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ABSTRACT

This paperaddressesthe issueof classificationof low-
level featuresinto high-level semanticconceptsfor the
purposeof semanticannotationof consumerphotographs.
We adopt a multi-scale approachthat relies on edge
detection to extract an edge orientation-basedfeature
descriptionof the image, and apply an SVM learning
techniqueto infer the presenceof a dominantbuilding
object in a general purpose collection of digital
photographs.The approachexploits prior knowledgeon
the image context through an assumptionthat all input
imagesare “outdoor”, i.e. indoor/outdoor classification
(the context determinationstage) has been performed.
The proposedapproachis validatedon a diversedataset
of 1720 imagesand its performancecomparedwith that
of the MPEG-7 edge histogram descriptor.

1. INTRODUCTION

Semanticconcepts,such as objects,people,etc. are the
maininstrumentsthathumansuseto navigatethroughand
retrieve examples from large image/video databases
[10]. Semanticannotationof largeimage/videodatabases
is thusessentialif easeof accessanduseis to beensured.
Inferring the presenceor absenceof high-level semantic
conceptsfrom low-level visualfeaturesis a researchtopic
which has attracteda considerableamount of interest
lately.Ourobjectivein this paperis to detectthepresence
of a large building object (i.e. outdoor architecture
accordingto [10]) in anoutdoorcolour imagein ageneral
purposecollection of digital photos takenby a ground-
level camerain an otherwiseunconstrainedenvironment.
In the image of interest, a building is either a single
dominantobjector oneof the dominantobjects.We aim
to show that the feature representationbasedon a few
carefully selectedand physically meaningful low-level
features,coupledwith the high generalisationability of
the SVM classifier engine,may be sufficient to detect
some high-level concepts,such as buildings. As there
exists a number of methodsthat addressthe issue of
indoor/outdoor  classification of  consumer   photographs 

[9][12], we assumethe implicit presenceof contextual
information in the form of an indoor/outdoor label. 

The paperis organisedas follows: we startwith an
overviewof relatedwork in Section2. In Section3, we
presentour approach,describetheextractionof low-level
edgeorientationfeaturesand follow a brief overview of
the Support Vector Machines (SVM) classifier. We
concludewith performanceevaluationand discussionof
our experimentalresults and comparisonwith similar
work in Section 4.

2. RELATED WORK

A significant portion of researchwork in the area of
building detection focuses on building detection in a
constrainedenvironmentusingmultiple imagesof a scene
(e.g. building detection in aerial photography). The
majority of researchers,addressing either aerial or
ground-level photography, utilise some sort of edge
distribution-based feature as a low-level descriptor.

Vailaya et al. [13] developed a procedure to
qualitativelymeasurethe saliencyof a featuretowardsa
particularclassificationproblembasedon the plot of the
intra-classand inter-classdistancedistributions of that
feature.Theyshowthataspecifichigh-levelclassification
problemcan be solvedusing relatively simple low-level
features geared for the particular classes.The edge
direction coherence histogram was found to have
sufficient discrimination power to distinguish between
cityscape and landscape images (an edge pixel is
considered coherent if it belongs to a connected
component in a given direction whose size is at least 0.1%
of the image size). This feature is geared towards
discriminating structured edges from arbitrary edge
distributions. The presenceof human-madeobjects or
structure in an image results in an edge direction
histogramthat exhibits peaks at/aroundthe significant
edgedirections,whereasthe edgedistribution for nature
imagesappearsto be of randomnature,i.e. distribution
usually appears to be flat.



TheDoradoandIzquiredo[2] approachis basedon
the MPEG-7 edge histogram descriptor (80-point
histogramrepresentinglocal distributions of directional
edgeswithin an image: 0°, 45°, 90°, 135°, and non-
directional)andon local andglobaldistributionof edges.
The approach exploits rough matching and problem
domainknowledgethroughuserrelevancefeedbackwhile
classification is performed basedon rule-basedfuzzy
inference.The image is spatially divided in 16 equally
sizedsub-images,eachof which is further divided into a
given numberof non-overlappingsmall squareblocks –
the block size dependingon the sub-imagesize. The
blocksaredividedinto 4 sub-blocksandpassedthrough5
filters to assignthem to a correspondingedgecategory.
The numberof blocks per edgecategoryis countedto
compute the edge distribution within a sub-image and
80-bins (16 sub-imagesx 5 bins each) summarisethe
distribution of each edge category. Fine-tuning is
performed through relevance feedback.

