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Abstract— We present a computer vision system for the
detection and identi�cation of urban objects fr om mobile
phone imagery, e.g., for the application of tourist information
services. Recognition is based on MAP decision making over
weak object hypotheses fr om local descriptor responsesin
the mobile imagery. We present an impr ovement 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 second to
acceleratedetection by selective �ltering . 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 (100%) background
rejection, ef�cient (0%) false alarm rate, and reliable quality
of service under extreme illumination conditions, signi�cantly
impr oving 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 miniaturizationof camerasand mo-
bile devices, the generationof and accessto digital visual
information has becomeubiquitous. Today, most cameras
are sold within mobile phones,accompanying the nomadic
pedestrianthrougheveryday life, in particular, in its urban
environment.Computervision couldplay a key role in using
billions of imagesasa cuefor context andobjectawareness,
positioning,inspection,andannotationin general.

The original contribution of this paper is to provide a
generic technology for the recognition of urban objects,
i.e., buildings, in terms of a reliable mobile vision service
in tourist information systems.A mobile user directing its
mobile camerato an object of interest(Fig. 1) will receive
annotationabout location relevance(e.g., tourist sight) and
the identity of the building, enabling the user to access
choiceson moredetailed,objectspeci�c information.

Urban recognitionhas beenapproachedwith respectto
categoricaldetectionof 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
webfor mobile locationrecognition.Following thesemerely
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conceptualapproacheswe proposeanaccuratelyandreliably
working recognitionservice,providing detailedinformation
on performanceevaluation,both on mobile phoneimagery
anda referencebuilding imagedatabase(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.III). Selectionis applied �rst to reducethe
complexity of the object model and secondto accelerate
detectionby selective attention.We traineda decisiontree
to rapidly andef�ciently estimatea SIFT's posteriorentropy
value, retaining only thosekeys for thoroughanalysisand
voting with high informationcontent(Sec.IV).

The experimentswere performedon typical, low quality
mobile phoneimageryon urbantourist sightsundervarying
environmentconditions(changesin scale,viewpoint, illumi-
nation,varyingdegreesof partialocclusion).Wedemonstrate
in this challengingoutdoorobjectdetectiontaskthesuperior-
ity in usinginformative SIFT (i-SIFT) keys to standardSIFT
using the MPG-20 mobile phoneimagedatabase,reporting
increasedreliability in object/backgroundseparation,accu-
rateobject identi�cation, andproviding a con�dencequality
measurethat enablesa highly stablemobile vision service.

I I . MOBILE COMPUTER V ISION SYSTEM

Imagebasedrecognitionprovidesthe technologyfor both
object awarenessand positioning.Outdoor geo-referencing
still mainly relieson satellitebasedsignalswhereproblems
arisewhentheuserentersurbancanyonsandtheavailability
of satellite signals dramatically decreasesdue to various
shadowing effects [6]. Alternative conceptsfor localization
are economicallynot affordable,suchas, INS and markers
that needto be massively distributedacrossthe urbanarea.

Fig. 1 depictsthe technicalconceptand the threemajor
stagesin situatedmobile object recognitionandannotation.
The system consistsof an off-the-shelf camera-equipped
smartphone,a GPS device (built-in, e.g., A-GPS, or Blue-
tooth externally connected),and a server accessibletrough
mobile servicesthat runsthe object recognitionandannota-
tion software.This speci�c client-server architectureenables
large-scaleapplicationof urbanobjectawareness,usingGPS
to index into thegeo-referencedobjectdatabase,andleaving
object recognition restrictedto a local urban area on the
server. In thefuture,mobileclientsmight run theapplication
even faster.



Fig. 1. Client-server architecturefor object awarenessin urbanenvironments.(1) Imagesfrom the mobile devices are transferredto the server for (2)
recognitionandcontentinformation.(3) User receivesannotationaboutobjectand locations.

