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Abstract—We present a computer vision system for the
detection and identi cation of urban objects from mobile
phone imagery, e.g, for the application of tourist information
sewices. Recognition is based on MAP decision making over
weak object hypothesesfrom local descriptor responsesin
the mobile imagery. We present an improvement over the
standard SIFT key detector [1] by selecting only informative
(i-SIFT) keysfor descriptor matching. Selectionis applied rst
to reduce the complexity of the object model and secondto
acceleratedetection by selective Itering . We presentresultson
the MPG-20 mobile phone imagery with severe illumination,
scale and viewpoint changesin the images, performing with

98% accuracy in identi cation, ef cient (10099 background
rejection, ef cient (0%) false alarm rate, and reliable quality
of sewice under extreme illumination conditions, signi cantly
improving standard SIFT based recognition in every sense,
providing — important for mobile vision — runtimes which are

8 ( 24) times faster for the MPG-20 (ZuBuD) database.

I. INTRODUCTION

With the industrial miniaturization of camerasand mo-
bile devices, the generationof and accessto digital visual
information has becomeubiquitous. Today most cameras
are sold within mobile phones,accompaying the nomadic
pedestrianthrough everyday life, in particulay in its urban
ervironment.Computervision could play a key role in using
billions of imagesasa cuefor context andobjectawareness,
positioning,inspection,and annotationin general.

The original contribution of this paperis to provide a
generic technology for the recognition of urban objects,
i.e., buildings, in termsof a reliable mobile vision service
in tourist information systems.A mobile userdirecting its
mobile camerato an objectof interest(Fig. 1) will receve
annotationaboutlocation relevance (e.g., tourist sight) and
the identity of the building, enabling the user to access
choiceson more detailed,objectspeci ¢ information.

Urban recognition has been approachedwith respectto
catgorical detectionof architecturefrom line basedfeatures
proposedby [2]. [3] presenteda framework for structure
recovery that aimsat the sametime towardsposteriorbuild-
ing recognition. [4] provided the rst innovative attempt
on building identi cation proposinglocal af ne featuresfor
objectmatching.[5] introducedimageretrieval methodology
for the indexing of visually relevant information from the
web for mobile locationrecognition.Following thesemerely
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conceptuahpproachesve proposeanaccuratelyandreliably
working recognitionservice,providing detailedinformation
on performanceevaluation, both on mobile phoneimagery
and a referencebuilding imagedatabas€Sec.V).

Our detection system grounds recognition on a MAP
decision making on weak object hypothesesfrom local
descriptor responsesin the mobile imagery We present
an improvement over the standardSIFT key detector[1]
by selectingonly informative (i-SIFTs) keys for descriptor
matching(Sec.lll). Selectionis applied rst to reducethe
complity of the object model and secondto accelerate
detectionby selectve attention.We trained a decisiontree
to rapidly andef ciently estimatea SIFT's posteriorentrogy
value, retaining only thosekeys for thoroughanalysisand
voting with high information content(Sec.1V).

The experimentswere performedon typical, low quality
mobile phoneimageryon urbantourist sightsundervarying
ernvironmentconditions(changesn scale,viewpoint, illumi-
nation,varyingdegreesof partial occlusion) We demonstrate
in this challengingoutdoorobjectdetectiontaskthe superior
ity in usinginformative SIFT (i-SIFT) keys to standardSIFT
using the MPG-20 mobile phoneimage databasereporting
increasedreliability in object/backgroundeparationaccu-
rate objectidenti cation, and providing a con dencequality
measurehat enablesa highly stablemobile vision service.

Il. MOBILE COMPUTER VISION SYSTEM

Imagebasedrecognitionprovidesthe technologyfor both
object awarenessand positioning. Outdoor geo-referencing
still mainly relies on satellitebasedsignalswhereproblems
arisewhenthe userentersurban canyonsandthe availability
of satellite signals dramatically decreasegdue to various
shadaving effects [6]. Alternative conceptsfor localization
are economicallynot affordable,suchas, INS and marlers
that needto be massvely distributed acrossthe urbanarea.

