IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 10, NO. 1, JANUARY 2001 117

Image Classification for Content-Based Indexing
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Abstract—Grouping images into (semantically) meaningful these databases more useful, we need to develop schemes for
categories using low-level visual features is a challenging and indexing and categorizing the humungous data.
important problem in content-based image retrieval. Using binary Several content-based image retrieval systems have been

Bayesian classifiers, we attempt to capture high-level concepts .
from low-level image features under the constraint that the test recently proposed: QBIC [5], Photobook [26], SWIM [44],

image does belong to one of the classes. Specifically, we conside¥irage [10], Visualseek [36], Netra [17], and MARS [20].
the hierarchical classification of vacation images; at the highest These systems follow the paradigm of representing images

level, images are classified as indoor or outdoor; outdoor images ysing a set of attributes, such as color, texture, shape, and

are further classified as city or landscape; finally, a subset of land- layout, which are archived along with the images. Retrieval
scape images is classified into sunset, forest, and mountain classes. ) )

We demonstrate that a small vector quantizer (whose optimal 'S Performed by matching the features of a query image with
size is selected using a modified MDL criterion) can be used to those in the database. Users typically do not think in terms
model the class-conditional densities of the features, required by of low-level features, i.e., user queries are typically semantic
the Bayesian methodology. The classifiers have been designed anqe.g., “show me a sunset image”) and not low-level (e.g., “show
evaluated on a database of 6931 vacation photographs. Our system .o o predominantly red and orange image”). As a result, most

achieved a classification accuracy of 90.5% for indoor/outdoor, . .
95.3% for city/landscape, 96.6% for sunset/forest & mountain, of these image retrieval systems have poor performance for

and 96% for forest/mountain classification problems. We further ~ (S€émantically) specific queries. For example, Fig. 1(b) shows
develop a learning method to incrementally train the classifiers the top-ten retrieved images (based on color histogram features)

as additional data become available. We also show preliminary from a database of 2145 images of City and |andscape scenes,
results for feature reduction using clustering techniques. Our ¢, tha query in Fig. 1(a). While the query image has a monu-
goal is to combine multiple two-class classifiers into a single ment. some of the retrieved images have mountain and coast
hierarchical classifier. ' ) g i -

scenes. Recent research in human perception of image content
[21], [24], [27], [31] suggests the importance of semantic cues
for efficient retrieval. One method to decode human perception
is through the use of relevance feedback mechanisms [33]. A
second method relies on grouping the images into semantically
. INTRODUCTION meaningful classes [42)]. Fig. 1(c) shows the top-ten results

ONTENT-BASED image retrieval has emerged as a@dain based on color histograms) on a database ofcit§0
Cimportant area in computer vision and multimedidmages for the same query; clearly, filtering out landscape
computing. Many organizations have large image and vidé8ages improves the retrieval result.
collections (programs, news segments, games, art) in digitaS Shown in Fig. 1(a)—(c), a successful indexing/categoriza-
format, available for on-line access. Organizing these librarii@n of images greatly enhances the performance of content-
into categories and providing effective indexing is imperatiased retrieval systems by filtering out irrelevant classes. This
for “real-time” browsing and retrieval. With the developmengather difficult problem has not been adequately addressed in
of digital photography, more and more people are able to stéi@/rent image database systems. The main problem is that only
vacation and personal photographs on their computers. 'R¢-level features (as opposed to higher level features such as
an example, travel agencies are interested in digital archivijects and their inter-relationships) can be reliably extracted
of photographs of holiday resorts; a user could query the§@Mimages. Forexample, color histograms are easily extracted
databases to plan a vacation. However, in order to malk@m color images, but the presence of sky, trees, buildings,

people, etc., cannot be reliably detected. The main challenge,
thereby, lies in grouping images into semantically meaningful
Manuscript received February 8, 1999; revised August 11, 2000. The ase@tegories based on low-level visual features. One attempt to
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Fig. 1. Color-based retrieval. (a) Query image, (b) top-ten retrieved imag

from 2145 city and landscape images, and (c) top-ten retrieved images from (b)
city images; filtering out landscape images prior to querying clearly improve _

the retrieval results.