Mobile recognition systemIn the �rst stage(Fig. 1-1),
the user capturesan image about an object of interest in
its �eld of view, and a software client initiates submission
of the imageto the server. The transferof the visual infor-
mation to the server is performedeithervia GPRS,UMTS,
WLAN (PDAs), or MMS (multimediamessagingservice).If
a GPSdevice (bluetoothor built-in A-GPS)is available,the
smartphonereadsthe actualposition estimatetogetherwith
a correspondinguncertaintymeasure,andsendsthis together
with the imageto the server. In the secondstage(Fig. 1-2),
the web-servicereadsthe messageand analyzesthe geo-
referencedimage.Basedon a currentquality of serviceand
thegivendecisionfor objectdetectionandidenti�cation, the
server preparesthe associatedannotationinformation from
the content databaseand sendsit back to the client for
visualization(Fig. 1-3).

Geo-contextual cueing Global object search in urban
environments– comprising thousandsof buildings – is a
challengingresearchissue.However, within mostapplication
scenarios,positionswould beavailablefrom GPSbasedgeo-
referencing,which can be usedto index into an otherwise
huge set of object hypotheses.Geo-referenceindexing for
selectedobjecthypotheses�rst requiresa databasecontain-
ing on-site capturedgeo-referencedimagery about objects.
'Ground truth' geo-referencingcan be performedmanually
, e.g.,on correspondingair-borneimagery(Fig. 2). Fromthe
differencesbetween' true' and on-site measuredpositions
we can determinethe averagepositioning error h̄ . Based
on this quantity, we partition the complete set of object
hypothesesinto subsetsof hypotheses('neighborhoodcell')
of local context within a neighborhoodh̄ + d for further
processing.For eachof theseneighborhoods,we would learn
theinformative featuresandanattentive mappingto saliency
(Sec.III).

Situatedobject recognitionIn recognitionmode,theGPS
signalreceiver �rstly returnsanon-sitepositionestimate.We
addthenthe radial distanceof the uncertaintyestimateē to

Fig. 2. Object hypothesisselection using geo-contextual information
(overlaidon airborneimage)from GPSbasedmeasurements(M). Positions
of image acquisition of objects in the MPG-20 database(crosses)are
indexed using the radial distanceof the meangeo-referencingerror.

receive the urban areathat most probably will contain the
object under investigation (Fig. 2). We index now into the
geo-referencedobjectdatabaseandreceive thecorresponding
'neighborhoodcell' from which we derive the set of object
hypothesesfor accurateobject identi�cation.

The methodologyis describedas follows, Sec. III will
presentobject representationsby informative descriptors,
Sec.IV describesattentive detectionand identi�cation, and
Sec.V presentsexperimentalresultson mobile imagerywith
varying viewpointsand illumination conditions.

I I I . INFORMATIVE LOCAL DESCRIPTORS

Researchon visual object detectionhasrecently focused
on the developmentof local interestoperators[7], [8], [9],
[1] and the integration of local information into robust
object recognition [10], [9], [1]. Recognition from local
information serves several purposes,suchas, improved tol-
eranceto occlusion effects, or to provide initial evidence
on object hypothesesin terms of providing starting points
in cascadedobject detection. The SIFT (Scale Invariant
FeatureTransformation)descriptor [1] is widely used for
its capabilities for robust matching to the recordings in



Fig. 3. Conceptfor recognitionfrom informative local descriptors.(I) First, standardSIFT descriptorsareextractedwithin the test image.(II) Decision
makinganalyzesthe descriptorvoting for MAP decision.(III) In i-SIFT attentive processing,a decisiontreeestimatesthe SIFT speci�c entropy, andonly
informative descriptorsareattendedfor decisionmaking(II).

the database[11], [12], despiteviewpoint, illumination and
scalechangesin the object imagecaptures.ThereforeSIFT
is the choice for implementationin urban environments
whereillumination and scalechangesare usually the cause
for degradingperformances.[13] proposedthe Informative
Features Approach following previous work on informative
patchesfor recognition[9] by usinglocal densityestimations
to determinetheposteriorentropy, makinglocal information
content explicit with respect to object discrimination. In
contrastto [9], [14] who modelmutualinformationbetween
featuresandobjects,theposteriorentropy measurewould be
tolerant to include featureswith few occurrences,enabling
to representobjectsby single images.This approachseems
particularlysuitedfor themobilevision tasksin theproposed
application,and if attentive recognition and fast response
timesarerequestedunderreal world conditions.

