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e Drive 2, Singapore 117543lir, leowwk�
omp.nus.edu.sgContent-based image retrieval has advan
ed from the initial stage of feature-basedapproa
h towards the semanti
 approa
h. Existing semanti
s-based methods typ-i
ally 
lassify an image or an image region to exa
tly one of several 
lasses. Dueto the presen
e of noise and ambiguity in images, it is pra
ti
ally impossible toderive 
lassi�ers that 
an a

urately 
lassify the images or regions into a largevariety of 
lasses. Therefore, some image retrieval methods have 
aptured the un-
ertainty of region 
lassi�
ation in the region labels and used image stru
tures fordisambiguation during image mat
hing. This paper presents a novel method ofsemanti
 labeling that 
an assign multiple semanti
 labels to a region along withthe 
on�den
e measures of the assignment. Unlike existing 
lassi�
ation methods,it 
an learn to perform semanti
 labeling in
rementally. Test results show that themethod is e�e
tive and a

urate in labeling a wide variety of regions.

1 Introdu
tionEarly 
ontent-based image retrieval (CBIR) systems follow the paradigm ofrepresenting images by low-level features, su
h as 
olor, texture, and shape.Image retrieval is performed by mat
hing the features of the query image withthose of the database images. This approa
h of mat
hing global image featuresis e�e
tive for retrieving simple images and images that 
ontain single distin
tobje
ts. CBIR systems su
h as QBIC 1, Virage 2, ImageRover 3, Photobook 4and VisualSEEK 5 all belong to this 
ategory.For more 
ompli
ated images with multiple obje
ts and regions, lo
alfeatures are extra
ted from segmented regions or �xed-sized blo
ks. Imagesare then retrieved by mat
hing their region or blo
k features with those in thequery image. Su
h region-based CBIR systems in
lude Netra 6, Blobworld 7,and SIMPLI
ity 8.All the above methods use low-level feature-based methods to mat
h im-ages. On the other hand, high-level semanti
 labels are more natural forhuman users. In re
ent years, CBIR resear
h has shifted its fo
us towardsbridging the gap between low-level features and high-level semanti
s. Thegeneral idea is to assign semanti
 labels to parts of an image or the wholeimage.
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There are several approa
hes to semanti
 labeling. The �rst approa
hextra
ts global image features from the images and 
lassi�es the images intoseveral 
oarse 
ategories based on the global features. Examples of 
oarse
ategories in
lude indoor vs. outdoor 9, 
ity vs. lands
ape 10, textured vs.non-textured 8, et
.The se
ond approa
h extra
ts lo
al features from the segmented regions(or �xed-sizes blo
ks) of images and 
lassi�es the regions into several semanti

lasses. Image mat
hing is then performed based on the semanti
 labels ofthe image regions. The third approa
h 
lassi�es images into several 
ategoriesbased on the semanti
 labels of the image 
omponents. Campbell et al. 11 andTown and Sin
lair 12 fo
used on the se
ond approa
h while Fung and Loe 13explored both approa
hes.All the above methods perform 
risp semanti
 
lassi�
ation, i.e., 
lassi�
a-tion of a region or an image into exa
tly one semanti
 
lass. The short
omingof this approa
h is that, due to the presen
e of noise and ambiguity in theimages, it is pra
ti
ally impossible to derive very a

urate 
lassi�ers for alarge variety of region 
lasses, let alone a large variety of image 
lasses. Themethods reported in the literature typi
ally have been shown to work on onlyabout 10 or fewer region and image 
lasses (e.g., 8;9;10;11;12;13).To explore the semanti
 approa
h more fully, methods have been proposedto mat
h images using both fuzzy region labels and image stru
tures 14;15;16.In parti
ular, the methods of 15 a
knowledge the diÆ
ulty of a

urately 
las-sifying regions to semanti
 
lasses, and so represent ea
h region by multiplefuzzy semanti
 labels. Disambiguation of the fuzzy labels is performed duringimage mat
hing where image stru
tures are used to 
onstrain the mat
hingbetween the query example and the images. Similarly, attributed relationalgraph mat
hing method 14;16 
an also use image stru
tures for image mat
h-ing. Test results demonstrated that these methods are able to make �nedis
rimination between images that share 
ommon parts.In all the above semanti
s-based methods, labeling of image regions orwhole images is the most important part of the methods. This paper pro-poses a novel method of performing semanti
 labeling of image regions (or�xed-sized blo
ks). It fo
uses on the task of analyzing the features in a regionand assigning possibly multiple semanti
 labels to the region together with
on�den
e measures of 
lassifying the regions to the 
orresponding 
lasses.The semanti
 labeling method adopts a probabilisti
 approa
h to estimate the
on�den
e of assigning a semanti
 label to a region (Se
tion 3). It in
ludes al-gorithms for in
remental learning based on 
lustering, probability estimation,and region labeling (Se
tion 4). Test results show that the method is e�e
tiveand a

