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This paperpresentsa prototypeof a visual recognitionsystemfor a handheldinteractve museumguide.

Contetualizedinformation aboutmuseumdravings may be obtainedby the user without ary knowledge
abouthow the systemworksby simply pointinga palmtopcameraowardsthe paintingandtakinga shot. The
systemwastestedandperformancevasfoundto be satishctoryin challengingervironmentconditions.

1 INTRODUCTION

Human-computeinteractionhasbecomeanincreas-
ingly importantpart of our daily lives,andmary re-
searchprojectsarefocusedon nding nonintrusive,

simple,andnaturaltechnologyto allow a casualuser
to interactwith comple systems.n this contet, vi-

sionbasednterfaceshave mary adwantages.

New andinterestingpossibilitiesareofferedby the
employment of PersonalDigital Assistants(PDA).
Nowadaysthey can not only managepersonalin-
formation, such as contacts,appointmentsand to-
do lists, but alsoalso connectto the Internet,act as
global positioningsystem(GPS)devices, run multi-
mediasoftware and be equippedwitch sensorssuch
asdigital camerasndmicrophones.

In this paperwe proposea systemwhich usesvi-
sionrecognitiontechniquego provide amuseunvis-
itor contetual information about a painting as in
(Robertsoret al., 2004) and (Albertini et al., 2005).
In ourtestscenarichevisitor bringsa PDA equipped
with a digital camera. To askfor informationabout
a picture, the visitor simply pointsthe PDA camera
to the paintingandpushesa button. The PDA moni-
tor noti es the userwhetherthe systemrecognizethe
museunpaintingor abouttheimpossibilityof analyz-
ing theimage(e.g.theitem wasnot correctlyframed
or no imageanalysiswas possibledueto poor light
condition).

In the following we describethe systemarchitec-
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Figurel: Simpli ed systemarchitecture.

ture, the vision recognition engine and the image
processingechniquesnvolved in the preprocessing
stage(Section2). We presentanddiscussn the con-
cludingsectionthe experimentakesults(Section3).

2 SYSTEM ARCHITECTURE

Thesimpli ed systemarchitecturds depictedn Fig-
ure 1. The PDA device is a HP IPAQ 5550 with
128 Mb andIintel X-ScalePXA255400Mhz proces-
sorandit is equippedwith a wirelesscard, support-
ing WiFi connectity anda digital cameraLifeView
FlyCamCF 1.3M. The userinterfacewasdeveloped
in C# andrunson a Windows Poclet PC 2003 0S.
The vision recognitionengineand the presentation
provider on the sener sideareimplementedn C++
andrunonalinux machine All thecommunications
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Figure2: (a) ThePDA in camern mode,(b) A drawing shot
example.

amongthe client andthe senersusea standarchttp
protocol.

Whentheinterfaceis in camea mode,the display
representwhat the cameraframes. When the mu-
seumvisitor wishesinformationabouta painting,he
points the cameratoward the painting and pushesa
query button. It is preferablethat the whole draw-
ing, includingthe frame,berepresentedThe picture
is sentthento the recognitionengine. On a positive
recognitionthe PDA provides a multimediapresen-
tation of the museumpainting, otherwisea feedback
abouttheimpossibilityof analyzingtheimagewill be
shavn in orderto helptheuserin betterusingthesys-
tem.

2.1 Visionrecognitionengine

Thevisualrecognitionenginepurposas to classifyan
unknavn queryimagesubmittecby themuseunvisi-
torusingthePDA. Thequeryimageis comparedo all
theimagesin the paintingsdatabasandfor eachdif-
ferentpainting(representetly oneor moreimagesy
similarity scoreis computecandevaluated.

The databasds huilt following the learning by
example paradigm. Several imagesof the museum
paintings,annotatedvith a uniqueidenti er, areac-
quired with the palmtop. In the learning phasethe
behaior of a potentialvisitor is simulated:the shots
aretaken not only from a frontal view but at differ-
entanglesandat differentdistancegFigure3). The
region of interest(ROI) for further processings ob-
tainedconsideringonly a part of the shot, cropping
the picture: the heightandwidth of the ROl are3=4
of the original heightandwidth (240x320).In order
to simulateeven more camerapositions,the ROI is
movedin 25 differentpositions. In the queryphase,
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Figure3: Learningphase:the piecespicturesareacquired
simulatinga casualvisitor position. It is requiredthat all
thepieceis depictedn theshot.

the ROI is centeredand it representghe inner and
morerelevantpartof thepicture.

Thevisualrecognitionengineexploits researchre-
sultsfrom the eld of imageretrieval. Many research
papersandsystemsave beenpresentedor imagere-
trieval basedon low level visualfeaturewith the goal
of preservingeffectivenessminimizing the sizeof the
imagedescriptorandtheresponsd¢ime (Brunelliand
Mich, 2000). The computationof the featurevector
andthe retrieval itself are performedby a modi ed
versionof the contentbasedimageretrieval system
COMPASS (Brunelli and Mich, 2000), (Andreatta,
2004),(Andreattaetal., 2005).