Fig. 3. (a) Hierarchy of the 11 categories obtained from human provided
grouping [42] and (b) simplified semantic classification of images; solid lines
show the classification problems addressed in this paper.

features can be used in constrained environments to discrimi-
nate between certain conceptual image classes. To achieve au-
tomatic categorization/indexing in a large database, we need to
develop robust schemes to identify salient image features cap-
turing a certain aspect of the semantic content. This necessitates
an initial specification of meaningful classes, so that the data-
base images can be organized isugervisedashion.

In this paper, we address the problem of image classification
from low-level features. Specifically, we classify vacation
photographs into a hierarchy of high-level classes. Photographs
are first classified agndoor or outdoor Outdoor images are
then classified a<ity or landscape A subset of landscape
Fig. 2. que direction coherence vector features for (a) fingerprint and q?hages is further classified intsunset forest and mountain
landscape image. classes. The above hierarchy was identified based on experi-

ments with human subjects on a small database of 171 images
these are semantically very different concepts, their edge dirgt2] (as briefly described in Section 1l). These classification
tion histograms are highly similar, illustrating the limitationgroblems are addressed using Bayesian theory. The required
of this low-level feature in capturing semantic content. Yet, walass-conditional probability density functions are estimated,
shall show that these same features are sufficiently discrimirturing a training phase, usingector quantizationVQ) [9].
tive for city/landscape classification. That is, specific low-leveAn MDL-type principle [30] is used to determine the optimal
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codebook size from the training samples. Advantages of thee grouped into the clasgtural scenesNatural scenes and
Bayesian approach include sunset images were further grouped into ledscapeclass.

1) small number of codebook vectors represent each claS§y Shots, monuments, and shots of Washington DC were
thus greaﬂy reducing the number of Comparisons nec&‘.ouped Into th&lty class. Flna”y, the mlsce"aneous, face,

sary for each classification; landscape, and city classes were grouped into the top-level
2) it naturally allows for the integration of multiple featureslass ofvacationscenes. We conducted additional experiments
through the class-conditional densities; to verify that the above hierarchy is reasonable: we used a

3) inaddition to a classification rule, we have degrees of coRwltidimensional scaling algorithm to generate a three-dimen-

fidence which may be used to incorporate a reject optigienal (3-D) feature space to embed the 171 images from the

into the classifiers. 171 x 171 dissimilarity matrix used above (generated from user
The paper is organized as follows. Section Il briefly mentior%rOUpmgs)' We then applied &-means clustering algorithm

psychophysical studies which are the basis of our work in ide 0 partition the (3-D) data. Our goal was to verify if the main

. : : usters in this representation space agreed with the hierarchy
tifying the global scene represented in an image. We also @%own in Fig. 3(a). Foik — 2, we obtained two clusters of

scribe our experiments with human subjects to identify concep; Z : ) :
tual classes in a database of vacationimages. After reviewing Zeand l 09 Images, respectwgly. The first cluster consste;d of
Bayesian framework for image classification in Section lll, Se redominantly city images, while the second cluster contained
tion IV addresses VQ-based density estimation and the MDL "™
principle for selecting codebook sizes. Section V discusses im- —

plementation issues. We report the classification accuracies inl) city scenes (70 images);

Section VI. Sections VIl and VIII discuss approaches for using 2) sunrise/sunset images (21 images);

incremental learning and automatic feature selection. Finally, 3) forest and farmland scenes and pathways (49 images);

Section IX concludes the paper and presents directions for fu-4) mountain and coast scenes (31 images).

ture research. These groupings motivated us to study a hierarchical classifica-
tion of vacation images.