urate in assigning semanti
 labels to image regions (Se
tion 5). The
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appli
ation of the semanti
 labeling method to image retrieval that uses imagestru
tures is reported separately in other papers 15.2 Related WorkRegion labeling methods that are most related to our work in
lude 11;12;13.Campbell et al. 11 trained a neural network to 
lassify regions based on fea-tures su
h as 
olor, texture, shape, size, rotation, and 
entroid. The regionswere 
lassi�ed into 11 
ategories, su
h as sky, vegetation, road, and pavement,that appear in normal road s
enes, and the neural network a
hieved 83.9%a

ura
y.Town and Sin
lair 12 also applied a neural network to 
lassify regions intosemanti
 
lasses based on region features that in
lude area, boundary length,
olor mean and 
ovarian
e matrix, texture orientation and density, moment,et
. They obtained a 
lassi�
ation a

ura
y of about 90% but the test wasperform on only 11 
lasses that 
ontain well-de�ned textures su
h as bri
k,
loud, fur, grass, road, and sand.Fung and Loe 13 used supervised 
lustering of 
olor features to groupthem into a large number of elementary 
lusters, whi
h were further groupedinto 
onglomerate 
lusters. Ea
h 
onglomerate 
luster was asso
iated with asemanti
 region 
lass. Fixed-sized image blo
ks were assigned to the 
lustersusing k-nearest-neighbor algorithm, and were then assigned the semanti
 la-bels of the majority 
lusters. The number of region 
lasses and a

ura
y ofregion 
lassi�
ation were not reported in the paper.The 
ommon short
omings of the existing methods in
lude the following:� They 
lassify region features in a Eu
lidean spa
e that 
ombine vari-ous feature types linearly. This ve
tor spa
e approa
h is 
onvenient butrequires the assumption that the features types are independent of ea
hother and, thus, 
an be regarded as forming orthogonal dimensions of theve
tor spa
e. This assumption is generally false and has been shown tolead to poorer 
lassi�
ation and 
lustering results 17. Further dis
ussionof this issue is presented in Se
tion 3.1.� Existing methods have been demonstrated to work on only a small num-ber of about 10 region 
lasses. Moreover, images in the region 
lassesusually have well-de�ned texture patterns.� The 
lassi�
ation methods used are not in
remental. Addition of newtraining samples, feature types, and semanti
 
lasses entails the re-training of the entire 
olle
tion of training samples.
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In 
ontrast, our method does not 
ombine di�erent feature types linearly in aEu
lidean spa
e. Instead, it adopts a probabilisti
 approa
h that 
aptures the
orrelation between feature 
ombinations and semanti
 
lasses. It adopts anin
remental learning algorithm that 
an make use of the dissimilarity measurethat is appropriate for ea
h feature type. Finally, it has been tested on 30semanti
 
lasses that span a wide variety of region types that are not restri
tedto images that 
ontain well-de�ned textures.
3 Semanti
 Labeling3.1 OverviewSemanti
 labeling 
an be framed as a problem of 
lassifying an image region(or image pat
h, �xed-sized blo
k) R to one of several semanti
 
lasses Ci; i =1; : : : ;m. In pra
ti
e, it is not possible to a
hieve perfe
t 
lassi�
ation due tothe presen
e of noise and ambiguity in the region features. A better approa
his to represent the un
ertainty of 
lassi�
ation in the semanti
 labels and todefer the �nal de
ision to a latter stage at whi
h the image stru
ture 
an betaken into a

ount using, for instan
e, the fuzzy 
on
eptual graph mat
hingmethod 15. Let us denote by Qi(R) the 
on�den
e of 
lassifying region Rinto semanti
 
lass Ci. Then, the semanti
 labeling problem 
an be de�nedas follows:Semanti
 LabelingGiven a region R and M semanti
 