Inf ormative Descriptors We proposehereas innovative
step to extend the Informative Features Approach [13] to
local descriptors. From a given descriptorwe determinethe
informationcontentfrom a posteriordistributionwith respect
to giventaskspeci�c hypotheses.In contrastto costlyglobal
optimization,one expectsthat it is suf�ciently accurateto
estimatea local information content,by computingit from
the posteriordistribution within a sampletest point's local
neighborhoodin descriptorspace.Weareprimarily interested
to get the informationcontentof any samplelocal descriptor
di in descriptorspaceD , di 2 R jD j , with respectto the task
of objectrecognition,whereoi denotesan objecthypothesis
from a given object set S O. For this, we needto estimate
the entropy H(Ojdi) of the posteriordistribution P(okjdi),
k = 1: : :W, W is the numberof instantiationsof the object
classvariableO. The Shannonconditionalentropy denotes

H(Ojdi) � � å
k

P(okjdi) logP(okjdi): (1)

Oneapproximatestheposteriorsat di usingonly samplesg j
inside a Parzenwindow of a local neighborhoode, jjdi �
d j jj � e, j = 1: : :J. Fig. 3 depictsdiscriminativedescriptors
in an entropy-coded representationof local SIFT features
di . From discriminative descriptorswe proceedto entropy
thresholdedobject representations, providing increasingly
sparserepresentationswith increasingrecognitionaccuracy,
in terms of storing only selecteddescriptor information
that is relevant for classi�cation purposes,i.e., those di
with Ĥ(Ojdi) � HQ. A speci�c choice on the threshold
HQ consequentlydeterminesboth storagerequirementsand
recognitionaccuracy (Sec.V). To speedup thematchingwe
useef�cient memoryindexing of nearestneighborcandidates
describedby the adaptive K-d treemethod.

i-SIFT descriptors We apply the Informative Feature
Approach on ScaleInvariant FeatureTransform(SIFT [1])
baseddescriptorsthat are amongthe best local descriptors
with respectto invarianceto illumination changes,matching
distinctiveness,image rotation, and blur [12]. The i-SIFT
approachtacklesthreekey bottlenecksin SIFT estimation:
i-SIFT will (i) improve the recognition accuracy with re-
spectto classmembership,iii) provide an entropy sensitive
matchingmethodto rejectnon-informative outliersandmore
ef�ciently rejectbackground,(iii) obtainan informative and
sparseobjectrepresentation,reducingthe high dimensional-
ity (128 features)of the SIFT keypoint descriptorand thin
out thenumberof trainingkeypointsusingposteriorentropy
thresholding,as follows,

1) Informationtheoreticselectionof representationcandi-
dates. We exclusively selectinformativeSIFT descrip-
tors for objectrepresentation.The degreeof reduction
in the number of training descriptorsis determined
by thresholdHQ for acceptingsuf�ciently informative
descriptors,practicallyreducingtherepresentationsize
by up to oneorderof magnitude.



2) Entropy sensitivematching in nearestneighborindex-
ing is then necessaryas a meansto reject outliers in
analyzingtest images.Any test descriptord� will be
rejectedfrom matchingif it comesnot closeenough
to any training descriptordi , i.e., if 8di : jdi � d� j < e,
ande wasdeterminedso asto optimizeposteriordis-
tributionswith respectto overall recognitionaccuracy.

3) Reductionof high feature dimensionality(128features)
of the SIFT descriptor is crucial to keep nearest
neighbor indexing computationallyfeasible.Possible
solutions are K-d and Best-Bin-First search[1] that
practicallyperformby O(ND), with N training proto-
typescomposedof 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 alsobecomesmoreerrorproneunderillumination
changes[12].