The approachof Iqbal and Aggaraval [3][4] for
detectionof large man-madeobjects,suchas buildings,
bridges,towers,etc., is basedon perceptualgroupingof
image primitives according to Gestalt principles of
perceptualgrouping (continuity, closure,proximity, co-
linearity, co-circularity, symmetry,parallelism).Lower-
level primitive image features, such as line/edge
segments,are grouped hierarchically into higher-level
structures aiming to reach a meaningful semantic
structure. The goal of grouping is to identify image
featuresthat are likely to have arisenfrom somescene
properties rather than accidental arrangements(“the
principle of non-accidentalness”).For building images,a
3-componentfeaturevectoris usedto representan image
to be classifiedinto 3 classes:building, intermediateand
non-building.Featuresusedare:numberof “L” junctions,
“U” junctionsand “significant” parallel lines in the total
numberof “retained” lines. In [5], theycombinefeatures
(based on perceptual grouping), colour features and
texture featuresinto a 66-dimensionalfeaturevector to
represent an image. Their experiments confirm the
intuitive expectationthat colour information does not
have sufficient discriminative power for building/non-
building classification. Their method achieves good
classification performancefor broader classessuch as
man-madestructures,but performsmodestlyon subclass
classification within the man-made class. 

Commonto all three approachesoutlined aboveis
the focus on edge/linesegmentsfeaturesand the useof
orderliness/regularitiesthat the presenceof human-made
objects in a scene generates in terms of edge distribution.

In the work described here, we approach the
problem of building/non-buildingclassificationof the
whole image using simple low-level featuressuited for
the classificationproblem at hand, resulting in a low-
dimensionalfeaturespace.Our approachfor detectingthe
presenceof large buildings in consumerphotographsis
basedon multi-scaleanalysis,from global to local level
andit reliesonexplicit edgedetection.An SVM classifier
engine is employed to infer the information about the
presenceof a large/dominantbuilding object from the
edge orientation-basedfeatures.We show that a few
simple featureswith physicalmeaningcoupledwith the
high generalizationability of the SVM can yield decent
classification performancecomparable to that of the
existingapproaches.The key aspectsof our approachare
low-dimensionality and simplicity.

3. PROPOSED APPROACH

3.1. Motivation

Our objectiveis to detectthepresenceof a largebuilding
object in an outdoorcolour image in a generalpurpose
collection of digital photos taken by a ground-level
camera,at a close or mediumdistance,in an otherwise
unconstrainedenvironment.In the image of interest, a
building is eithera singledominantobjector oneof few
dominant objects in a possibly cluttered scene,with a
complex background with frequently occurring
occlusions. 

Our approachis basedon classificationof low-level
feature representationof an entire image and a simple
observation:the most commonly occurring views of a
building in a standard(i.e. non-artistic,generalpurpose
consumer)photocan be summarisedinto six main types
as shown in Fig 1.

       a)            b)           c)            d)         e)               f)

Fig. 1 A building projection as a function of common
viewing angles:a) frontal view, b) frog's view, c) bird's
eye view, d) view from right, e) view from left, f) “street”

The presenceof a dominant human-madeobject in a
scenegeneratesstrongevidencein the form of straightor
elliptical line segmentsand edges[3][4][5]. Given that
thereis hugevariationwithin the building classin terms



of possibleshapesthat different typesof buildings may
take, as illustrated by Fig. 2, we take the view that a
coarsemodelling of building shape/geometricproperties
is anappropriateapproach.Dominantedgeorientationsof
building object boundary edges and edges due to
windows,doors,etc.,are in mostcasesa combinationof
near-verticaland near-horizontalwith near-45°, or near
-135° degrees.Examinationof the36-binedgeorientation
histogramsof building, nature,and structure imagesin
Fig.3 showsthat “interestingevents”,which distinguish
betweenbuilding and non-building images, (e.g. large
peaks),occurat aroundanglessuchas0°, 45°, 90°, 135°
dependingon the viewing angle. Fig. 4 illustrates the
contributionsof eachof the significant edgeorientation
intervals to the total edge magnitude image. This
indicates that it may be sufficient to base our
representationon relevantsubsetsof the edgehistogram
insteadof theentirehistogram.Theedgesegmentsare,in
accordancewith the Gestaltprinciples,expectedto obey
the rules of good continuity and colinearity.

It is assumedthat conceptswhich are largearealso
semanticallyimportantandthat theyusually,in consumer
photographsat least,occuraroundthecentreof thescene.
We thereforeincorporatelocalisedinformation basedon
analysis of the central rectangularregion 25% of the
image size.