lasses Ci; i = 1; : : : ;M , 
omputethe 
on�den
e Qi(R) that R belongs to Ci for ea
h i.A region R 
ontains a set of features Ft of type t = 1; : : : ;m, ea
h havinga value vt. Ea
h feature Ft 
an 
ontain more than one 
omponent, as for
olor histograms, Gabor texture features, wavelet features, et
. The symbolsFt and vt denote the whole feature and feature value instead of the individual
omponent.The standard method of 
omputing Qi(R) = Qi(v1; : : : ; vm) is the ve
torspa
e approa
h: Regard ea
h set of feature values as a ve
tor v = [v1; : : : ; vm℄Tin a linear ve
tor spa
e, and estimate Qi using fun
tion approximation. It iswell-known that the various feature types are not independent of ea
h otherand the s
ales of the feature types are di�erent. So, forming a linear ve
torspa
e by assigning ea
h feature type (or, more 
ommonly, ea
h feature 
om-ponent of ea
h feature type) to an orthogonal dimension of the ve
tor spa
eis not expe
ted to produ
e reliable results in general 18.
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The usual method of dealing with this problem is to represent a region asa linear 
ombination of feature values, and de�ne Qi(R) as a fun
tion of thelinear 
ombination: Qi(R) = Qi Xt wtvt! = Qi(wTv) (1)for some weight ve
tor w = [w1; : : : ; wm℄T . Another method is to generalizethe weighted sum to the quadrati
 form 19:Qi(R) = Qi �(v � �)TX�1(v � �)� (2)where � is a m�1 weight matrix and X is am�m weight matrix. The matri
es� and X 
an be taken as the mean ve
tor and the 
ovarian
e matrix of v,but this would require the assumption of a linear ve
tor spa
e, whi
h is notdesirable as dis
ussed above. So, more appropriate weight matri
es shouldbe obtained. The main diÆ
ulty is that it is not known a priori what arethe appropriate values of the weights. It is also diÆ
ult to apply a learningmethod to obtain the weight values (as in 19) be
ause the desired values ofQi(R) are also unknown a priori, and they depend very mu
h on the type of
lassi�er used.3.2 Probabilisti
 LabelingTo resolve the problems highlighted above, this paper presents a probabilis-ti
 method of 
omputing Qi(R) by estimating the 
onditional probabilityP (Ci j vt). The approa
h en
ompasses the following 
hara
teristi
s:� It 
an make use of the dissimilarity measures that are appropriate for thevarious types of features 17;20 instead of the Eu
lidean distan
e.� It does not require the use of weights to 
ombine the various featuretypes.� It adopts a learning approa
h that 
an adapt in
rementally to the in
lu-sion of new training samples, feature types, and semanti
 
lasses.The probabilisti
 labeling method 
onsists of two stages: (1) semanti

lass learning and (2) region labeling.Semanti
 Class LearningThe goal of the semanti
 
lass learning stage is to determine the 
onditionalprobabilities asso
iated with ea
h semanti
 
lass. It �rst 
lusters a set of
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training sample regions Rj , ea
h assigned a pre-de�ned semanti
 
lass Ci,a

ording to ea
h feature type using the dissimilarity measure that is appro-priate for the feature type (see Se
tion 4 for details). This pro
ess produ
esa set of 
lusters 
tk, for ea
h feature type t. After 
lustering, the 
onditionalprobability P (Ci j
tk) for semanti
 
lass Ci given 
luster 
tk is estimated.Assuming that the distribution within ea
h 
luster is uniform, then P (Ci j
tk)
an be estimated from the number of regions in the 
luster:P (Ci j
tk) = P (Ci;
tk)P (
tk) = jCi \
tkjj
tkj (3)where j
tkj denotes the number of regions in 
luster 
tk, and jCi \ 
tkj thenumber of regions in 
tk that belong to semanti
 
lass Ci.To 
ombine multiple feature types, we 
an determine the 
luster 
ombi-nations 	(�; �; n) = f
�(1);�(1); : : : ;
�(n);�(n)g that have high probabilities ofasso
iating to some semanti
 
lasses Ci:P (Ci j	(�; �; n)) = P (Ci j
�(1);�(1); : : : ;
�(n);�(n))
=

�������Ci \\l 
�(l);�(l)��������������\l 
�(l);�(l)������� : (4)
The fun
tions �(l), l = 1; : : : ; n, denote a 
ombination of feature types and�(l) a 
ombination of 
luster indi
es.In pra
ti
e, a semanti
 