Fig. 1 depictsthe technicalconceptand the three major
stagesin situatedmobile objectrecognitionand annotation.
The system consistsof an off-the-shelf camera-equipped
smartphonea GPSdevice (built-in, e.g., A-GPS, or Blue-
tooth externally connected)and a sener accessiblerough
mobile servicesthat runsthe objectrecognitionand annota-
tion software. This speci ¢ client-serer architectureenables
large-scaleapplicationof urbanobjectawarenessyusingGPS
to index into the geo-referencedbjectdatabaseandleaving
object recognition restrictedto a local urban areaon the
sener. In the future, mobile clientsmight run the application
even faster
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Client-serer architecturefor object awarenessn urbanernvironments.(1) Imagesfrom the mobile devices are transferredto the sener for (2)

recognitionand contentinformation. (3) Userreceves annotationaboutobjectand locations.

Mobile recognition systemin the rst stage(Fig. 1-1),
the user capturesan image about an object of interestin
its eld of view, and a software client initiates submission
of the imageto the sener. The transferof the visual infor-
mationto the sener is performedeithervia GPRS,UMTS,
WLAN (PDAs), or MMS (multimediamessagingervice).If
a GPSdevice (bluetoothor built-in A-GPS)is available,the
smartphonaeadsthe actual position estimatetogetherwith
a correspondingincertaintymeasureandsendshis together
with the imageto the sener. In the secondstage(Fig. 1-2),
the web-servicereadsthe messageand analyzesthe geo-
referencedmage.Basedon a currentquality of serviceand
the given decisionfor objectdetectionandidenti cation, the
sener prepareshe associatedannotationinformation from
the content databaseand sendsit back to the client for
visualization(Fig. 1-3).

Geo-contextual cueing Global object searchin urban
ernvironments— comprising thousandsof buildings — is a
challengingresearchssue . However, within mostapplication
scenariospositionswould be availablefrom GPSbasedyeo-
referencing,which can be usedto index into an otherwise
huge set of object hypothesesGeo-referencandexing for
selectedobjecthypothesesrst requiresa databaseontain-
ing on-site capturedgeo-referencedmagery about objects.
'Ground truth' geo-referencingan be performedmanually
, €.9.,0n correspondingir-borneimagery(Fig. 2). Fromthe
differencesbetween'true’ and on-site measuredpositions
we can determinethe averagepositioning error h . Based
on this quantity we partition the complete set of object
hypothesesnto subsetof hypotheses'neighborhoodcell’)
of local context within a neighborhoodh + d for further
processingFor eachof theseneighborhoodsye would learn
theinformative featuresandan attentve mappingto salieny
(Sec.1l).

Situated object recognitionIn recognitionmode the GPS
signalrecever rstly returnsanon-sitepositionestimate\We
addthenthe radial distanceof the uncertaintyestimatee to
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Fig. 2.  Object hypothesisselection using geo-contgtual information
(overlaid on airborneimage)from GPSbasedmeasurement@M). Positions
of image acquisition of objects in the MPG-20 database(crosses)are
indexed using the radial distanceof the meangeo-referencingrror

receve the urban areathat most probablywill containthe

object underinvestigtion (Fig. 2). We index now into the

geo-referencedbjectdatabasandreceie the corresponding
'neighborhoodcell' from which we derive the setof object

hypothesedor accurateobjectidenti cation.

The methodologyis describedas follows, Sec. Il will
presentobject representationdy informative descriptors,
Sec.lV describesattentve detectionandidenti cation, and
Sec.V presentsxperimentalresultson mobileimagerywith
varying viewpoints and illumination conditions.

