaysin un-
calibratedcameras.

Although the topic of cameracalibration from imagesis
well investigatedanda signi�cant amountof researchhas
beendonein thelastyears,e.g. [2], [3], no directly related
researchcouldbe found in theareaof visiblitiy estimation
of activedisplaysin cameraimages.

Thepaperis organizedasfollows. In Section2 theproblem
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is formulated,a solutionoverview is given andthe limita-
tions of the solutionare identi�ed. In Section3 our algo-
rithm is presented,beforeSection4 gives implementation
detailsandreportsresults. Section5 concludesthe paper
with asummaryandoutlook.

2. PROBLEM FORMULA TION AND ITS
SOLUTION

Givenanuncalibratedstaticcameraandanactive �at-panel
display, bothat unknown locations,theobjective is to auto-
maticallydeterminethefractionof thedisplaythatis visible
in the cameraimage. Therearetwo possiblereasonswhy
only a fractionof adisplayis visible in acameraimage:(1)
partsof thedisplayaresimplyoutof theviewing areaof the
cameraor (2) partsareoccludedby at leastoneforeground
object.We will notanalyzethereasonfor theinvisibility in
our approach,but just determinewhichpixelsarevisible to
thecamera.

Our solution to the above mentionedproblemis basedon
theideato usetheactive�at paneldisplayto show aknown
temporalpatternencodingeachpixel on thescreen.During
playbackof thetemporalpatternthestaticcameracaptures
an imagesequence.The imagesequenceis thenanalyzed
over time, whetherandwheresomeof the known tempo-
ral patterncanbedetectedin thecapturedimagesequence.
The detectedtemporalpatterndirectly encodesthedisplay
positionto which they belong.As aresultacompletelist of
all visiblepixelsis determined.

In the following we will describethe temporalpatternand
its associateddetectorfunction deployed in our prototype
system.

Temporal pattern: A sinusoidalsignalpatternof frequency
f i is assignedto eachpixel on theactive displayletting its
grayscalevaluespi oscillatebetweenblackandwhite(0 and



255)over time t accordingto:

pi =
255
2

sin(2� f i t) +
255
2

(1)

Frequencyanalysis: For analysisthe greyscalevalue of
eachpixel in thecamerais capturedovern framesto deter-
mineits oscillatingfrequency. It is assumedthattheframes
are capturedwith a samplefrequency f s, i.e., framesare
sampledat time intervals� , where� is determinedby the
samplingfrequency f s of the imagesequenceaccordingto
� = 1

f s
.

For eachpixel anestimationof thepowerspectrumis com-
putedusingtheso-calledperiodogramestimate.
According to [4], given a time function c(t) sampledat
n equaltime intervals � , the DiscreteFourier Transform
(DFT) canbecomputedvia

Ck =
n � 1X

l =0

cl e2� ilk =n k = 0; :::; n � 1 (2)

wherec0:::cn � 1 denotethe n samplesof the function c(t)
(cl = c(l �) ). Theperiodogramestimateof thepowerspec-
trumatn=2+ 1 differentfrequenciesf i is thenestimatedby
meansof:
8
<

:

P(0) = P(f 0) = 1
n 2 jC0j2

P(f k ) = 1
n 2 [jCk j2 + jCn � k j2] k = 1; :::; ( n

2 � 1)
P(f c) = P(f n= 2) = 1

n 2 jCn= 2j2

(3)
wherethefrequenciesf k arede�ned only for zeroandpos-
itive frequencies

f k �
k

n�
= 2f c

k
n
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n
2

(4)

f c denotesherebytheNyquist frequency. TheNyquist fre-
quency is givenby f c � 1

2� .
Theoscillationfrequency of a pixel maybedeterminedby
searchingfor peaksin thepower spectrum.Eachpixel has
a maximumat f = 0, theDC component.Signi�cant local
maximumsin thepower spectrumfor f k > 0 marktheos-
cillation frequency of thepixel. If a clearpronouncedmax-
imum cannotbefound,thepixel is approximatelyconstant
over time.