IV. ATTENTIVE OBJECT DETECTION

i-SIFT basedobject detection (Sec. III) can achieve a
signi�cant speedupfrom attentive �ltering for the rejection
of lesspromisingcandidatedescriptors.This rapid attentive
mappingis proposedherein termsof a decisiontreewhich
learnsits tree structurefrom examples,requiring very few
attributecomparisonsto decideuponacceptanceor rejection
of a SIFT descriptorfor investigation.

Object Detection and Recognition Detection tasks
require the rejection of images whenever they do not
contain any objects of interest. For this we consider to
estimatethe entropy in the posteriordistribution - obtained
from a normalized histogram of the object votes - and
reject imageswith posterior entropiesabove a prede�ned
threshold.Theproposedrecognitionprocessis characterized
by an entropy driven selection of image regions for
classi�cation,anda voting operation,as follows (Fig. 3),

1) SIFT Extraction and mapping into PCA basedde-
scriptorsubspace.

2) Attenti ve Mapping from subspaceto an associated
estimatedentropy valuevia decisiontree.

3) Rejection of descriptorscontributing to ambiguous
information(focusof attention).

4) Nearest neighbor analysis for selecteddescriptor
hypotheses(global posterior I).

5) Posterior estimation from thehistogramof hypothesis
speci�c descriptors(global posterior II ).

6) Background rejection for high entropy posteriors.
7) MAP classi�cation for object identi�cations.
From a given test image,SIFT descriptorsare extracted

and mappedto an entropy value (seebelow). An entropy
threshold HQ for rejecting ambiguous,i.e., high entropy
descriptorsis most easily identical with the corresponding
thresholdappliedto get a sparsemodel of referencepoints
(Sec.III). For retaineddescriptors,we searchfor the object

TABLE I

CONFUSION MAP OF THE C4.5 BASED DECISION TREE LEARNED ON THE

MPG-20 IMAGES (FIG. 4A). INDIVIDUAL ENTROPY INTERVALS – BY

CLASSES H1 � � �H5 – PARTITION [0;Hmax] INTO EQUALLY LARGE

INTERVALS (SEC. V) AND ARE MAPPED WELL TO OUTPUT CLASSES.

maps7! Ĥ1 Ĥ2 Ĥ3 Ĥ4 Ĥ5

H1 1017 451 197 57 10
H2 314 1114 196 92 16
H3 150 185 1171 185 41
H4 57 125 194 1205 151
H5 10 15 64 163 1480

hypothesisof the nearestneighbor training descriptor. All
hypothesesof an imagefeed into a global histogramwhich
is normalizedto give the posterior with respectto object
hypotheses.Backgroundrejection is ef�ciently operatedby
using a prede�ned thresholdeither on the maximumcon�-
denceof theMAP hypothesisor theentropy in theposterior.

Attention using DecisionTreesFor a rapidestimationof
SIFT entropy values,the descriptorattribute valuesare fed
into the decisiontree which mapsSIFT descriptorsdi into
entropy estimatesĤ, di 7! Ĥ(Ojdi). TheC4.5algorithm[15]
builds a decisiontreeusingthe standardtop-down induction
of decisiontreesapproach,recursively partitioning the data
into smallersubsets,basedon the value of an attribute. At
eachstepin theconstructionof thedecisiontree,C4.5selects
the attribute that maximizes the information gain ratio.
TableI givestheexampleof a confusiontablethat illustrates
the quality of mappingPCA encodedSIFT descriptorsto
entropy values.The extractionof informative SIFTs (i.e., i-
SIFTS) in the image is performedin two stages(Fig. 3).
First, the decisiontree basedentropy estimatorprovides a
rapid estimateof local information contentof a SIFT key
under investigation. Only descriptorsdi with an associated
entropy below a prede�nedthresholdĤ(Ojdi) < HQ arecon-
sideredfor recognition.Only theseselecteddiscriminative
descriptorsare then processedby nearestneighboranalysis
with respectto the object model, and interpretedvia MAP
decisionanalysis.