I1l. INFORMATIVE LOCAL DESCRIPTORS

Researclon visual object detectionhasrecently focused
on the developmentof local interestoperatorg7], [8], [9],
[1] and the integration of local information into robust
object recognition [10], [9], [1]. Recognitionfrom local
information senes several purposessuchas, improved tol-
eranceto occlusion effects, or to provide initial evidence
on object hypothesesn terms of providing starting points
in cascadedobject detection. The SIFT (Scale Invariant
FeatureTransformation)descriptor[1] is widely used for
its capabilities for robust matchingto the recordingsin
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Fig. 3. Conceptfor recognitionfrom informative local descriptors(l) First, standardSIFT descriptorsare extractedwithin the testimage.(ll) Decision
making analyzeghe descriptorvoting for MAP decision.(lll) In i-SIFT attentve processinga decisiontree estimateghe SIFT speci ¢ entrogy, and only

informative descriptorsare attendedor decisionmaking (l1).

the databasd11], [12], despiteviewpoint, illumination and
scalechangesdn the objectimage capturesThereforeSIFT
is the choice for implementationin urban ernvironments
whereillumination and scalechangesare usually the cause
for dggradingperformances.[13] proposedhe Informative
Featules Appmoad following previous work on informative
patchedor recognition[9] by usinglocal densityestimations
to determinethe posteriorentrogy, makinglocal information
content explicit with respectto object discrimination. In
contrastto [9], [14] who modelmutualinformationbetween
featuresandobjects,the posteriorentroy measurevould be
tolerantto include featureswith few occurrencesenabling
to represenbbjectsby singleimages.This approachseems
particularlysuitedfor the mobilevision tasksin the proposed
application,and if attentve recognition and fast response
timesarerequestedinderreal world conditions.

Informative Descriptors We proposehere as innovative
stepto extend the Informative Featues Approacd [13] to
local descriptos. From a given descriptorwe determinethe
informationcontentfrom a posteriordistribution with respect
to giventaskspeci ¢ hypothesesln contrastto costly global
optimization, one expectsthat it is sufciently accurateto
estimatea local information content,by computingit from
the posteriordistribution within a sampletest point's local
neighborhoodn descriptorspaceWe areprimarily interested
to getthe informationcontentof ary samplelocal descriptor
di in descriptorspaceD, d; 2 RIPI, with respecto the task
of objectrecognition,whereo; denotesan objecthypothesis
from a given objectset S . For this, we needto estimate
the entrory H(Ojd;) of the posteriordistribution P(ojd;),
k= 1:::W, Wis the numberof instantiationsof the object
classvariable O. The Shannonconditionalentrofy denotes

H(Ojd;) ék P(okjd;) logP(oyjd): 1)

Oneapproximateshe posteriorsat d; usingonly samplesy;
inside a Parzenwindow of a local neighborhoode, jjdi;
dijji e j= 1:::J. Fig. 3 depictsdiscriminativedescriptos
in an entropy-coded representatiorof local SIFT features
di. From discriminatve descriptorswe proceedto entopy
thresholdedobject representations providing increasingly
sparserepresentationsvith increasingrecognitionaccuragy,
in terms of storing only selecteddescriptor information
that is relevant for classi cation purposes,i.e., those d;
with H(Ojd)) Hg. A specic choice on the threshold
Hg consequentlydeterminesboth storagerequirementsand
recognitionaccurag (Sec.V). To speedup the matchingwe
useef cient memoryindexing of nearesheighborcandidates
describedby the adaptve K-d tree method.

i-SIFT descriptors We apply the Informative Featue
Approadc on ScaleInvariant FeatureTransform (SIFT [1])
baseddescriptorsthat are amongthe bestlocal descriptors
with respecto invarianceto illumination changesmatching
distinctiveness,image rotation, and blur [12]. The i-SIFT
approachtacklesthreekey bottlenecksin SIFT estimation:
i-SIFT will (i) improve the recognitionaccurag with re-
spectto classmembershipjii) provide an entrofy sensitve
matchingmethodto rejectnon-informatve outliersandmore
efciently rejectbackground(iii) obtainaninformative and
sparseobjectrepresentatioreducingthe high dimensional-
ity (128 features)of the SIFT keypoint descriptorand thin
out the numberof training keypointsusing posteriorentropy
thresholding asfollows,

1) Informationtheotetic selectionof representatiorcandi-
dates We exclusively selectinformativeSIFT descrip-
tors for objectrepresentationThe degreeof reduction
in the number of training descriptorsis determined
by thresholdHq for acceptingsufciently informative
descriptorspracticallyreducingthe representatiosize
by up to one order of magnitude.



