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ABSTRACT

In mary novel applicationscenariossuchas smartrooms
or sensingroomsvisual sensorgsuchascamerasneedto
know whichvisualactuatorgsuchasdisplays)arevisible to
them. Oftenonly partsof a displayarevisible from a cam-
era.Thereforeanovel algorithmfor precisevisibility deter
minationis presentedThealgorithmmakestheassumption
thatthe displaysare actie, i.e., they canbe controlledby
theapplication.Undertheseconditionsthealgorithmdeter
minespreciselywherewhich partsof a displayareimaged
by acamera.

1. INTRODUCTION

Sensonetworksandsensingoomsarepromisingrecente-
searchdirections.Especiallysensingoomsareoftenequip-
pedwith visual sensorgcameraspndactuatorqdisplays).
Importantquestiongarisingin this setupare(a) how to cali-

bratethemultiple camerasi.e. how to puttheminto acom-
mon coordinatesystem,(b) how to add the locationsand
orientationsof displaysto the commoncoordinatesystem,
and(c) how to determinavhich partsof thedisplaysarevis-

ible in eachcameragitherbecausehe displayis not fully

in the eld of view and/orpartsare occludedby otherob-
jects[1]. In this paperwe will addresdhe last problem—
the problemof determiningthe visibility of displaysin un-
calibratedcameras.

Although the topic of cameracalibration from imagesis

well investigatedand a signi cant amountof researcthas
beendonein thelastyears,e.g. [2], [3], nodirectly related
researctcould be foundin the areaof visiblitiy estimation
of active displaysin cameramages.

Thepaperis organizedasfollows. In Section2 theproblem

The work wasperformedwhile shewasaninternat Intel Labs, Intel
CorporationSantaClara,CA, USA.

is formulated,a solutionoverview is given andthe limita-

tions of the solutionareidenti ed. In Section3 our algo-
rithm is presentedbefore Section4 givesimplementation
detailsandreportsresults. Section5 concludesthe paper
with asummaryandoutlook.

2. PROBLEM FORMULATION AND ITS
SOLUTION

Givenanuncalibratedstaticcameraandanactive at-panel
display bothat unknavn locations the objective is to auto-
maticallydeterminghefractionof thedisplaythatis visible
in the cameramage. Therearetwo possiblereasonsvhy
only afractionof adisplayis visible in acameramage:(1)
partsof thedisplayaresimply out of theviewing areaof the
camereor (2) partsareoccludedby atleastoneforeground
object.We will notanalyzethereasorfor theinvisibility in
our approachbut just determinewhich pixelsarevisible to
thecamera.

Our solutionto the abore mentionedproblemis basedon
theideato usetheactive at paneldisplayto shov aknown
temporalpatternencodingeachpixel onthe screenDuring
playbackof the temporalpatternthe staticcameracaptures
animagesequence.The imagesequencés thenanalyzed
over time, whetherand wheresomeof the known tempo-
ral patterncanbe detectedn the capturedmagesequence.
The detectedemporalpatterndirectly encodeghe display
positionto which they belong.As aresultacompletdist of
all visible pixelsis determined.

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

Temporal pattern: A sinusoidakignalpatternof frequeng
fi is assignedo eachpixel on the active display/letting its
grayscalevaluesp; oscillatebetweerblackandwhite (0 and



255)overtimet accordingo:

b = 2—253in(z fi1) + 2%5 (1)

Frequencyanalysis: For analysisthe greyscalevalue of

eachpixel in the cameras capturecover n framesto deter

mineits oscillatingfrequeng. It is assumedhattheframes

are capturedwith a samplefrequeny fs, i.e., framesare

sampledattime intervals , where is determineddy the

samplingfrequeng f s of theimagesequencaccordingto
—

For eéschpixel anestimationof the power spectrums com-
putedusingtheso-calledberiodagramestimate.
According to [4], given a time function c(t) sampledat
n equaltime intervals , the DiscreteFourier Transform
(DFT) canbe computedvia

X 1 )
Ck - CIeZ ilk =n
1=0

k=0;:;n 1 (2)

wherecy:::c, 1 denotethen samplesof the function c(t)
(g = ¢(I') ). Theperiodogramestimateof the power spec-
trumatn=2+ 1 differentfrequencied; is thenestimatedy
meanf:
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wherethefrequencies  arede ned only for zeroandpos-
itive frequencies

fr —=2f¢ k=0 = (4)

f . denotedherebythe Nyquistfrequeng. The Nyquistfre-
queny is givenby f. ;-

The oscillationfrequeng of a pixel may be determinecby
searchingor peaksin the power spectrum.Eachpixel has
amaximumatf = 0, theDC componentSigni cant local
maximumsin the power spectrumfor f ¢ > 0 markthe os-
cillation frequeng of the pixel. If aclearpronouncednax-
imum cannotbe found, the pixel is approximatelyconstant
overtime.