In order to make the problem more tractable, we simplified
the classification hierarchy as shown in Fig. 3(b). The solid lines

Psychophysical and psychological studies have showRow the classification problems addressed in this paper. This
that scene identification by humans can proceed, in certdligrarchy is not complete, e.g., a user may be interested in im-
cases, without any kind of object identification [1], [2], [34].29€s captured in the evening or images containing faces. How-
Biederman [1], [2] suggested that an arrangement of volumetfieer, it is a reasonable approach to simplify the image retrieval
primitives (geons), each representing a prominent object in tBeoblem.
scene, may allow rapid scene identification independently of Another limitation of the proposed hierarchy is that the
local object identification. Schyns and Oliva [34] demonstratddaf nodes are not mutually exclusive. For example, an image
that scenes can be identified from low spatial-frequency imagean belong to both the city and sunset categories. One way
that preserve the spatial relations between large-scale structieeaddress this issue is to develop individual classifiers such
in the scene, but which lack the visual detail to identify locals city/non-city or sunset/non-sunset, instead of a hierarchy.
objects. These results suggest the possibility of coarse scétmvever, this would drastically increase the complexity of the
identification from global low-level features before the identitglassification task (now we will have to identify city scenes
of objects is established. Based on these observations, fwen all possible scenes, rather than differentiate between city
address the problem of scene identification as the first stepd landscape scenes).
toward building semantic indices into image databases. Most images can be classified as representing indoor or

The first step toward building a classifier is to identify meansutdoor scenes. Exceptions include close-ups and pictures of
ingful image categories which can be automatically identifieel window or door. Outdoor images can be further divided into
by simple and efficient pattern recognition techniques. Faity or landscape [40], [42]. City scenes can be characterized
this purpose, we conducted a simple small-scale experimégtthe presence of man-made objects and structures such as
in which eight human subjects classified 171 vacation imageaildings, cars, roads. Natural scenes, on the other hand, lack
[42]. Our goal was to identify a hierarchy of classes into whicthese structures. A subset of landscape images can be further
the vacation images can be organized. Since these clasdassified into one of the sunset, forest, and mountain classes.
match human perception, they allow organizing the databaSenset scenes are characterized by saturated colors (red,
for effective browsing and retrieval. orange, or yellow), forest scenes have predominantly green

Our experiments revealed a total of 11 semantic cateslor distribution, and mountain scenes can be characterized
gories: forests and farmlands, mountains, beach scen®glong distance shots of mountains (either snow covered, or
pathways, sunset/sunrise images, long distance city shdigtren plateaus).
streets/buildings, monuments/towers, shots of WashingtonWe assume that the input images do belong to one of the
DC, miscellaneous images, and faces. We organized the&esses under consideration. This restriction is imposed because
11 categories into the hierarchy shown in Fig. 3(a). The firautomatically rejecting images that do not belong to any of the
four classes (forests, mountains, beach scenes, and pathwalgsses, based on low-level image features alone, is in itself a

ndscape images. The following clusters were obtained with

Il. HIGH-LEVEL CLASSESIDENTIFIED BY HUMANS
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very difficult problem (see Fig. 2). However, for images bean encoder(y): A — M, mapping the input alphabek to
longing to the classes of interest, the Bayesian methodoloigne channel symbol s&d, and a decode#(v): M — A which
can be used to reject ambiguous images based on the comfipsM to the output alphabek (or codebook A distortion
dence values associated with the images (images that belongyeasureD(y, ¥) specifies the cost associated with quantiza-
both the classes of interest, such as an image of a city scéine, wherey = 3(y(y)). An optimal quantizer minimizes the
at sunset). We briefly discuss incorporating the reject option average distortion under a size constraintdn[8]. The gen-
Section VI-F. eralized Lloyd algorithm (GLA) is an iterative algorithm for
obtaining a (locally) optimal VQ. Under a mean square error
[ll. BAYESIAN FRAMEWORK (MSE) distortion criterion, GLA is equivalent to thi§-means

Bayesian methods have been successfully adopted in mgﬂ/ = p) Clustering algorithm [11]. Any given input vector

. : L ; A is quantized into the closest (i) of the p codebook
image analysis and computer vision problems. However, its use~ ' ) o .
g y P P tors. This defines a partition of the spac@to the so-called