3.2. Low-level feature extraction – edgeorientation
features

Theedgedirectionhistogramis a globalshapedescriptor.
It capturesthegeneralshapeinformationin theimageand
it has been shown to be suited for use in a general purpose
database. The fact that it that does not require
segmentationas a prerequisiteis a significant advantage
consideringthat object segmentationis still a difficult
problem.Other advantagesof edgehistograminclude its
invarianceto translationin the imageand robustnessto
partial occlusion.However,edgehistogramfeaturesare
inherently neither scale nor rotation invariant. Scale
invariance,which in this contextmeansinvarianceto the
absolutesizeof theobject,is achievedby normalisingthe
histogramby sum of weightedcontributionsof all edge
pixels considered.In this way we are able to deal with
images(and buildings) of different sizes,avoiding the
need for preprocessing. 

The use of edgeorientation histogramsinsteadof
edgedirectionhistogramsallows us to effectively reduce
the number of bins considered, while retaining the
relevantinformation(e.g.on parallelisms)by reinforcing
the relevant peaks in the 0 to 180 degrees range. 

Fig. 2  Variety of building shapes

Detectionof certainfeaturesin an imageis optimal
at a certainscaleandthe correctscaleor the appropriate
size of the neighbourhooddependson the scaleof the
objectunderinvestigation.Theexactsizeof theobjectis
generallynot knowna priori, thus optimal processingof
an image requires the representationof an image at
different scales [6][12]. As the appropriate scale is
unknown(it is only known thata building is at a closeor
a mediumdistancefrom camera),we adopta multi-scale
approachto edge detection and apply a Canny edge
detectorat threescales.Scalingis achievedby smoothing
with Gaussiankernel with valuesof � = 1; 1.5; and 2
empirically selected. The thresholds for hysteresis
thresholdingwere set to 0.3 and 0.9 so as to ensurethat
mostof theedgeevidencegeneratedby the textureedges
is discardedwhile that due to edgescorrespondingto
boundariesis retained.Non-maximumsupressionensures
that all edges are one pixel wide. 

Fig. 3 Comparisonof normalised36-binedgeorientation
histograms for building, nature and structure images



Fig. 4 Edge magnitude components pertaining to
significantorientationintervals:a) original image,b) near
horizontal,c) near-45,d) nearvertical,e) near-135,andf)
all four relevant edge orientation intervals.

In addition to global edgedetectionwe extendour
searchfor evidenceto a subblockcorrespondingto the
central25% of the imageaswe assumethat if a building
is really a dominantobject theremustbestrongevidence
of human-madestructurein the centreof the image.We
constructa five-bin histogramat eachscale,globally and
locally: four bins correspondto the following edge
orientation intervals: F1=[0,10]+[170,180], F2=[35,55],
F3=[80,100],F4=[125,145],and onebin is usedfor non-
relevant edge pixels (i.e. all other edge pixels). Edge
pixelscontributingto the first four bins arereferredto as
“relevant” in the following. Each5-bin histogramis then
normalised by the sum of all five bins. The 24-
-dimensionalfeaturevector is then formedby discarding
thefif th bin andby concatenatingtheremaining4 binsfor
each of 2 zones at each of 3 scales.

Three versions of the approach, using different
weightingschemes,areimplemented.We computethe5-
bin histograms,one for each region at each scale as
follows: 

H ej i �

�

m � 0

M � 1
�

n � 0

N � 1

W ei I ei m , n I reg
j m , n

i=1,2,3,4,5;   j=1,2

whereHej (i) is an edgehistogrambin correspondingto
orientation i and region j (the first region is the entire
image and the secondregion is the central 25% of the
image).Wei is the weight assignedto the contributionof
anedgepixel with orientationi, Iei (m,n)is anedgeimage
componentfor orientationi, and I reg.

j m , n is a binary
zone image (with value 1 for pixels in the region of
interest, value 0 elsewhere).