2) Entropy sensitivematding in nearesmneighborindex-
ing is then necessanas a meansto reject outliersin
analyzingtestimages.Any testdescriptord will be
rejectedfrom matchingif it comesnot close enough
to ary training descriptord;, i.e.,if 8d;:jd; dj< e
and e was determinedso asto optimize posteriordis-
tributionswith respectto overall recognitionaccurag.

3) Reductiorof high featuie dimensionality(128features)
of the SIFT descriptoris crucial to keep nearest
neighborindexing computationallyfeasible. Possible
solutions are K-d and Best-Bin-Firstsearch[1] that
practically performby O(ND), with N training proto-
typescomposedf D features.To discardstatistically
irrelevant feature dimensions,we applied Principal
ComponentAnalysis (PCA) on the SIFT descriptors.
This is in contrastto the PCA-SIFT method, where
PCA is appliedto the normalizedgradientpattern,but
that also becomesmore errorproneunderillumination
changeq12].

IV. ATTENTIVE OBJECT DETECTION

i-SIFT basedobject detection (Sec. lll) can achiere a
signi cant speedupfrom attentve ltering for the rejection
of lesspromisingcandidatedescriptorsThis rapid attentve
mappingis proposecdherein termsof a decisiontree which
learnsits tree structurefrom examples,requiring very few
attribute comparisongo decideuponacceptancer rejection
of a SIFT descriptorfor investigation.

Object Detection and Recognition Detection tasks
require the rejection of images wheneer they do not
contain ary objects of interest. For this we considerto
estimatethe entropy in the posteriordistribution - obtained
from a normalized histogram of the object votes - and
reject imageswith posterior entropiesabove a prede ned
threshold.The proposedecognitionprocesss characterized
by an entrofy driven selection of image regions for
classi cation, and a voting operation,asfollows (Fig. 3),

1) SIFT Extraction and mappinginto PCA basedde-

scriptorsubspace.

2) Attentive Mapping from subspaceo an associated

estimatedentrofy value via decisiontree

3) Rejection of descriptorscontrituting to ambiguous

information (focusof attentior).

4) Nearest neighbor analysis for selecteddescriptor

hypothesegglobal posteriorl).

5) Posterior estimation from the histogramof hypothesis

speci ¢ descriptorgglobal posteriorll).

6) Background rejection for high entropy posteriors.

7) MAP classi cation for objectidenti cations.

From a given testimage, SIFT descriptorsare extracted
and mappedto an entrofy value (seebelon). An entropy
threshold Ho for rejecting ambiguous,i.e., high entrogy
descriptorsis most easily identical with the corresponding
thresholdappliedto get a sparsemodel of referencepoints
(Sec.lll). For retaineddescriptorswe searchfor the object

TABLE |
CONFUSION MAP OF THE C4.5 BASED DECISION TREE LEARNED ON THE
MPG-20 IMAGES (FIG. 4A). INDIVIDUAL ENTROPY INTERVALS —BY
CLASSESH;  Hs —PARTITION [0; Hyay INTO EQUALLY LARGE
INTERVALS (SEC. V) AND ARE MAPPED WELL TO OUTPUT CLASSES.