lass is often asso
iated with a spe
i�
 
ombinationof feature types. So, it is ne
essary to 
ompute only the 
onditional probabil-ities P (Ci j	(�; �; n)) that are signi�
antly larger than zero; the 
onditionalprobabilities asso
iated with the other 
luster 
ombinations 
an be regardedas zero. The 
luster 
ombination 	(�; �; n), the asso
iated semanti
 
lassesCi, and the 
orresponding 
onditional probability values P (Ci j	(�; �; n)) arestored for region labeling.Region LabelingAfter the learning stage, a region R 
an be labeled by determining the asso-
iated semanti
 
lasses. Given the region R whi
h 
ontains a set of featurevalues vt, the 
lusters that are nearest to the feature values vt, for ea
h featuretype t, are determined. Next, the nearest 
lusters found are mat
hed withthe stored 
luster 
ombinations, obtained during the learning stage, that areasso
iated with some semanti
 
lasses. The 
on�den
e measure Qi(R) 
an
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now be 
omputed from the 
onditional probabilities of the mat
hing 
luster
ombinations 	(�; �; n):Qi(R) = max�;�;nP (Ci j	(�; �; n)) : (5)Note that Qi(R) as de�ned in Eq. 5 is no longer a 
onditional probability:� The Ci's in Eq. 5 may be 
onditioned on di�erent sets of feature types.� While Pi P (Ci j	(�; �; n)) = 1 for ea
h 
luster 
ombination 	(�; �; n),the sum PiQi(R) 6= 1 in general.Nevertheless, Qi(R) is well-founded on probability theory and is, thus, a goodmeasure of the 
on�den
e that region R belongs to 
lass Ci.Dis
ussionThe semanti
 labeling method presented above 
omputes Qi(R) from theprobabilities 
onditioned on the 
lusters nearest to the feature values vt of Rinstead of the probabilities 
onditioned on the feature values vt. In prin
iple,it is possible to estimate P (Ci j vt) using more sophisti
ated methods su
h asGaussian mixture, e.g.,P (Ci j vt) =Xk wk exp��kvt � �tkk22�2tk � (6)where wk is a weighting fa
tor that 
an be optimized during learning, �tk and�tk are derived from the lo
ation and radius of 
luster 
tk, and kvt � �tkkis an appropriate dissimilarity measure. However, estimation of probabilitydensity that is 
onditioned on several feature types is more 
omplex. Letv = [v1; : : : ; vm℄T denote a ve
tor that 
ombines the feature values vt, t =1; : : : ;m. Then,P (Ci jv) =Xk wk exp��12(v � �)TX�1(v � �)� (7)where � = [�1;�(1); : : : ; �m;�(m)℄T is the ve
tor of the 
entroids of the
lusters in whi
h the feature values vt lie, and X is an appropriate weightmatrix. That is, this method de�nes the 
onditional probability in termsof a quadrati
 form of v, whi
h is undesirable (as dis
ussed in Se
tion 3.1).Therefore, in our 
urrent formulation, uniform probability distribution isassumed within ea
h 
luster.
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4 Semanti
 Labeling AlgorithmsThe semanti
 labeling method des
ribed in Se
tion 3 
onsists of several mainalgorithms: region 
lustering, probability estimation, region labeling, and re-gion 
lassi�
ation. The �rst two algorithms are used for semanti
 
lass learn-ing. The region 
lassi�
ation algorithm is a spe
ial 
ase of region labeling.4.1 Region ClusteringTraining sample regions Rj are 
lustered a

ording to individual feature typet to obtain 
lusters 
tk. An adaptive k-means 
lustering algorithm 17 is usedso that the appropriate number of 
lusters 
an be determined automati
ally.This is a
hieved by setting the maximum radius r of a 
luster and the nominalseparation s between 
lusters. The maximum radius r, for feature type t, is
omputed by measuring the average distan
e between the samples in a 
lass:r = 1M Xi 1N(i) XRj ;Rk2Ci d(vtj ; vtk) (8)where M is the number of 
lasses, N(i) is the number of sample pairs in 
lassCi, and vtj and vtk are the type-t feature values of region Rj and Rk in 
lassCi. The nominal separation s is set at 1:5R, whi
h has been found in 17 toprodu
e 
lusters with an optimal amount of overlaps between them. The samealgorithm is applied to di�erent feature types separately. The algorithm 
anbe summarized as follows:Adaptive ClusteringRepeatFor ea
h feature value vt of ea
h region,Find the nearest 
luster 
tk to vt.If no 
luster is found or distan
e d(
tk; vt) � s,
reate a new 
luster with feature vt;Else, if d(
tk; vt) � r,add feature value vt to 
luster 
tk.For ea
h 
luster 
ti,If 
luster 
ti has at least Nm feature values,update 
entroid of 
luster 
ti;Else, remove 
luster 
ti.The 
entroid of 
luster 
ti is a generalized mean of the feature values inthe 
luster (see Se
tion 5 for more dis
ussion). The fun
tion d(
tk; vt) is a
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dissimilarity measure appropriate for the feature type t 17;20.
4.2 Probability EstimationAfter 
lustering the regions a