Computational Complexity Thereareseveralpracticalis-
suesin usingi-SIFT attentivematchingthatsigni�cantly ease
theoverall computationalload,showing improvementsalong
severaldimensions.Firstly, informationtheoreticselectionof
candidatesfor object representationexperimentallyreduces
the size of the object representationof up to one order of
magnitude(Table II), thussupportingsparserepresentations
on devices with limited resources,such as, mobile vision
enhanceddevices.Secondly, the reductionof dimensionality
in the SIFT descriptorrepresentationpractically decreases
computational load down to << 30% (< 5% in ZuBuD
recognition, Sec. V). Finally, the attentive decision tree
basedmappingis appliedto rejectSIFT descriptors,thereby
retaining only about � 20% SIFT descriptorsfor further
analysis.Theseperformancedifferencesdo hold regardless
of usingexact (in a k-d tree)or approximate(Best-Bin-First)
nearestneighborsearch[1].



TABLE II

OBJECT DETECTION RESULTS ON THE MPG-20 MOBILE IMAGERY (SEC. V), COMPARING standard 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 accuracy PT PF obj bgd obj bgd
recognitionmethod MPG-20[%] [%] [%] avg. H avg. H avg. MAP avg. MAP
SIFT 95.0 82.5 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 III

RUNTIME PERFORMANCE RESULTS FOR THE MPG-20 EXPERIMENTS. THE I-SIFT METHOD (MODULES M1: PCA PROJECTION, M2: DECISION TREE,

M3: NEAREST-NEIGHBOR SEARCH) REQUIRED ON AVG. � 2:8secPER IMAGE FOR OBJECT IDENTIFICATION, BEING � 8 TIMES FASTER THAN SIFT

RECOGNITION, REQUIRING ONLY � 12%STORAGE.

recognitionmethod descriptors recognitionstages total no. keys
SIFT 1.8 sec 7.48 sec(ratio method) 9.28 sec 28873
i-SIFT 1.8 sec 0.08 sec(M1) 0.01 sec(M2) 0.91 sec(M3) 2.80 sec 3501

V. EXPERIMENTS

Targeting emerging technologyapplicationsusing com-
putervision on mobiledevices,we performtheperformance
testsusing the i-SIFT approachon mobile phoneimagery
capturedabout tourist sights in the urban environment 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 presentresultsproving a reliablemobilevision
servicefor urbanobjectdetection.

MPG-20 DatabaseThe MPG-20 database1 includesim-
agesabout 20 objects, i.e., front sides of buildings from
the city of Graz, Austria, captured in a user test trial
by students.Most of theseimagescontain a tourist sight,
somecontainingnon-planarstructure(o3;o5;o16, Fig. 4a),
togetherwith 'background' information from surrounding
buildings, pedestrians,etc. The imagesof 640� 480 pixels
werecapturedfrom an off-the-shelfcamera-equippedphone
(Nokia 6230), containingchangesin 3D viewpoint, partial
occlusions,scalechangesby varying distancesfor exposure,
and various illumination changesdue to different weather
situationsandchangesin daytimeanddate.For eachobject,
we then selected2 imagestaken by a viewpoint changeof
� � 30� and of similar distanceto the object for training
to determinethe i-SIFT basedobject representation.2 addi-
tional views - two different front views of distinct distance
and signi�cant scalechange- were taken for test purposes,
giving 40 test imagesin total. Additional test imageswere
obtained (i) from other 'non-sight' buildings and natural
landscapeswhich arenot partof MPG-20,i.e., 'background',
and (ii) about MPG-20 objectsunder extreme illumination
conditions(e.g., in the evening twilight, Fig. 4b).

SIFT based Key Matching The grayvalued training
images(colour was assumedtoo sensitive to illumination
changes)were bit-masked by hand, such that SIFT de-
scriptorson backgroundinformation(surroundingbuildings,

1TheMPG-20(Mobile PhoneimageryGraz)databasecanbedownloaded
at the URL http://dib.joanneum.at/cape/MPG-20.