Limitations of the abose describedapproachderive from
differentaspects.First thereare physicallimits: The res-
olution of determiningthevisible partsis limited (a) on the
display's sideby the size of eachpixel and(b) onthe cam-
erassideby the sizeof the capturedmageof thedisplayin
pixelswhich in turn dependsalsoon the distancebetween
thescreerandthecamera.
Secondmathematicalimitations arisefrom the frequeng

analysisprocedure.The highestfrequeng that canbe de-

tectedin a pixel, the Nyquist frequeng, is limited by the

samplingfrequeng of thecapturedsequenceThefrequengy
resolutionwith which the power estimatecanbe calculated
in theinterval [O; f (] is givenby Equation4. Besidesrom

the Nyquist frequeng, the resolutiondepend®n the num-

bern of samplesGivenn sampleghe power estimatemay
bedeterminedy theaboredescribegeriodogranestimate
at(n=2) + 1frequeng bins.

The describedlimitation are crucial for the computation.
Given,for instanceadisplayof size1600 1200pixels,the
numberof differentfrequencies; neededo be displayed
is 1600 1200= 1920000 To determinesachfrequeng a
power spectrunestimateata minimumof 192000Qpositive
frequeng bins hasto be calculatedin orderto be ableto
distinguishall displayedrequenciesThisimpliesatleasta
3840000pointDFT. Thisis prohibitively expensve.
Fortunately it usuallydoesnot make senseto assigneach
pixel a differentfrequeng, asthe cameraresolutionis usu-
ally muchlowerthanthedisplayresolutionandadditionally
thedisplayis coveringonly a smallareain the cameram-
ages.

3. VISIBILITY ESTIMATION ALGORITHM

Dueto thelimitationsidenti ed in thelastsectionthe tem-
poral patterndescribedabove is only approximatedn the
actualimplementation. Insteadof varying eachpixel in a
differentfrequeng, we divide the displayinto rectangular
regionsK;; asshown in Figure 1. The rectanglegesult
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Figurel: Approximationof theidealpattern

from a combinationof two 1D patternsdisplayedin se-
gquencethesocalledhorizontalandvertical pattern.

The horizontal patternis constructedoy dividing the dis-
playinto N regionsasillustratedin Figure2. A frequengy
f; is assignedo eachregionsaccordingto f; = fH ,\il—;i =

1::N. f " denoteghe highestfrequeny chosento occur
in the horizontalpattern. The patternis called horizontal,



becausehe assignedrequenciesncreasdn horizontaldi-
rectionfrom left to right.
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Figure2: Horizontalpattern:the greyscalevalueof a pixel
in theregioni oscillatesn theassignedrequeng f ;

Subsequentlthesocalledvertical patternis displayed Anal-
ogousto thehorizontalpatternthescreeris dividedinto M
regions,wherethefrequeng increasesn verticaldirection
from thetop to the bottom.
Whenbothpatternsaarecombinedthescreeris dividedinto
M N rectangleX;; eachof dimensionry ry, where
r« = 5 andry = . EachrectangleK; is encodedby
thefrequenciedy andf;y with whichits pixels oscillate
in theverticalandhorizontalpattern respectrely.

We have choserto combinetwo sequential D patternover
onesimultaneou®D patternfor the following reasons.If
we chooseo usea 2D patternwith the sameresolution,we
needto displayN M differentfrequenciesandthuswe
needto performatleasta(N M) 2-pointDFT in order
to estimatethe power spectrumat a minimumof N M
frequenciegEquation4) andthusto be ableto distinguish
thedisplayedfrequenciesin the caseof two sequentiallD
patterns(horizontaland vertical), we can derive the same
resolutionby performinga N  2-point DFT for the cap-
tured image sequencaluring the horizontal patternbeing
displayedandaM 2-pointDFT for thecapturedmagese-
guenceaduringtheverticalpatternbeingdisplayed.Figure3
summarizeshealgorithm.

4. EXPERIMENT AL RESULTS

Thealgorithmhasbeenimplementedn C++ andtestedon
real data. The displaywhosevisible fraction shouldbe de-
tectedis partially showvn in Figure4. It's screenis divided
intoM = N = 40regionsin horizontaland vertical di-
rection. With a native resolutionof 1600 1200 pixels,

o Display the horizontal pattern on the flat-panel screen and
capture the horizontal image sequence.

o Extract n frames.

o Obtain a discrete time function for the grey-values of each pixel
by detecting the values over n frames.

o Compute a power spectrum estimate for each pixel .

o Detect for each pixel the frequency f>0 at which the power is
maximal. If the power value at this frequency is above a certain
threshold, assign f; to the pixel, otherwise assign 0.

o Display the vertical pattern on the flat-panel screen and capture
the vertical image sequence.

o Perform all the above described steps also for the vertical

sequence. Thus a frequency f;>0 or 0 is assigned to each pixel.