ording to individual feature types, the 
ondi-tional probability P (Ci j
tk) of ea
h 
luster 
tk is estimated. In addition,the 
onditional probabilities P (Ci j	(�; �; n)) of various 
luster 
ombinations	(�; �; n) are also estimated.In order to assess the a

ura
y of the semanti
 labeling approa
h, the
onditional probability for all possible 
ombinations of 1 to 4 features are
omputed in the 
urrent implementation so that the 
ombinations with thehighest probabilities 
an be identi�ed. In a
tual appli
ations, a 
luster se-le
tion pro
edure 
an be performed to sele
t 
andidate 
luster 
ombinationsthat are likely to yield signi�
ant probabilities. This method would removethe need to 
ompute the probabilities for all possible 
ombinations. The
luster 
ombinations 	(�; �; n), their asso
iated semanti
 
lasses Ci, and the
orresponding 
onditional probabilities P (Ci j	(�; �; n)) that are signi�
antlylarger than zero are stored for region labeling.
4.3 Region Labeling and Classi�
ationThe region labeling algorithm determines the 
ombinations of feature values ofa region that are asso
iated with some semanti
 
lasses with high probabilities.These semanti
 
lasses and the probabilities are assigned to the region as itssemanti
 labels. In general, a region 
an be assigned multiple semanti
 
lasses.
Region LabelingGiven a region RFind the nearest 
luster of ea
h feature value vt of R.Find the 
ombinations 	j of these 
lusters that mat
hthe stored 
luster 
ombinations.Retrieve the 
lasses Ci and probabilities P (Ci j	j)asso
iated with the mat
hing 
luster 
ombinations 	j .For ea
h retrieved 
lass Ci,Find the 	k with the largest probability:P (Ci j	k) = maxj P (Ci j	j)Assign Ci and P (Ci j	k) to R,i.e., Qi(R) = P (Ci j	k).
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For the purpose of assessing the e�e
tiveness of the semanti
 labelingmethod, region 
lassi�
ation is performed to assign the label of the semanti

lass with the highest 
on�den
e to a region.Region Classi�
ationGiven a region RPerform region labeling.Find the Ck with the largest 
on�den
e:Qk(R) = maxi Qi(R)If Qk(R) > threshold �,assign Ck to R;else assign \unknown 
lass" to R.In some appli
ations, it may be better to assign the \unknown 
lass" labelto a region when the probability is low than to assign it a wrong label. Thethreshold � 
an be determined empiri
ally (see Se
tion 5).
5 Performan
e EvaluationExtensive tests were performed to evaluate the following aspe
ts of the se-manti
 labeling method:� Is the 
on�den
e value estimated by the method a reliable measure of
lassi�
ation a

ura
y?� Can the method improve the 
on�den
e value by 
ombining the featuretypes that are most salient for 
lassifying a region?5.1 Test SetupA wide variety of 30 semanti
 
lasses (Fig. 1) were randomly identi�ed bybrowsing the images in the Corel 50,000 photo 
olle
tion. For ea
h 
lass, 250image blo
ks of size 64�64 pixels were 
ropped from the images. Out ofthe 250 blo
ks, 200 were randomly sele
ted for semanti
 
lass learning andthe remaining 50 for region 
lassi�
ation test. In total, 6,000 blo
ks wereused for training and 1500 blo
ks for testing. During semanti
 
lass learning,
ombinations of 1 to 4 feature types were 
onsidered, and the 
onditionalprobabilities for all these 
ombinations were 
omputed.For ea
h image blo
k, four di�erent types of features were extra
ted:
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grass foliage 
owers 
loud 
lear sky
ro
k mountain sand 
alm water 
hoppy sea
fur fa
e pebbles snow rooftile

paved road unpaved road bri
k wall tree trunks wooden surfa
e
window fen
e �re �rework grass �eld
building house dirt/soil ground s
ale pillarsFigure 1. Sample images of the semanti
 