In the first version,the edgepixel contributionto a
givenbin is weightedby the gradientmagnitude,andthe
five-bin histogramis normalisedby the sum of all edge
pixel contributionsin the imageregionbeinganalysedso
as to account for different image sizes. In the second
versionaweightingschemewhich favourscontributionof
edge pixels more likely to belong to linear lines is
introduced.The ideais to increasethe importanceof the
relative contribution of the pixels that obey the good
continuity rule. As illustrated in Fig. 5, the 8-
neighbourhoodis examinedfor edgepixelswith thesame
quantisedorientation, termed coherent pixels and the
highest weight Wei=1.3 is assignedto an edge pixel
contribution both of whose neighbourslie in direction
perpendicularto its gradientdirection(in caseof onesuch
neighbourweight Wei=1.2 is assigned,in caseof two
weight Wei=1.3 is assigned).In the third version, a
strongerweighting is usedand the weights for coherent
pixel contribution are increased to Wei=2 and 3
respectively. 

     a)            b)            c)           d) 

Fig. 5 Coherencycheckin 8-neighbourhoodfor theedge
angle � of the centralpixel: a) ��� [0,10] � [170,180],b)

��� [35,55], c)  �	� [80,100], d)  ��� [125, 145] 

3.3. Low-level feature classification

The Support Vector Machine (SVM) [1] is a popular
learningalgorithmwhich hasbeenextensivelyusedin a
numberof applications,suchastext classification,feature
extraction and hand-writtendigit recognition [8]. The
SVM is characterisedby high generalisationability andis
basedon the idea of finding the hyperplanethat best
separatestwo classesafter mappingthe training datainto
a higher-dimensionalfeature space via some kernel
function F . The SVM classifiers are based on the
hyperplanes of the class:

(w.x)+b=0 ,     wÎ 


N, b Î 
        

wherew is a weight vector,x is the training data,b is a
threshold. The corresponding decision function
f: 


N� ® { � 1} is: 

f (x)=sign((w.x) + b)

where x is a feature vector to be classified. The
hyperplane is constructed by solving a constrained



optimisationproblemwhosesolution,a weightsvectorw,
is expressedin termsof a subsetof trainingexamplesthat

lie on the margin: w= � i a i xi. This subsetof training
examples,calledSupportVectors,carriesall the relevant
information containedin the training set. Thus the final
decisionfunction, f(x)=sign(� i a i (x.xi)+b), wherex is a
new feature vector to be classified and xi are support
vectors,dependsonly on the dot product of the feature
vectors. One of the advantagesof SVM over other
classifiersis its speed,as the numberof points that the
SVM evaluateswhena new point is classifiedis equalto
the number of support vectors (usually significantly
smaller than the numberof training examples).We use

the SVMlight [7][8] classifierwhich outputsa confidence
measure for each test sample: the sign of which
determinestheclassmembership(if thescoreis positive,
theexampleis labelledasa classmemberanda non-class
member in case of negative score) while its absolute
value gives an indication of the classificationdecision
confidence i.e. the distance from the separating
hyperplane. 

4. PERFORMANCE EVALUATION

4.1. Dataset

In order to evaluatethe performanceof the methodwe
use a diverse databaseof 1720 images (consumer
photographs),split into two sets: 2 different subsetsof
200 imageswere usedfor classifiertraining/learningand
the remaining 1520 imageswere used to evaluatethe
performanceof the trainedclassifier.Thedatasetconsists
of imagesof arbitrarysizesin both portraitandlandscape
format.The imageswerecollectedfrom varioussources:
photo albums on the Internet, scannedfrom personal
photographs and donated digital photographs. Non-
building images include several sub-classes:nature
(beaches,forest, field, water body, sunset,sunrise,etc.),
large human-made-structure-other-than-building(boats,
ships,cars,wheels,monuments,windmills, etc.), close-
ups of flowers and fruit, animalsand people(close-ups
and medium distance). 

Particularcarewas takento ensurethat the dataset
is almostevenlysplit betweenbuilding (769 images)and
non-building (751) images, that the dataset includes
imagesof objects that may easily be misclassifiedas
buildings (113 structureimagesor 15% of non-building
images) and that intraclass variance of the building

images is sufficiently large (churches, cottages,
skyscrapers, castles, huts, family houses, etc). 

For the creationof a groundtruth we apply a single
label model assuming that all images can be singly
labelled.Eachimagewaslabeledby two humansubjects
andaclasswasassignedbasedon thesubjects'perception
of the dominant class in a given image. 

4.2. Classifier training

Leave-one-outvalidation on the training set of 200
images(100 building, 100 non-building) is performedin
order to determinethe classifier parameters.The SVM
with linear kernel is trainedwith different valuesof cost
factor (which controls the ratio of misclassification
penalty for the class and non-class members and
correspondsto translationof the separationplane).As a
criteriafor selectionof theSVM modelwe usethebreak-
even-pointon the training set(valuefor which recall and
precisionon the training are equal)and a classifierwith
cost factor of 1.3 was selected.