[maps?! | Hi | Hpx [ Hs3[ Hsa[ Hs]
Hy 1017 | 451 197 57 10
H, 314 | 1114 | 196 92 16
Hs 150 | 185 | 1171 | 185 41
Hy 57 | 125 194 | 1205]| 151
Hs 10 15 64 | 163 | 1480

hypothesisof the nearestneighbortraining descriptor All
hypothesef animagefeedinto a global histogramwhich
is normalizedto give the posteriorwith respectto object
hypothesesBackgroundrejectionis ef ciently operatedby
using a prede nedthresholdeither on the maximumcon -
denceof the MAP hypothesisor the entropy in the posterior

Attention using Decision TreesFor a rapid estimationof
SIFT entrofy values,the descriptorattribute valuesare fed
into the decisiontree which mapsSIFT descriptorsd; into
entropy estimatedd, d; 7! H(Ojd;). The C4.5algorithm[15]
builds a decisiontree usingthe standardop-davn induction
of decisiontreesapproachyrecursvely partitioning the data
into smallersubsetshasedon the value of an attribute. At
eachstepin the constructiorof thedecisiontree,C4.5selects
the attribute that maximizes the information gain ratio.
Tablel givesthe exampleof a confusiontablethatillustrates
the quality of mapping PCA encodedSIFT descriptorsto
entrofy values.The extraction of informative SIFTs (i.e., i-
SIFTS) in the imageis performedin two stages(Fig. 3).
First, the decisiontree basedentrofy estimatorprovides a
rapid estimateof local information contentof a SIFT key
underinvestigation. Only descriptorsd; with an associated
entropy below a prede nedthresholdH (Ojd;) < Hg arecon-
sideredfor recognition.Only theseselecteddiscriminatve
descriptorsare then processedy nearesineighboranalysis
with respectto the object model, and interpretedvia MAP
decisionanalysis.

Computational Complexity Thereareseveralpracticalis-
suedn usingi-SIFT attentve matchingthatsigni cantly ease
the overall computationaload, shaving improvementsalong
severaldimensionsFirstly, informationtheoreticselectionof
candidatedor object representatiorexperimentallyreduces
the size of the object representatiorof up to one order of
magnitude (Tablel), thus supportingsparserepresentations
on devices with limited resourcessuch as, mobile vision
enhancedlevices. Secondlythe reductionof dimensionality
in the SIFT descriptorrepresentatiorpractically decreases
computationalload down to << 30% (< 5% in ZuBuD
recagnition, Sec. V). Finally, the attentve decision tree
basedmappingis appliedto rejectSIFT descriptorsthereby
retaining only about 20% SIFT descriptorsfor further
analysis.Theseperformancedifferencesdo hold regardless
of usingexact (in ak-d tree)or approximatgBest-Bin-First)
nearesneighborsearch[1].



TABLE I
OBJECT DETECTION RESULTS ON THE MPG-20 MOBILE IMAGERY (SEC. V), COMPARING standad SIFTKEYPOINT MATCHING [1] AND i-SIFT
ATTENTIVE MATCHING. I-SIFT PROVIDES BETTER MAP ACCURACY, PROVIDES A BETTER DETECTION RATE (PT) WITH LESS FALSE ALARMS (PF),
AND ACHIEVES SIGNIFICANTLY BETTER AVG. POSTERIOR ENTROPY H AND AVG. MAP CONFIDENCES.

MAP accurayg PT | PF obj bgd obj bgd
recognitionmethod MPG-20[%] [%] | [%] | avg.H | avg.H | avg. MAP | avg. MAP
SIFT 95.0| 825 0.1 3.0 3.4 43.9 18.7
i-SIFT 97.5| 100.0 | 0.0 0.5 4.1 88.0 10.6

TABLE 1lI

RUNTIME PERFORMANCE RESULTS FOR THE MPG-20 EXPERIMENTS. THE I-SIFT METHOD (MODULES M1: PCA PROJECTION, M2: DECISION TREE,
M 3: NEAREST-NEIGHBOR SEARCH) REQUIRED ON AVG. 2:8SE€CPER IMAGE FOR OBJECT IDENTIFICATION, BEING 8 TIMES FASTER THAN SIFT