lasses used in the tests.
1. Adaptive 
olor histograms:It has been shown in 17 that adaptive 
olor histograms have better over-all performan
e, in terms of good a

ura
y, small number of bins, noempty bin and eÆ
ient 
omputation 
ompared to normal �xed-binning
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histograms. The weighted 
orrelation 17 is used to 
ompute the dissim-ilarity between two adaptive histograms. Mean histogram 18 is used to
ompute 
luster 
entroids.2. MRSAR texture features:Liu and Pi
ard showed that multiresolution simultaneous autoregressive(MRSAR) model is good for 
apturing the 
hara
teristi
s of random tex-tures 21. The usual dissimilarity measure for MRSAR is the Mahalanobisdistan
e, and the Eu
lidean mean is used to 
ompute 
luster 
entroids.3. Gabor texture features:The Gabor texture features and weighted-mean-varian
e (WMV) as de-�ned by Ma and Manjunath 22 have been shown to produ
e good texturedis
rimination, parti
ularly for stru
tured and oriented textures. WMVis a good dissimilarity measure for Gabor texture features. For 
omputing
luster 
entroids, Eu
lidean mean is used.4. Edge histograms:Normalized edge dire
tion and magnitude histograms as given in 23;24 areextra
ted from the images. For these features, Eu
lidean distan
e andEu
lidean mean are used for region 
lustering.
5.2 Clustering ResultsThe region 
lustering algorithm produ
ed 137 
olor 
lusters, 37 MRSAR 
lus-ters, 31 Gabor 
lusters, and 28 edge 
lusters. It produ
ed more 
olor 
lustersthan other 
lusters be
ause there were more 
olor variations than textureand edge variations in the images. Most of the 
lusters had low probabilitiesP (Ci j
tk) when there were 
onsidered individually (Table 1). This showsthat individual features were not dis
riminative. However, the probabili-ties improved signi�
antly when they were 
ombined appropriately (Table 1).These results are analyzed in more details in the following se
tions.
5.3 Salient FeaturesSalient features are features that are highly 
orrelated with a semanti
 
lass.During semanti
 
lass learning, 
luster 
ombinations with high probability ofasso
iating with various semanti
 
lasses are identi�ed. The feature values ofthe 
luster 
entroids 
onstitute the salient features of the 
lasses.
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Table 1. Salient features. Columns 2{5 give the average 
on�den
e measures of the semanti

lasses using single features (Color (C), MRSAR (M), Gabor (G) and Edge (E)) . Numbersin bold are the highest average 
on�den
e among the four feature types. Column 6 liststhe salient featur e pairs (S.F.) and 
olumn 7 lists the 
orresponding improved average
on�den
e (Conf.) using sal ient feature pairs.ID Class C M G E S. F. Conf.1 grass 0.229 0.096 0.058 0.081 
olor, Gabor 0.7462 foliage 0.321 0.085 0.123 0.132 
olor, MRSAR 0.8013 
ower 0.191 0.097 0.098 0.156 
olor, edge 0.7964 
loud 0.285 0.339 0.365 0.381 
olor, Gabor 0.7415 
lear sky 0.452 0.737 0.758 0.847 
olor, Gabor 0.8606 ro
k 0.082 0.082 0.048 0.050 
olor, MRSAR 0.7557 mountain 0.098 0.039 0.038 0.120 
olor, edge 0.6978 sand 0.109 0.144 0.041 0.054 
olor, MRSAR 0.7249 
alm water 0.139 0.042 0.039 0.087 
olor, MRSAR 0.70810 
hoppy sea 0.159 0.043 0.042 0.062 
olor, MRSAR 0.73311 fur 0.082 0.132 0.034 0.048 
olor, MRSAR 0.74012 fa
e 0.229 0.099 0.115 0.101 
olor, edge 0.75513 pebbles 0.094 0.108 0.141 0.055 MRSAR, edge 0.69714 snow 0.202 0.053 0.045 0.078 
olor, MRSAR 0.44215 roof tiles 0.094 0.078 0.252 0.079 
olor, Gabor 0.78616 paved road 0.116 0.050 0.045 0.095 
olor, edge 0.71517 unpaved road 0.095 0.059 0.046 0.066 
olor, edge 0.69818 bri
k wall 0.088 0.059 0.239 0.181 
olor, Gabor 0.63519 tree trunks 0.090 0.052 0.051 0.157 
olor, edge 0.73620 wooden surfa
e 0.155 0.102 0.046 0.103 
olor, MRSAR 0.76821 window 0.077 0.052 0.048 0.197 
olor, edge 0.74222 fen
e 0.089 0.054 0.046 0.166 
olor, edge 0.75023 �re 0.141 0.090 0.076 0.068 
olor, MRSAR 0.76824 �rework 0.131 0.047 0.048 0.120 
olor, MRSAR 0.78525 grass �eld 0.236 0.035 0.028 0.069 
olor, MRSAR 0.70426 building 0.079 0.055 0.047 0.154 
olor, edge 0.76527 house 0.072 0.051 0.042 0.116 
olor, edge 0.75528 dirt ground 0.150 0.054 0.051 0.081 
olor, MRSAR 0.65829 s
ale 0.141 0.104 0.152 0.057 
olor, Gabor 0.75630 pillars 0.143 0.072 0.087 0.121 
olor, edge 0.697
Table 1 tabulates the 
on�den
e measures of a semanti
 