Combine the results of both sequences: Compare for each pixel,

where a frequency f>0 and f;>0 in the horizontal respectively

vertical sequence has been detected, the detected frequencies to

the known frequencies displayed in both patterns. If f; and f;

correspond to frequencies f; and f; displayed in the according

patterns, then the rectangle Kj; (see Figure 1) is identified to be
visible from the camera.

Figure 3: Algorithm for determiningthe visible partsof a
displayfrom anuncalibratedcamera

this resultsin a resolutionof ry = 40 pixelsin x-direction
andry = 30 pixelsin y-direction. The highesthorizontal
andverticalfrequeny f " andf vV waschoserto be 4 Hz,
i.e. frequenciesn differentregionsdiffer at leastabout0.1
Hz. Therecordingsamplingfrequengy f s of theimagese-
guenceswith the camerawas chosento be 20 framesper
second(20 fps) in most experiments. Someexperiments
wereperformedat 30 fps.

l

Figure 4: Sampleframesof screendisplayingthe vertical
(left) andhorizontalpattern(right).

Figure 4 shavs two single frameseachextractedfrom an

exampleimagesequenceat left the screernis displayingthe
vertical pattern,at right it is displayingthe horizontalpat-
tern. The numberof framesextractedfrom eachcaptured
sequencés 512. It is importantto choosea power of two,

asthenthefrequeng analysiscanbe computedaster

In a rst stagethe grey-value of eachpixel in the image
is recordedover n frames. The resultingdiscretefunction
of grey-valuesovertime is shawvn 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, marked left, asa
discretefunctionof the framenumber(right)

Fourier Transform(FFT). According to Equation4, for a
samplingfrequeng of 20 Hz the power spectrumcan be
computedwith a resolutionof approximately0.04Hz (the
resolutionfor a samplingfrequeng of 30 Hz is approxi-
mately0.06Hz).
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Figure 6: Periodogranestimateof the power spectrumof
thediscretefunctionsshovnin Figure5(b)

Theresultingpower spectrunestimategor thethreediscrete
time functionsshavn in Figure5 areillustratedin Figure6.
Onthe left sidethe whole spectrumis illustrated,the right
side shaws in detail the partthatis marked with a rectan-
glein theleft image. All threepower spectrumsave their
maximumvalueatf = 0, the DC component.The power
spectrumsof the rst two pixels shov also a stronglocal
maximumfor f > 0, whereaghethird pixel whosediscrete
time functionis not varying over time (seeFigure5) does
notshav anoticablemaximum.

The resultsobtainedby the algorithm for three different
casesare illustratedin Figure 7. The left column shavs
theimagesfrom the cameras viewpoints,the right column
presentsheresultingvisible partsof thedisplaysin theim-
ages.In all examplesthe boundarief thevisible fraction
of thescreerarebent. Thisis dueto thelack of cameracali-
bration,i.e. adirectresultof thecameras (radial)distortion.

5. SUMMARY AND CONCLUSIONS

In this papemwe describeheproblemof preciselydetermin-
ing thevisibility of displaysfrom uncalibratedcamerasWe

camera image visibile part of the display
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Figure7: Examplesf the cameramagesandtheresultsof
thealgorithm

proposeto display an appropriatetemporalpatternon the
displayandthento analyzethe respectie imagesequences
capturedby the camerasThe proposedalgorithmhasbeen
implementedandextensiely validatedonrealdata.Results
arealsopresented.

6. REFERENCES

[1] E. Horster Calibration of Cameas and Displaysin a Dis-
tributed Computing Platform, Diploma Thesis, University
Erlangen-Nirnbeg, ErlangenGermary, 2004

[2] Z.ZhangA Flexible New Techniquefor Camen Calibration,
TechnicalReportMSR-TR-98-71 Microsoft ResearchRed-
mond,USA, 1998

[3] R.Hartly Analgorithmfor self-calibmationfromseveral views,
Conferenceon ComputeVision andPatternRecognitionpp.
482-488,1998

[4] W.H. PressS.A. Teulolsky, W.T. Vetterling,andB.P. Flan-
nery Numerical recipesin C, SecondEdition, Cambridge
Univ. PressCambridge UK, 1992