Lr;étlzlfznetg?zg]ésed retrieval from image databases is just bet%fonoi cells{Si,i = 1, 2.’ ... K} [8]. A comprehensive
We now review the Bayesian framework for image cIassifF—tUdy of VQ can be found in [3], [8].
cation. The set of possible images is partitioned ikitalasses
= {w1, -+, wx}; any image belongs to one and only on
class. The images from class, are modeled as samples of a Vector quantization provides an efficient tool for density esti-
random variablex, whose class-conditional probability den-mation [9]. Consider: training samples from a class In order
sity function isf (x|w, ). Each class has anpriori probability, t0 estimate the class-conditional density ofithefeature vector,
{p(w1), plwa), -+, p(wi)}, with X p(w;) = 1. A loss F(y®w), VQ is used to obtaily (with ¢ < n, usuallyq < n)
function, L(w, @): € x @ — R, specifies the loss incurred codebook vectorsv](»“) (1 <4 < g), from the training data.
when classy is chosen and the true classuis As is common In the so-callechigh-resolutionapproximation (i.e., for small
in classification problems, we adopt the “0/1” loss functionvoronoi cells), this density can be approximated by a piece-

g. Vector Quantization for Density Estimation

L{w, w) =0,andL{w, ®) =1, if w £ ©. wise-constant function over each cﬁﬁ’), with value
In most image classification problems, the decision is based
on, saym, feature setsy = {y®), y®@ ... y(™1 rather 4 m'? 4 @
than directly on the raw pixel values. Of courses a function f (Y(Z)W) N fory® e 7' 3)

@\’
of the imagex. We will then have class-conditional densities for Vol (Sj )
the features, rather than for the raw images. It is often assumed

that the feature sets are class-conditionally independent, thawigere mgi) and Vol(Sj(»i)) are the ratio of training samples
falling into cell SJ(’) and the volume of celS](’), respectively,

flylw) = H f (y(i)|w) 7 forw € Q. (1) (see [9]). This approximation fails if the cells are not suffi-
=1 ciently small, for example, when the dimensionality yf’

The classification problem can be stated as: “given the feattﬁ?elirgx(?r'nlr; t:at ?:se, tr?fxtdrass'f cgldltlo?arI] de9nsmi§ can l:r)]e
setsy, classify the image into one of the classe$if approximated using a ure of Gaussians [9], [43], eac

The decision rule resulting from the “0/1” loss function is thgentered at_a code_book vector. The MS.E. criterion is the sum
maximum a posterioMAP) criterion [4], [29], of the Euclidean distances of eacr_l tralnmg sample from |_ts
closest codebook vector. From a mixture point of view, this is
& = argmax{p(w|y)} = arg max{f(y|w)p(w)}. (2) equivalent to assuming covariance matrices of the forth
wes wes (wherel is the identity) [43], leading to
In addition to the MAP classification, we also have a degree of

! o . . i (@2
confidence which is proportional ta(&]y ). ; LI Ily@ — vl
prop woly) f (y( Nw, 0@) o ng ) exp <—7202J 4)
IV. DENSITY ESTIMATION BY VECTORQUANTIZATION =t
The performance of a Bayes classifier depends critically avhere 022)) = {v@, . -v§i>, m@, e mgill} (note that

: " " , m}i) = 1). The value ofs is not estimated by the VQ
classes. Moreover, since the class-conditional densities hav forithm, and so we empirically choose it for each feature.

be estimated from data, the accuracy of these estimates is @ natively, we could use the EM algorithm to directly find
crltlca_l. Choosing thg right s_et of features_ isa dlfflcult pmblerfhaximum likelihoodML) estimates of the mixture parameters,
to which we return in Section V-A. In this section, we foCUgnder 4 diagonal covariance constraint [19]. This choice is
on estimating the class-conditional densities, adoptingaor - mp,tationally demanding, and we have found that the value
quantizationapproach [9). of # is not crucial; it simply affects the number of codebook
vectors that influence classification. Unlesss exceptionally

the ability of the features to discriminate among the variongijjO

A. Introduction to Vector Quantization

For Compression and communication applicationseetor 1Actually, learning vector quantization (LVQ) is used to select the codebook
vectors. LVQ does not run the GLA separately for each class; in this algorithm,

quantizer(VQ) is de_scribeq asa Combinaﬂon ofan enCOd?r ARk codebook vectors are also “pushed away” from incorrectly classified sam-
a decoder [8]. Ap-dimensional VQ consists of two mappingsples (see [14], [29]).
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large, only a few codebook vectors close to the input pattefn Image Features

influence the class-conditional probabilities. Outdoor images tend to have uniform spatial color distribu-