lass Ci averagedover all samples that belong to Ci, i.e.,Qi(	(�; n)) = 1jCijX� jCi \	(�; �; n)j P (Ci j	(�; �; n)) : (9)The average 
on�den
e gives an overall assessment of how strongly a featuretype 
orrelates with a semanti
 
lass. With a single feature, almost all seman-ti
 
lasses have very low 
on�den
e values. This 
on�rms the expe
ted resultsthat single features are not enough to identify the semanti
 
lasses of imageregions. An interesting surprise is that MRSAR, Gabor, and edge histogramsare highly 
orrelated with 
lear sky. This is due to the fa
t that 
lear sky
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regions have almost no texture and no edge whereas all other image blo
kshave some textures and edges. Therefore, the learning method 
an asso
iatenot only the presen
e but also the absen
e of features to semanti
 
lasses.Whatever the 
ase may be, the learning method always 
hooses the one withthe highest 
on�den
e.Table 1 also shows that using a 
ombination of only two feature types
an already improve the mean 
on�den
e values of all the semanti
 
lassessigni�
antly. The mean 
on�den
e values of all 
lasses ex
ept snow are above0.6, and the overall average is 0.731. In
reasing the number of feature typesto 3 or 4 did not produ
e higher 
on�den
e values. So, for our data set of 30semanti
 
lasses, 
ombinations of two feature types are enough.It is interesting to see that a salient pair of features may not be individu-ally salient. For example, for the grass images, the Gabor feature is less salientthan MRSAR. Nevertheless, the 
ombination of 
olor and Gabor is the mostsalient pair for grass. Another interesting example is the 
lass of pebbles.For this 
lass, MRSAR and edges 
onstitute the salient pair, but individuallyboth features are less salient than Gabor. Color is not found to be a salientfeature be
ause the pebble images in the training set 
ontain large variationsof 
olors.The above results are 
onsistent with those of Szummer and Pi
ard forindoor vs. outdoor 
lassi�
ation of images 9. They observed that a pair of fea-tures is more a

urate for image 
lassi�
ation than a single feature. Moreover,
ombining two weak features 
onsistently produ
ed more a

urate 
lassi�
a-tion than a single good feature.5.4 Classi�
ation A

ura
yTo test whether the 
on�den
e measure estimated by the method 
orrelatewith 
lassi�
ation a

ura
y, a region 
lassi�
ation test was performed on 1; 500testing image regions, 50 per semanti
 
lass. The region 
lassi�
ation methoddes
ribed in Chapter 3 was exe
uted at various threshold values. Figure 2plots the 
lassi�
ation a

ura
y vs. the maximum 
on�den
e of a region Ri,i.e., QM (Rj) = Maxi Qi(Rj). To 
ompute the 
lassi�
ation a

ura
y, a re-
ursive algorithm was applied to group the samples into groups 
ontainingsamples with similar QM (Rj).Test results in Figure 2 shows that above 
on-�den
e value of 0:75, the a

ura
y is above 0:9.Regions labeled with semanti
 
lasses having low 
on�den
e values areambiguous. In appli
ations where image stru
tures are used for image mat
h-ing, su
h as 14;15;16, image stru
tures provide additional information that 
anbe used for disambiguation. So, regions labeled with \unknown 
lass" should
label: submitted to World S
ienti�
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Figure 2. Region 
lassi�
ation a