The following low level featureshistogramsare
consideredo describehe ROl visual content:

- Intensity:8 bin,

- Edgesmagnitudglog mapped)8 bin,

- Edgesalongverticalaxis (log mapped)8 bin,

- Edgesalonghorizontalaxis (log mapped)38 bin,
- Hue: 8 bin,

- Saturation8 bin.

- Intensityco-occurrences £ 4 binsbidimensional
histogram,

The ROl is partitionedin a5 £ 5 x edgrid in or-
derto retainspatialinformation(seeFigure4(a))and
eachregion, denotedas ROI, (r 2 [0;24)), is de-
scribedindependently

Histogramscanberepresentedsvectorsandtheir
differencecanbequanti ed by ametricde nedin the
associategtectorspace A widely usedfamily of met-
ricsisthel , family de ned as:

|
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Thel ; metric,alsoknovn asthe Manhattamorm,
providesgoodresultsandsupportsf cient compari-
son. Thedistancgdissimilarity) betweertwo images



is de nedas:
1 X
dix;y) = K W, Lp(Xr;Yr) (2)
r
wherethex, y, arethevectordescriptor®ftheimage
region ROI,, W, arethe weightsassociatedo each
regionandK is anormalizingfactor
The recognitionscoreis computedby inspecting
the nearesttemsin the featurespace. Let be d(n),
d(n) 2 [0;1], the normalizeddistancebetweenthe
gueryimageandthen-th nearesttemin the database
ands(n) thesimilarity de nedass(n) = (1 d(n)).
The recognitionscoreobtainedby classc (i.e. by a
speci c museurmainti)zlg)is de nedas:

S(e) = w(ne)s(ne) 3

wheren, is therankingin the nearesheighborist of
classc objectsandw(n) is atunableweightfunction.
If only the nearesttem in the databasés considered,
theweightfunctionis de nedasw(n) = #;,.
Oncetherecognitionscoreis computedthevisual
recognitionenginereturnsto the PDA the sortedlist
of pointingidenti ers andscoresf the mostrelevant
hypothesislf thescoreof the rst hypothesigs above
a given con dencethresholdthe presentatiorcorre-
spondingto the guessegbaintingis shavn, otherwise
theclient noti es therejectionto theuser Thecon -
dencethresholdmaybetunedontheclient side.

2.2 Preprocessing

Theshotsof museunpaintingsacquiredby thepalm-
top cameraare of poor quality and characterizedy

a low contrastdue to limited dynamicrangeof the
sensot(a commonproblemin low costcamerasvith

CMOS sensorsyand poor light condition (in Figure
5(a)thegraylevel intensityhistogramof asamplem-

ageis depicted). Moreover the paintingsthemseles
lack saturatecdcolors, making the color information,
in mostcasesynreliablemakingpreprocessingtage
necessaryin orderto normalizeandincreaseahe dy-

namicrangeof the picturescolorandintensityequal-
izationalgorithmsareemployed.

Among the mary color equalizatioralgorithmde-
velopeddo far, the two mostwidely usedare: Gray
World (GW) (Buchsbaum,1980) and White Patch
(WP) (Funt and Cardei, 1994). Thesetwo models
are consideredhlternatvesto eachotherin methods
of color correction.

Bothmodelgtry to emulatewo humarvisualadap-
tation mechanismes: lightnessconstang and color
constang. The Gray World approachis typical of
thelightnessconstang adaptatiorbecausé modi es
the dynamicrangeof the histogram,assumingthat
the averageworld is gray i.e. assumeghat the av-
erageof the surfacere ectanceover the entirescene

Figure4: Imageprocessingo w: original image,normal-

izedimagewith thedescriptiorgrid superimposedietected
overexposedareagseedregionsaregreenandthe detected
blooming areared), featuresregions weightsusedin the

comparison.

is gray Alternatively, the White Patch approachis
typical of the color constang adaptationsearching
for the lightestpatchto be usedasa white reference
similar to how the humanvisual systemdoes. The
humanvision systemmechanisnis also highly non
linear, sinceit canbe global and local at the same
time. Among the modelsthat computelocal color
adaptatiorusingspatialrelationandimagecontentwve
canconsiderLand's Retine theory(Land, 1977). A
recentapproachgalled Autmatic Color Equalization
(ACE), meigesthe Retinex modelandthe GW model,
performingsimultaneoushyglobal andlocal Itering
(Rizzietal.,2002).