4.3. Classification based on low-level features and
discussion of experimental results 

As a performancemeasurewe useclassificationaccuracy,
recall and precision on the test set of 1520 images.
Classificationaccuracyis a fraction of all imageswhich
hasbeenassignedto a correctclass.Recallis a fractionof
building imageswhich has beenassignedto a building
class whereas the precision is a fraction of images
assignedto building class that actually belong to a
building class. 

4.3.1. Experiment 1- the effect of coherency weighting

In order to determine the impact of weighting, we
comparethe performanceof three different versionsof
the method: with edge magnitude weighting, weak
coherencyweighting and strong coherency weighting
with the MPEG-7edgehistogramdescriptor.The results
presentedin Table 1 show that the strong coherency
weighting scheme outperforms both weak coherency
weightingand edgemagnitudeweighting,aswell as the
MPEG-7 edge histogram descriptor.

Accuracy Recall Precision
Grad. Magnitude Weighting 85.52 81.27 89.16
Coherency Weak Weighting 87.30 83.38 90.81
Coherency Strong Weighting 88.22 84.01 92.02
MPEG-7 Edge Hist. Descript. 84.93 79.45 89.59

Table1. Comparisonof experimentalresultsfor different
methods (200 training images, 1520 test images)



4.3.2. Experiment 2 – the effect of local information

In order to verify the hypothesisthat the inclusionof the
localisededgeinformation pertainingto the central25%
of the image actually improves classification
performance,we comparethe performanceof the 12-
componentglobal and local featurerepresentationswith
the 24-componentfeature representation(global+local
information)for strongcoherencyweighting.The results
in Table2 confirm that,for this particulardatasetat least,
the incorporation of localised information positively
affects the classification rate.

Accuracy Recall Precision
12-component  (local) 87.67 82.74 92.06
12-component  (global) 86.18 81.40 89.96

24-component  (global+local). 88.22 84.01 92.02

Table 2. Comparisonof performanceof 12-component
and 24-componentrepresentationfor strong coherent
weighting (200 training, 1520 test images)

The examinationof misclassifiedimagesin both cases
showsthat this improvementis dueto a reductionin the
misclassification of structure images.

By closely examiningthe misclassifiedimageswe
observethat most frequentlymisclassificationoccursin
the case of scenescontaining dominant human-made
structuresother than buildings with edge distributions
similar to thatof buildingssuchasthoseshownin thetop
rowsof Fig 6. In othercases,themisclassificationoccurs
dueto strongregulartexturessuchasthepresenceof tree
trunks in a close proximity to cameraas can be seein
Figure 6 (a forest in the bottom row).

Fig. 6 Typical non-building images misclassified as
buildings

Theanotherdifficult exampleis the Giant'sCauseway(a
naturallyoccurringoutcropof hexagonalbasaltcolumns
in NorthernIrelandshownin Fig. 6 in the middle of the
bottom row,) that exhibits exceptionallyhigh degreeof
regularity and features we normally associate with
human-madeobjects.We also observemisclassification
of building imagesdue to the fact that edgeorientation
basedfeaturesarenot rotationinvariant,ascanbeseenin
Fig. 7 (the two building images on the left were
misclassified with high degree of confidence).

Performanceof our approachis comparableto that
of the existing approaches.However, we have to
emphasisethat we usedour own datasetand a different
number of training examplesso that we are not in a
position to makea fair comparison.Doradoet al. report
similar recall and precisionon a test set of 3000 TREC
images using 115 images for training. The user interaction
improvesthe recall andprecisionto 86.31% and86.25%
respectively.Iqbal and Aggarwal validatetheir approach
on 120 images(using30 imagesfor training) and report
the recall of 80% andprecisionof 83.72%.We compare
with the performance of a standard MPEG-7 edge
histogramdescriptorandascanbeseenfrom Table1, our
approachoutperformsSVM classificationbasedon an
MPEG-7 edge histogram descriptor on a common dataset.

5. CONCLUSIONS

In this paper,we presentedan approachto building/non-
building classificationof outdoorconsumerphotographs
basedon a few simple edge-orientationfeatureswith
physicalmeaning,extractedat threescales,and usedin
conjunctionwith an SVM classifierengine.Experimental
resultson a diversedatasetof 1720imagesshowthat the
performanceof our methodis comparableto that of the
existingapproaches.However,the resultsalsoshowthat
animprovementis requiredin orderto overcomethelack
of rotation invariance and reduce misclassification
between buildings and other human-madestructures.
Futurework will includeextensivecomparisonwith other
techniques.
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