) . tions, such as the sky is on top and is typically blue. Indoor
C. Selecting Codebook Size images tend to have more varied color distributions and have
Selectingg is a key issue in using a VQ, or a mixture, for denmore uniform lighting (most are close up shots). Thus, it seems
sity representation. We start by noting that GLA approximatelggical that spatial color distribution can discriminate between
looks for themaximum likelihoodML) estimates of the param- indoor and outdoor images. On the other hand, shape features
eters of the mixture in (4). In fact, the EM algorithm becomesay not be useful because objects with similar shapes can be
exactly equivalent to the GLA when the variancegoes to zero present in both indoor and outdoor scenes. Therefore, we use
[29]. We will therefore apply an MDL criterion to selegtsince spatial color information features to represent these qualitative
MDL allows extendingnaximum likelihoodML) estimationto attributes. Specifically, first- and second-order moments in the
situations where the dimension of the model is unknown [30]JLUV color space were used as color features (it was pointed
Consider a training set ofn independent samplesoutin [7] thatLUV moments yield better results in image re-
{¥y(1), ---, y(n)}, from the classw. These are, of course,trieval than other spaces). The image was divided 16te 10
samples of one of the features, although here we omit tisigbblocks and six features (three means and three standard de-
from the notation to keep it simpler. A direct application of theiations) were extracted [37], [41]. As another set of features for
standard MDL criterion would lead to the following criterionindoor/outdoor classification, we extract subblock MSAR tex-
to selecty [the size of the mixture in (4)] ture features as described in [18], [39].
We looked for similar qualitative attributes for city/land-
scape classification, and further classification of landscape
log(n )}

q= argmin{ Zlogf 8)|w, 0(,1)) + @

images. City images usually have strong vertical and horizontal
edges due to the presence of man-made objects. Non-city
images tend to have randomly distributed edge directions. The
where o(q) is the ML estimate assuming size, and edge direction distribution seems then as a natural feature to
¢(lg) = g — 1+ gdim(y) is the number of real-valued discriminate between these two categories [42]. On the other
parameters needed to specifygacomponent mixture (with hand, color features would not have sufficient discriminatory
dim() denoting “dimension of”) [30]. Notice that the additionalpower as man-made objects have arbitrary colors. In the case
term proportional ta(1/2)log(n) grows withg, thus counter- of further classification of landscape images as sunset, forest,
balancing the unbounded increase, wjthof the likelihood. or mountain, global color distributions seem to adequately
The penalty(1/2)log(n) paid by each additional real param-describe these classes. Sunset pictures typically have saturated
eter has an asymptotical justification (see [30]). For a mixtureplors (mostly yellow and red); mountain images tend to have
however, it can be argued that each center does not #sdata the sky in the background (typically blue); and forest scenes
points, but only (on average) * m; (for the jth center) (see tend to have more greenish distributions. Based on the above
[15] and [6], for details). This leads to the followimgodified observations, we use edge direction features (histograms and
MDL (MMDL) criterion coherence vectors) for city/landscape classification and color

features (histograms, coherence vectors, and spatial moments)

_1 in HSV and LUV color space for further classification of
qg= argmln{ Z log f (y(s)|w, 0y)) + 2 logn landscape images [25], [38], [42]. Table | summarizes the

qualitative attributes of the various classes and the features

used to represent them.

dun Z log(m; . (5)

B. Vector Quantization

We used the LVQ_PAK package [14] for vector quantization.
Half of the database was used to train the LVQ for each of the
image features. The MMDL criterion (Section IV-C) was used