(a) MPG-20:20 objectsby mobile phoneimagery

(b) eMPG-20:20 objectsunderextremeillumination

Fig. 4. The MPG-20 database,consistingof mobile phoneimagesfrom
20 buildings (numberedo1–o20 from top-left to bottom-right)in the city of
Graz(displayedimageswereusedfor training, seeSec.V).

pedestrians)werediscarded.In total 28873SIFT descriptors
weredeterminedfor the40 training images,722on average.
The40 (non-masked)testimagesgenerateda similar number
of SIFTdescriptorsperimage.Objectrecognitionis thenper-
formedusingMAP decisionmaking(Sec.IV). The average
entropy in the posteriorof the normalizedvoting histograms
wasHavg � 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
to an eigenspaceof dimension40, therebydecreasingthe
original descriptor input dimensionality (128 features)by
a factor of three. A decision tree [15] of depth 52 was
learnedfor the attentive matching,de�ning the thresholdfor
attentive matchingby H � HQ = 1:0. In total, the numberof
attendedSIFTdescriptorswas3500,i.e., � 12:1%of thetotal
numberthathadto beprocessedby standardSIFT matching.
The recognitionaccuracy accordingto MAP (Maximum A
Posteriori)classi�cationwas97:5%(SIFT: 95%),theaverage
entropy in the posteriordistribution wasHavg � 0:5.

MPG-20 Performance ResultsTableII depictsresultsof
the MPG-20 experiments,and comparingSIFT vs. i-SIFT
keypoint matching. i-SIFT provides better MAP accuracy,
betterdetectionrate (PT) with less falsealarmsthan using
SIFT, being able to provide robust discriminationbetween
objectandbackgroundimages,by usinga MAP con�dence
threshold to accept/rejectobject hypotheses.The runtime
for single image recognition (PC Pentium IV, 2.4 GHz,
C++ non-optimized code) was 2:80sec using i-SIFT (in
contrastto 9:82secwith standardSIFT), demonstratingthat
i-SIFT should be preferred for mobile object awareness
(Table III). Note that SIFT basedrecognitionwith i-SIFT-
like modelcomplexity (retainingonly 12% of SIFT training
keys by randomselection)decreasesto 32:5% – i-SIFT is
truly informative! An important issue for mobile services
representstheguaranteefor reliablequality 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 becommunicated
to a user (otherwise, the system would inform uncertain
conditions). Basedon this threshold the systemprovided
a trustworthy mobile service,achieving 100% accuracy –
even underthe extremeconditionsreportedin Fig. 4b – for
accepted(50%)objectimages,rejecting(50%)for annotation
otherwise.
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Fig. 6. Sample object detection results for object object o19 (left)
and background(right). (a) Depicting train and bgd. images. (b) SIFT
descriptorlocationson testimages.(c) Selectedi-SIFT descriptorlocations.
(d) Posteriordistribution on object hypothesesfrom SIFT and (e) i-SIFT
descriptors,respectively, demonstratingmore discriminative results for i-
SIFT basedinterpretation.



ZuBuD Performance Results In similar manner, we
appliedi-SIFT key matchingto the ZuBuD database2 (201
buildings, 5 views each,115 query images[4]). While [4]
achieved only moderateperformance(� 86% accuracy), our
i-SIFT systemachieved � 91% correctidenti�cations. Note
that theavg. runtimeper imagefor i-SIFT basedrecognition
was 4:8sec in contrastto 115secby standardSIFT (due to
the large searchlist), making i-SIFT � 24 times fasterthan
SIFT !

VI . SUMMARY AND CONCLUSIONS

A methodologyfor reliableurbanobjectdetectionwaspre-
sentedusing off-the-shelfcamera-equippedmobile devices.
The InformativeDescriptor Approach was applied to SIFT
keys, resulting in signi�cant performanceimprovementsin
objectdetection,with respectto detectionrates,ef�cient use
of memoryresourcesandspeedupin therecognitionprocess.
Thispaperalsointroducedattentivematching for descriptors,
applying an information theoreticcriterion for the selection
of discriminative SIFT descriptorsfor recognitionmatching
and representation.This innovative local descriptoris most
appropriatefor sensitive operationunder limited resources,
such as, in applicationsusing mobile vision services.We
evaluatedthedetectionsystemon thepublic availableMPG-
20 database,including images from 20 building objects,
'non-object' images, and extreme illumination conditions
aboutGrazurbanenvironment.