Limitations of the above describedapproachderive from
differentaspects.First therearephysicallimits: The res-
olution of determiningthevisible partsis limited (a)on the
display's sideby thesizeof eachpixel and(b) on thecam-
erassideby thesizeof thecapturedimageof thedisplayin
pixelswhich in turn dependsalsoon the distancebetween
thescreenandthecamera.
Secondmathematicallimitations arisefrom the frequency

analysisprocedure.The highestfrequency that canbe de-
tectedin a pixel, the Nyquist frequency, is limited by the
samplingfrequency of thecapturedsequence.Thefrequency
resolutionwith which thepowerestimatecanbecalculated
in the interval [0; f c] is givenby Equation4. Besidesfrom
theNyquist frequency, the resolutiondependson thenum-
bern of samples.Givenn samplesthepowerestimatemay
bedeterminedby theabovedescribedperiodogramestimate
at (n=2) + 1 frequency bins.

The describedlimitation are crucial for the computation.
Given,for instance,adisplayof size1600� 1200pixels,the
numberof differentfrequenciesf i neededto be displayed
is 1600� 1200= 1920000. To determineeachfrequency a
powerspectrumestimateataminimumof 1920000positive
frequency bins hasto be calculatedin order to be able to
distinguishall displayedfrequencies.This impliesat leasta
3840000-pointDFT. This is prohibitively expensive.
Fortunately, it usuallydoesnot make senseto assigneach
pixel a differentfrequency, asthecameraresolutionis usu-
ally muchlowerthanthedisplayresolutionandadditionally
thedisplayis coveringonly a smallareain thecameraim-
ages.

3. VISIBILITY ESTIMATION ALGORITHM

Dueto thelimitations identi�ed in thelastsectionthetem-
poral patterndescribedabove is only approximatedin the
actualimplementation.Insteadof varying eachpixel in a
different frequency, we divide the displayinto rectangular
regions K j i as shown in Figure 1. The rectanglesresult

f1Hf2Hf3H
f4H FNH

heigth h

width w

rx

ry

f1V
f2V
f3V
f4V

FMV

K 11K 12

K MN

Figure1: Approximationof theidealpattern

from a combinationof two 1D patternsdisplayedin se-
quence,thesocalledhorizontalandverticalpattern.

The horizontalpatternis constructedby dividing the dis-
play into N regionsasillustratedin Figure2. A frequency
f i is assignedto eachregionsaccordingto f i = f H i

N ; i =
1:::N . f H denotesthe highestfrequency chosento occur
in the horizontalpattern. The patternis calledhorizontal,



becausetheassignedfrequenciesincreasein horizontaldi-
rectionfrom left to right.
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Figure2: Horizontalpattern:thegreyscalevalueof a pixel
in theregion i oscillatesin theassignedfrequency f i

Subsequentlythesocalledverticalpatternisdisplayed.Anal-
ogousto thehorizontalpattern,thescreenis dividedinto M
regions,wherethefrequency increasesin verticaldirection
from thetop to thebottom.
Whenbothpatternsarecombined,thescreenis dividedinto
M � N rectanglesK j i eachof dimensionr x � r y , where
r x = w

N andr y = h
M . EachrectangleK j i is encodedby

thefrequenciesf iH andf j V with which its pixelsoscillate
in theverticalandhorizontalpattern,respectively.

Wehavechosento combinetwo sequential1D patternsover
onesimultaneous2D patternfor the following reasons.If
we chooseto usea 2D patternwith thesameresolution,we
needto displayN � M different frequencies,and thuswe
needto performat leasta (N � M ) � 2-point DFT in order
to estimatethe power spectrumat a minimum of N � M
frequencies(Equation4) andthusto beableto distinguish
thedisplayedfrequencies.In thecaseof two sequential1D
patterns(horizontalandvertical), we can derive the same
resolutionby performinga N � 2-point DFT for the cap-
tured imagesequenceduring the horizontalpatternbeing
displayed,andaM �2-pointDFT for thecapturedimagese-
quenceduringtheverticalpatternbeingdisplayed.Figure3
summarizesthealgorithm.