Experiments were conducted on two databases (both inde-determine the codebook sizes. For the indoor and outdoor
pendently and combined) of 5081 (indoor/outdoor classificalasses, with the spatial color moment features, Fig. 4(a)—(c)
tion) and 2716 (city/landscape classification and further classifitots the MMDL cost function [(5)] versus the codebook size
cation of landscape images) images. The two databases, hepc@hese plots show that ~ 10 andg ~ 15 are the MMDL
forth referred to as D1 and D2, have 866 images in commarhoices for the indoor and outdoor classes, respectively. For the
leading to a total of 6931 distinct images, collected from vacombination of the two classeg,~ 30 minimizes the MMDL
ious sources (Corel library, scanned personal photographs, keyerion. To confirm this choice from a classification point of
frames from TV serials, and images downloaded from the Welngw, Fig. 5 plots the accuracy of the indoor/outdoor classifier
and are of varying sizes (frofb0 x 150 to 750 x 750). The (on an independent test set of size 2540) as a function of the
color images are stored with 24-bits per pixel in JPEG formattal codebook size. As q is initially increased, the classifier
The ground truth for all the images was assigned by a singlecuracy improves. However, it soon stabilizes and further in-
subject. creasingy beyond 30 does not improve the accuracy. This con-

V. IMPLEMENTATION ISSUES
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QUALITATIVE ATTRIBUTES OF THESEVERAL CLASQ;QAI\?()ZI:I'IIEOI\II PROBLEMS AND ASSOCIATEDLOW-LEVEL FEATURES
Classification Problem Qualitative Attributes Low-level Features
Indoor/outdoor spatial color and intensity distributions 10 x 10 sub-block color moments in LUV space
City/landscape distribution of edges edge direction histograms and coherence vectors
Sunset /forest /mountain | global color distributions and saturation values spatial moments, color histograms,
and coherence vectors in HSV and LUV space

clusion (and similar ones for city/landscape classification) su _
ports the use of MMDL for codebook size selection. E
Based on similar analysis (see [40]), 20 codebook vectc
were extracted for each of the city and landscape classes. %
further classification of landscape images, a codebook of fi “o———— om0 10 505070
vectors was selected for each class. These vectors were t Codebook:Size Codebook Size (Codebook Size
stored as representatives of each class. Table Il shows .
number and dimensionality of the codebook vectors for t{a) Indoor Class (b) Outdoor Class (c) Combined

various classification problems.

MMDL Criterion
MMDL Criterion

90

Fig. 4. Determining codebook size for spatial color moment features for the
indoor/outdoor classification problem. (a) Indoor class, (b) outdoor class, and

VI. EXPERIMENTAL RESULTS (c) indoor and outdoor classes combined.

I3
*
-

Given an input image, the classifier computes the class-con-
ditional probabilities for each of the features using (4). These
probabilities are then used to obtain the MAP classification
[(2)]. We present classification accuracies on a set of indepen-
dent test patterns as well as on the training patterns. We have
done classifications based on individual features and also based
on combinations of features [assumed independent, (1)]. As O Gl FE
we show later, each of the individual features chosen for tlgle ) e .

p L. .. . . g. 5. Accuracy of the indoor/outdoor classifier with increasing codebook
classification problems has sufficient discrimination power fQfize (trained on 2541 images and tested on an independent test set of 2540
that particular classification problem, and introducing othémnages).

features does not significantly improve the results.

Classification Accuracy
A
¥ N
PN

%
>N
2

TABLE I
. . DIMENSIONALITIES AND CODEBOOK SIZES FOREACH CLASSIFIER
A. Indoor/Outdoor Classification

Database D1 (2470 indoor and 2611 outdoor images) was Classification # of Codebook Feature
used to train the indoor/outdoor classifier. Apart from the color ) L
moment features, we also considered the subblock MSAR tex- Problem Vectors / Class | Dimensionality
ture features [39], edge direction features, and color histograms. Indoor/Outdoor 15 600
MSAR features yielded an accuracy of around 75% on the test
set. A higher classification accuracy (usindiaNN classifier City/Landscape 20 145
and leave-one-out testing) of 84% on a database of 1324 im- Sunset,/Forest /Mountain 5 640