RECOGNITION, REQUIRING ONLY 129 STORAGE.
| recognitionmethod [ descriptors] recognitionstages | total [ no.keys |
SIFT 1.8sec 7.48 sec(ratio method) 9.28sec | 28873
i-SIFT 1.8sec 0.08sec(M1) [ 0.01sec(M2) | 0.91sec(M3) [ 2.80sec| 3501

V. EXPERIMENTS

Targeting emeging technology applicationsusing com-
putervision on mobile devices,we performthe performance
testsusing the i-SIFT approachon mobile phoneimagery
capturedabout tourist sightsin the urban ervironment of
the city of Graz, Austria, i.e., from the MPG-20 database
(Fig. 4a), and illustrate performanceimprovementsgained
from the i-SIFT approachin comparisonto standardSIFT
matching.We presentesultsproving areliable mobilevision
servicefor urbanobjectdetection.

MPG-20 Database The MPG-20 databask includesim-
agesabout 20 objects, i.e., front sides of buildings from
the city of Graz, Austria, capturedin a user test trial
by students.Most of theseimagescontain a tourist sight,
some containing non-planarstructure (03; 0s; 016, Fig. 4a),
togetherwith 'background' information from surrounding
buildings, pedestriansetc. The imagesof 640 480 pixels
were capturedfrom an off-the-shelfcamera-equippeghone
(Nokia 6230), containingchangesin 3D viewpoint, partial
occlusionsscalechangesy varying distancedor exposure,
and various illumination changesdue to different weather
situationsand changesn daytimeanddate.For eachobject,
we then selected?2 imagestaken by a viewpoint changeof

30 and of similar distanceto the object for training
to determinethe i-SIFT basedobjectrepresentation2 addi-
tional views - two differentfront views of distinct distance
and signi cant scalechange- were taken for testpurposes,
giving 40 testimagesin total. Additional testimageswere
obtained (i) from other 'non-sight' buildings and natural
landscapewvhich arenot partof MPG-20,i.e., 'background’,
and (i) aboutMPG-20 objectsunder extreme illumination
conditions(e.qg.,in the eveningtwilight, Fig. 4b).

LAk
(b) eMPG-20:20 objectsunderextremeillumination

Fig. 4. The MPG-20 databaseconsistingof mobile phoneimagesfrom
20 buildings (numberedod;—0,¢ from top-left to bottom-right)in the city of
Graz (displayedimageswere usedfor training, seeSec.V).

pedestriansyverediscardedIn total 28873SIFT descriptors

SIFT based Key Matching The graywalued training
images (colour was assumedtoo sensitve to illumination
changes)were bit-masled by hand, such that SIFT de-
scriptorson backgroundnformation (surroundingouildings,

1The MPG-20(Mobile PhoneimageryGraz)databaseanbe downloaded
at the URL http://dihjoanneum.at/cape/MPG-20.

weredeterminedor the 40 trainingimages,722 on average.
The40 (non-maskd)testimagesgenerated similar number
of SIFT descriptorperimage.Objectrecognitionis thenper

formedusing MAP decisionmaking (Sec.1V). The average
entropy in the posteriorof the normalizedvoting histograms
wasHayg 3:0. A thresholdof 25%in the MAP hypothesis



con dence was used as decision criterion to discriminate
betweenobject (> 25%) and background( 25%) images
(for both SIFT and i-SIFT, see Fig. 6). For the training
of the i-SIFT selection,the descriptorswere rst projected OBJECTo1g BACKGROUND
to an eigenspaceof dimension40, therebydecreasinghe
original descriptorinput dimensionality (128 features)by
a factor of three. A decisiontree [15] of depth 52 was
learnedfor the attentve matching,de ning the thresholdfor
attentve matchingby H  Hg = 1:0. In total, the numberof
attende®BIFT descriptorsvas3500,i.e., 121%of thetotal
numberthathadto be processedy standardSIFT matching.
The recognitionaccurag accordingto MAP (Maximum A
Posteriori)classi cationwas97:5% (SIFT: 95%),theaverage i
entrofy in the posteriordistribution wasHayg  0:5. (@) train / backgroundmage