4. EXPERIMENT AL RESULTS

Thealgorithmhasbeenimplementedin C++ andtestedon
realdata.Thedisplaywhosevisible fractionshouldbede-
tectedis partially shown in Figure4. It' s screenis divided
into M = N = 40 regions in horizontalandvertical di-
rection. With a native resolutionof 1600� 1200 pixels,

Figure3: Algorithm for determiningthe visible partsof a
displayfrom anuncalibratedcamera

this resultsin a resolutionof r x = 40 pixels in x-direction
andr y = 30 pixels in y-direction. The highesthorizontal
andvertical frequency f H andf V waschosento be4 Hz,
i.e. frequenciesin differentregionsdiffer at leastabout0.1
Hz. Therecordingsamplingfrequency f s of the imagese-
quenceswith the camerawas chosento be 20 framesper
second(20 fps) in most experiments. Someexperiments
wereperformedat 30 fps.

X [pixel]

Y
 [p

ix
el

]

100 200 300 400 500 600

50

100

150

200

250

300

350

400

450

X [pixel]

Y
 [p

ix
el

]

100 200 300 400 500 600

50

100

150

200

250

300

350

400

450

Figure4: Sampleframesof screendisplayingthe vertical
(left) andhorizontalpattern(right).

Figure4 shows two single frameseachextractedfrom an
exampleimagesequence:at left thescreenis displayingthe
vertical pattern,at right it is displayingthe horizontalpat-
tern. The numberof framesextractedfrom eachcaptured
sequenceis 512. It is importantto choosea power of two,
asthenthefrequency analysiscanbecomputedfaster.

In a �rst stagethe grey-valueof eachpixel in the image
is recordedover n frames. The resultingdiscretefunction
of grey-valuesover time is shown in theright graphof Fig-
ure5 for threedifferentpixelseachmarkedby acrossin the
left imageof Figure5.
The discreteFourier transformis implementedas a Fast
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Figure5: Grey-valuesof thethreepixels,markedleft, asa
discretefunctionof theframenumber(right)

Fourier Transform(FFT). According to Equation4, for a
samplingfrequency of 20 Hz the power spectrumcan be
computedwith a resolutionof approximately0.04Hz (the
resolutionfor a samplingfrequency of 30 Hz is approxi-
mately0.06Hz).
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Figure6: Periodogramestimateof the power spectrumof
thediscretefunctionsshown in Figure5(b)

Theresultingpowerspectrumestimatefor thethreediscrete
time functionsshown in Figure5 areillustratedin Figure6.
On the left sidethewholespectrumis illustrated,the right
sideshows in detail the part that is marked with a rectan-
gle in the left image.All threepower spectrumshave their
maximumvalueat f = 0, theDC component.Thepower
spectrumsof the �rst two pixels show also a stronglocal
maximumfor f > 0, whereasthethird pixel whosediscrete
time function is not varying over time (seeFigure5) does
not show anoticablemaximum.

The resultsobtainedby the algorithm for three different
casesare illustrated in Figure 7. The left column shows
the imagesfrom thecamera's viewpoints,theright column
presentstheresultingvisiblepartsof thedisplaysin theim-
ages.In all examplestheboundariesof thevisible fraction
of thescreenarebent.Thisis dueto thelackof cameracali-
bration,i.e. adirectresultof thecamera's(radial)distortion.

5. SUMMARY AND CONCLUSIONS

In thispaperwedescribetheproblemof preciselydetermin-
ing thevisibility of displaysfrom uncalibratedcameras.We
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Figure7: Examplesof thecameraimagesandtheresultsof
thealgorithm

proposeto displayan appropriatetemporalpatternon the
displayandthento analyzetherespective imagesequences
capturedby thecameras.Theproposedalgorithmhasbeen
implementedandextensivelyvalidatedonrealdata.Results
arealsopresented.
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