ages was reported in [39]. We attribute this discrepancy to dif-
ferences in the database (our database of 5081 images is larger)
and mode of testing (we report results on an independent tastindependent test set (Test Set 1 in Table Il1), respectively. On
set). Edge direction and coherence vector features yieldedaadifferent test set (Test Set 2 in Table IIl) of 1850 images from
accuracy of around 60%, while the color moment features leddtabase D2, the classifier accuracy was 88.7%. An accuracy
to a much higher accuracy of around 90%. These results shofd90.5% was obtained on the entire database of 6931 images.
that the spatial color distribution (probably capturing illuminaSzummetet al. [39] use a-NN classifier and report 90% ac-
tion changes) is suited for indoor/outdoor classification. A coneuracy using leave-one-out testing, for the indoor/outdoor clas-
bination of color and texture features did not yield a better asiication on a database of 1324 images. Thus, our classifier's
curacy than color moment features alone. performance is comparable to those reported in the literature. A

Table Ill shows the classification results with the color momajor advantage of the Bayesian classifier akeNN classi-
ment features for indoor/outdoor classification. The classifiéier is its efficiency due to the small number of codebook vec-
showed an accuracy of 94.2% and 88.2% on the training set das needed to represent the training data.
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TABLE Il
ACCURACIES(IN PERCENT) FOR INDOOR/OUTDOOR CLASSIFICATION USING
COLOR MOMENTS; TESTSET 1 AND TEST SET 2 ARE INDEPENDENTTEST SETS

Test Data | Database Size | Accuracy (%)
Training Set 2,541 94.2
Test Set 1 2,540 88.2
Test Set 2 1,850 88.7
Entire Database 6,931 90.5

Fig. 6 shows a representative subset of the misclassified

door/outdoor scenes. Presence of bright spots either from sc 2 2 1 2 1
light source or from sunshine through windows and doors see
to be a main cause of misclassification of indoor images. Tl (b)

main reasons for the misclassification of outdoor images are .,

uniform |Ight|ng on the |m_age mOStIy as aresult _Of a clqse-Lﬁg. 6. Some misclassified (a) indoor and (b) outdoor images using color
shot and 2) low-contrast images (several of the indoor imag@asment features; the corresponding confidence values (in percent) associated
used in the training set were low contrast digital images améih the true class are presented.

hence most low contrast outdoor images were classified as in-

door scenes). The results show that spatial color distributigfithe above experiment to 56, confirming that edge directions
captured in the subblock color moment features has sufficieffe sufficient to discriminate between city and landscape.
discrimination power for indoor/outdoor classification.

C. Further Classification of Landscape Images

B. City/Landscape Classification
4 P While our limited experiments on human subjects [42] re-

The city versus landscape classification problem and furthggajed classes such as sunset and sunrise, forest and farmland,
classification of landscape images as sunset, forest, or moWsuntain pathway, water scene, etc., these groups were not
tain using the Bayesian framework has been addressed in ggxsistent among the subjects in terms of the actual labeling
tail in [40]. We summarize the results here. Table IV shows thg the images. We found it extremely difficult to generate a
results for the C|t_y/Iar_1dscape classification proplem using d"?‘tsﬁfejmantic partitioning of landscape images. We thus restricted
base D2. Edge direction coherence vector provides the best ingissification of landscape images into three classes that could
vidual accuracy of 97.0% for the training set and 92.9% for th&s more unambiguously distinguished: sunset, forest, and
test set. A total of 126 i_mag_es were misclassified (95.3% aCGipuntain. Of these 528 images, a human subject labeled 177,
rapy) when the _edge dlrectl_on coherence vector was.combmgh' and 155 images as belonging to the forest, mountain,
with the color histogram. Fig. 7 shows a representative subsgly sunset classes, respectively. A two-stage classifier was
of misclassified images. Most of the misclassifications for cityystructed. First. we classify an image into either sunset or

images could be attributed to the following reasons: the forest and mountain class. The above hierarchy was based
1) long distance city shots at night (difficulty in extractingon the human study, as shown in Fig. 3(a), where the sunset
edges); cluster seemed to be more compact and well separated from
2) top view of city scenes (lack of vertical edges); the other categories in the landscape class.
3) highly textured buildings; Table V shows the results for the classification of landscape
4) trees obstructing the buildings. images into sunset vs. forest and mountain classes. The color