ura
y at various 
on�den
e levels.
Table 2. Classi�
ation A

ura
y Comparison (SVM vs. probabilisti
 labeling).Probabilisti
 LabelingSVM Labeling with reje
tion without reje
tion61.6% 70% 91%

be regarded as ambiguous and should not be 
lassi�ed prematurely by the se-manti
 labeling algorithm. If these regions are reje
ted and not 
lassi�ed dueto low 
on�den
e in 
lassi�
ation, then the 
lassi�
ation a

ura
y of the re-maining regions improves signi�
antly from 0.70 to 0.91 (Fig. 3). The amountof reje
tion for threshold value of 0.75 is 23%. The 
onfusion matrix in Fig. 4further 
on�rms the improved 
lassi�
ation a

ura
y.To 
ompare the performan
e of our labeling method with traditional ap-proa
h, support ve
tor ma
hine (SVM) was used for the region 
lassi�
ationproblem. For probabilisti
 labeling method without reje
tion of low 
on�den
esamples, a 
lassi�
ation a

ura
y of 70% was a
hieved (Table 2). With re-je
tion, the a

ura
y in
reased to 90%. The usual SVM implementation doesnot perform reje
tion, and is has the lowest 
lassi�
ation a

ura
y of 61:6%.From the above test results, we 
an 
on
lude that the 
on�den
e values esti-mated by the semanti
 labeling algorithm are very reliable: a 
on�den
e valuegreater or equal to 0.75 translates to a mean 
lassi�
ation a

ura
y of 91%or higher. For regions with low 
on�den
e, multiple labels are assigned tothem together with the 
orresponding 
on�den
e values. These informationare mu
h more valuable than single 
lass labels for higher-level modules su
has image retrieval and image 
lassi�
ation. These modules 
an regard regionswith high 
on�den
e to be 
orre
tly 
lassi�ed into the respe
tive semanti
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Figure 3. Region 
lassi�
ation a

ura
y at threshold of 0.75 (solid lines: with reje
tion,dotted lines: without reje
tion, horizontal lines: mean a

ura
y).
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Figure 4. Confusion matrix of region 
lassi�
ation at threshold of 0.75 (with reje
tion).Numbers along the axes denote the semanti
 
lass indi
es shown in Table 1.

lasses indi
ated by their labels. On the other hand, the multiple labels and
on�den
e measures of regions with low 
on�den
e 
an allow the modulesto disambiguate between various possibilities using image stru
tures, e.g., byapplying fuzzy 
on
eptual graph mat
hing 15 or attributed relational graphmat
hing 14;16. This kind of disambiguation would be impossible without themultiple labels and 
on�den
e measures.
label: submitted to World S
ienti�
 on August 16, 2002 16



6 Con
lusionThis paper presented a probabilisti
 approa
h for semanti
 labeling of imageregions. Unlike existing methods that assign a single label to a region, ourmethod assigns multiple labels to a region together with the 
on�den
e mea-sures of 
lassifying the region to the 
orresponding semanti
 
lasses. Moreover,it derives the 
on�den
e measures by 
lustering the regions a

ording to ea
hfeature type separately and using the dissimilarity measure that is appropri-ate for ea
h feature type. The probabilisti
 method is applied to 
ombinefeature types without arbitrary weights to measure the 
on�den
e of 
lassi-fying regions using 
ombined features. The learning algorithm is in
rementalin that adding new feature types and new semanti
 
lasses does not requirere-training over the entire set of existing training samples.Extensive performan
e tests have been 
ondu
ted on a wide variety of 30region types, whi
h are not restri
ted to regions with distin
t texture patterns.In total, 6,000 samples were used for training and 1,500 di�erent samples wereused for testing. Test results show that the learning method 
an determinethe 
ombinations of features that are most useful for identifying ea
h semanti

lass of regions. Moreover, the 
on�den
e values estimated by the method isvery reliable. In parti
ular, it is found that regions with 
on�den
e measuresof greater or equal to 0.75 
an be 
lassi�ed into the 
orre
t semanti
 
lasseswith an average a

ura
y of 91%. For regions with lower 
on�den
e values, themultiple semanti
 labels and the 
orresponding 
on�den
e values that they
arry allow a higher-level algorithm, su
h as fuzzy 
on
eptual graph mat
hingand attributed relational graph mat
hing, to disambiguate them using infor-mation about image stru
tures. In summary, the semanti
 labeling methodpresented in this paper is expe
ted to 
ontribute signi�
antly to bridging thegap between low-level features and high-level semanti
s for image retrieval.
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