The proposedurban object detectionsystemcould have
a strong impact on many areasof m-commerce,such as,
tourist informationsystems,navigation aids for the visually
impaired, mobile learning, mobile inspection,etc. Future
work goesin the directionof exploiting geometricrelations
betweeninformative descriptorsto provide robust grouping
andsegmentationof categorical object information.

2http://www.vision.ee.ethz.ch/showroom/zubud/index.en.html

REFERENCES

[1] D. Lowe, “Distinctive imagefeaturesfrom scale-invariantkeypoints,”
InternationalJournal of ComputerVision, vol. 60, no. 2, pp. 91–110,
2004.

[2] Y. Li andL. Shapiro,“Consistentline clustersfor building recognition
in CBIR,” in Proc. InternationalConferenceon Pattern Recognition,
ICPR 2002, vol. 3, 2002,pp. 952–957.

[3] A. Dick, P. Torr, and R. Cipolla, “Modelling and interpretationof
architecturefrom several images,” InternationalJournal of Computer
Vision, vol. 60, no. 2, pp. 111–134,2004.

[4] H. Shao, T. Svoboda, and L. van Gool, “HPAT indexing for fast
object/scenerecognition basedon local appearance,” in Proc. In-
ternational Conferenceon Image and Video Retrieval, CIVR 2003.
Chicago,IL,2003,pp. 71–80.

[5] T. Yeh, K. Tollmar, and T. Darrell, “Searchingthe web with mobile
imagesfor locationrecognition,” in Proc. IEEE ComputerVision and
Pattern Recognition, CVPR, Washington,DC, 2004,pp. 76–81.

[6] B. Hofmann-Wellenhof, H. Lichtenegger, and J. Collins, Global Po-
sitioning SystemTheory and Practice. Vienna, Austria: Springer-
Verlag,2001.

[7] K. Mikolajczyk and C. Schmid, “An af�ne invariant interest point
detector,” in Proc. EuropeanConferenceon ComputerVision, ECCV
2002, 2002,pp. 128–142.

[8] S. Obdrzalekand J. Matas, “Object recognition using local af�ne
frames on distinguishedregions,” in Proc. British Machine Vision
Conference, 2002,pp. 113–122.

[9] M. Vidal-NaquetandS. Ullman, “Object recognitionwith informative
featuresandlinearclassication,” in Proc. InternationalConferenceon
ComputerVision, ICCV 2003. Nice, France,2003,pp. 281–288.

[10] R. Fergus, P. Perona,and A. Zisserman,“Object class recognition
by unsupervisedscale-invariant learning,” in Proc. Conference on
ComputerVision and Pattern Recognition, 2003,pp. 264–271.

[11] K. Mikolajczyk and C. Schmid,“A performanceevaluationof local
descriptors,” in Proc.ComputerVisionandPatternRecognition,CVPR
2003, Madison,WI, 2003.

[12] ——, “A performance evaluation of local descriptors,”
http://www.robots.ox.ac.uk/vgg/research/af�ne/, 2004.

[13] G. Fritz, L. Paletta,and H. Bischof, “Object recognitionusing local
information content,” in Proc. International Conference on Pattern
Recognition, ICPR, vol. II. Cambridge,UK, 2004,pp. 15–18.

[14] G. Dorko andC. Schmid,“Selectionof scale-invartiantpartsfor object
class recognition,” in Proc. International Conference on Computer
Vision, ICCV 2003, 2003,pp. 634–640.

[15] J. Quinlan,C4.5 Programsfor Machine Learning. SanMateo,CA:
Morgan Kaufmann,1993.