Evenif localadaptve methodgjive thebestresults,
they are computationademandingfor real time ap-
plications,thereforewe moved to a simpleand ef -
cient approachbasedon a variant of the GW algo-
rithm. A contraststretchingtransformatiorwascon-
sidered: the imageis normalizedusing a piecavise
linear function whosecontrol points are determined
by inspectingthe original histogramand computing
the expectedgray point asin the GW method. The
normalizatiormethodenhancethecontrasof acolor
imageby adjustingthe pixels color to spanasmuch



Figure 5: Preprocessing:original image intensity his-
togram,normalizedmagehistogramwith cuttedtails.

aspossiblethe entirerangeof available colors. The
histogramtails are cut locatingthe histogrambound-
aries:0.1percenin theblackrangeandO.5percenin
thewhiterange.ln theacquiredmagestheelongated
white tail and peaksare principally dueto the pres-
enceof highlights,re ectionsandoverunderexposed
areasln orderto recoveranilluminant-invariantmea-
sureof the paintingscolor the GW algorithmis ap-
plied to the stretchedmagedisregarding histograms
tails (seeFigure4 andb).

Histogram stretchingmay introduce ctious dy-
namicsothatthe featurevectorno longerrepresents
the visual contentof an image. In orderto avoid
this problem,arejectionmechanisnibasedn thehis-
togramcharacteristicsvasintroducted.More speci -
cally, aninputimageis rejectedwheneer:

8

E mincut > Meut _ I maxcut < Meuyt

§ (I maxcut i Imincut ) < W 4

. ROImin > Myoi _ ROImax > Ivlroi
where | mincit  and I maxcut  are the cutting points

of the histogramboundaries(l maxcut i |mincut ) IS
the width of the cuttedhistogramand ROl ,;, and
ROl max arethe ROl maximuman minimum inten-
Sity.

2.3 Inhibition of overexposedareas

When strong light sourcesare presentor the paint-
ing is not correctly framed, parts of the image be-
comeoverexposed.Bloomingeffectoccursandover-
exposedareasleedinto nearbydarker zonesandde-
tail is lost.

Figure6: Overexposedareaintensitypro le: normalpro le
andbloomingeffectpro le.

In orderto preventthein uence of suchdisruptive
effects,we developeda strat@y for the detectionand
inhibition of overexposedareas. Potentiallyoverex-
posedareasare detectedand marked as seedsof a
region growing algorithm. The region growing pro-
ceduretries to follow the blooming effect assuming
that the intensity function is smoothand monotoni-
cally decreasingThis assumptioriooksto bereason-
able by inspectingthe intesity pro le of suchareas
(Figure®6).

We de ne asoverexposedregion seedanimagere-
gionR that,afterthe preprocessingtage hasthefol-
lowing properties:

R:fpj8l(p), Imin andS(p)- Smaxg

A(R) 5 Amin
)
wherel is theimageintensityandS theimagesatu-
ration.

The region growing algorithmtracing the bloom-
ing effect works asfollows: for eachpixel p of the
boundaryof an overexposedregion seedR, it grows
theregion addinga new pixel g of the neighborhood
of p accordingthe following criteria:

s I(p)i 1(q I mono Monotonicity
% I(a) . lmin Minimum |
g iG(P) i G(A)j - Gsmooth Smoothness
"~ G(0) Gmin Plateau

(6)
whereG is thegradientmagnitude.
Whenthe overexposedregion hasbeendetecteda
weightingfactoris computedas:



Figure7: The challengingervironmentalconditionsat the
exhibition.

A(R\ ROI,)

— 7 7
A(ROI;) )
to attenuatehe contribution of regionswhich may

depictoverexposedareasasin Figure4.

W, = 1j

3 EXPERIMENT AL RESULTS
AND CONCLUSIONS

The systemprototypehasbeentestedwith synthetic
imagesand in real applicationat an exhibition in

Castellodel Buonconsiglioin Trento. The recogni-
tion engineachieves a perfectscorewith synthetic
images,but the exhibition testbedwas far more in-

terestingand challenging(Figure 7). The paintings
in the exhibition were13; in thelearningphaseabout
43 shotsfor eachdrawing at differentpositions,563
imagesin total, have beentaken andinsertedin the
recognitionmoduledatabaseln the testingphaser70

shotswere submittedby the PDA to the recognition
engine thefollowing tablesummarizesheresults:

Results
Recognized | 77.14%
Falsepositves | 2.86%
Rejected 20.00%

The high rejectionratio is dueto the varyingillu-
minationconditionsto thepresencef spotlightsover
thedrawingsand,asalreadycommenteduponto the
lack of dynamicrangeof thecamerasensorHowever,
from the casualuserperspectie, may be preferable
that the systemprovides feedbackaboutthe impos-
sibility of analyzingthe imageandhow to solwe this
probleminsteadof an incorrectclassi cation which
would triggerthe startof a misleadingoresentation.

A prototypeof a palmtopmuseumguidebasedon
computervisionrecognitiontechniquesn achalleng-
ing environmenthasbeenpresentecalong with en-
couragingexperimentalresults. As future work we
foreseeto enhancethe recognition preformanceby
submitting multiple shotsand to improve the feed-
backprovidedin orderto guidetheuser in anonob-
trusive way, to correctlyframethedrawing.
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