MPG-20 Performance ResultsTablell depictsresultsof
the MPG-20 experiments,and comparingSIFT vs. i-SIFT
keypoint matching.i-SIFT provides better MAP accurag,
betterdetectionrate (PT) with lessfalse alarmsthan using
SIFT, being able to provide robust discriminationbetween
objectand backgroundmages by usinga MAP con dence
thresholdto accept/rejectobject hypotheses.The runtime
for single image recognition (PC Pentium IV, 2.4 GHz, (b) testimages,SIFT descriptors
C++ non-optimized code) was 2:80sec using i-SIFT (in
contrastto 9:82secwith standardSIFT), demonstratinghat
i-SIFT should be preferred for mobile object avareness
(Table 1l1). Note that SIFT basedrecognitionwith i-SIFT-
like modelcompleity (retainingonly 12% of SIFT training
keys by randomselection)decrease$o 32.5% — i-SIFT is
truly informativé An important issue for mobile services
representshe guarantedor reliable quality of service.From
the challengingexperimentswith 80 object imagesunder
extremeillumination conditions(Fig. 4b), we nally derived
a threshold on the minimum number of keypoint votes
(>> 4) requiredfor detectiondecisionsto be communicated
to a user (otherwise,the systemwould inform uncertain
conditions). Based on this thresholdthe system provided
a trustworthy mobile service, achieving 100% accurag —
even underthe extreme conditionsreportedin Fig. 4b — for d : —

nnnnnn

(c) testimages,i-SIFT descriptors
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o3 | Fig. 6.  Sample object detection results for object object 019 (left)
* and background(right). (a) Depicting train and bgd. images.(b) SIFT
x descriptoriocationson testimages.(c) Selected-SIFT descriptorocations.
0 5 1‘0 1‘5 2‘0 (d) Posteriordistribution on object hypothesesrom SIFT and (e) i-SIFT
image number descriptors,respectiely, demonstratingnore discriminatve resultsfor i-

SIFT basedinterpretation.

Fig. 5. Performanceesultson MPG-20imageryusingi-SIFT supported
MAP con dencebaseddiscriminationbetweenobjectand background.



ZuBuD Performance Results In similar manner we
appliedi-SIFT key matchingto the ZuBuD databas® (201
buildings, 5 views each,115 query images[4]). While [4]
achieved only moderateperformancg 86% accurag), our
i-SIFT systemachieved 91% correctidenti cations. Note
thatthe avg. runtime perimagefor i-SIFT basedrecognition
was 4:8secin contrastto 115sechy standardSIFT (dueto
the large searchlist), makingi-SIFT 24 timesfasterthan
SIFT!

VI. SUMMARY AND CONCLUSIONS

A methodologyfor reliableurbanobjectdetectionvaspre-
sentedusing off-the-shelf camera-equippedobile devices.
The Informative Descriptor Appoadc was appliedto SIFT
keys, resultingin signi cant performanceimprovementsin
objectdetectionwith respecto detectionrates,ef cient use
of memoryresourcesindspeedupn therecognitionprocess.
This paperalsointroducedattentivematcing for descriptors,
applying an information theoreticcriterion for the selection
of discriminatve SIFT descriptorsfor recognitionmatching
and representationThis innovative local descriptoris most
appropriatefor sensitve operationunderlimited resources,
such as, in applicationsusing mobile vision services.We
evaluatedthe detectionsystemon the public available MP G-
20 databasejncluding images from 20 building objects,
'non-object' images, and extreme illumination conditions
aboutGraz urbanernvironment.

The proposedurban object detectionsystemcould have
a strong impact on mary areasof m-commercesuch as,
tourist information systems navigation aids for the visually
impaired, mobile learning, mobile inspection, etc. Future
work goesin the direction of exploiting geometricrelations
betweeninformative descriptorsto provide robust grouping
and segmentationof cateyorical objectinformation.

2http:/lwwwyvision.ee.ethz.ch/shgoom/zutud/indec.en.html
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