Most of the misclassified landscape images had strong verticaherence vector provides the best accuracy of 99.2% for the
edges from tree trunks, close-ups of stems, fences, etc., thattlathing set and 93.9% for the test set. Color features do much
to their assignment to the city class. better than the edge direction features here, since color distribu-
We also computed the classification accuracy using the edgms remain more or less constant for natural images (blue sky,
direction coherence vector on an independent test set of F8en grass, trees, plants, etc). A total of 18 images were mis-
outdoor images from database D1. A total of 1177 images dfssified (a classification accuracy of 96.6%) when the color
the 4181 outdoor images in database D1 contained close upsaterence vector feature was used. We find that combining fea-
human faces. We removed these images for the city/landsctyres does not improve the classification accuracy. This shows
test. Recent advances show that faces can be detected ratiarcolor coherence vector has sufficient discrimination ability
reliably [32]. Of the remaining test images, we extracted 568r the problem at hand.
that were not part of database D2. The edge direction featureJable VI shows the classification results for the individual
yielded an accuracy of 90.0% (57 misclassifications out of tHieatures for forest and mountain classes (373 images). Spatial
568 images). Combining color histogram features with edge @ielor moment features provide the best accuracy of 98.4% for
rection coherence vector features reduced the misclassificatibe training set and 93.6% on the test set. A total of 15 images
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TABLE IV
CLASSIFICATION ACCURACIES(IN PERCENT) FOR CITY/LANDSCAPE CLASSIFICATION; THE FEATURES AREABBREVIATED AS FOLLOWS: EDGE DIRECTION
HISTOGRAM (EDH), EDGE DIRECTION COHERENCEVECTOR (EDCV), COLOR HISTOGRAM (CH), AND COLOR COHERENCEVECTOR(CCV)

Test Data EDH|EDCV | CH |CCV {EDH & CH |EDH & CCV |EDCV & CH|EDCV & CCV

Training Set | 94.7 | 97.0 |83.7| 83.5 94.8 95.4 96.4 96.9
Test Set 92.0| 929 [75.4| 76.0 92.5 92.8 93.4 93.8
Entire Database| 93.4 | 95.0 |79.6| 79.8 93.7 94.1 94.9 95.3

indoor images that were misclassified as landscapes. If a face
detector is not available and we submit all the 269 images to
the city/landscape classifier, it classifies 199 images as city
images (most indoor images have man-made structures with
strong vertical and horizontal edges) and 70 as landscape.
Since we have not yet developed a classifier to identify sunset,
forest, and mountain images from other landscape images,
in the worst case, all 70 of these images will be fed to the
sunset/forest/mountain classifier and hence, degrade the overall
classification accuracy. Fig. 8(a) and (b) was classified as
sunrise/sunset images and Fig. 8(c) was classified as a forest
image.

8 1 1 0 E. Feature Saliency

The accuracy of the individual classifiers depends on the un-
(b) derlying low-level representation of the images. For example,

the edge direction and coherence vector features yield accura-
Fig. 7. Subset of the misclassified (a) city images and (b) landscape imaGd€'s Of ?—bOUt 60% for the mdoor/outdoor.problem, yetthey yield
using a combination of edge direction coherence vector and color histograpproximately 95% accuracy for the city/landscape problem.
features. The corresponding confidence values (in percent) associated Witrrrlpﬁs shows the importance of feature definition and selection
true class are indicated. . . ’

We have empirically determined that

. o e 1) spatial color moment features are better for indoor/out-
were misclassified (a classification accuracy of 96%) when the * .., classification:

spatial color moment features were used. Again, the combina-y) ¢ 4ge direction histograms and coherence vector features
tions of features did not perform better than the color features, " |,-va sufficient discrimination power for city/landscape
showing that these features are adequate for this problem. Note classification:

that the spatial color moment features and the color coherenc%) color moments, histograms, and coherence vectors are
vector features yield similar accuracies for the classification of
landscape images. However, the database of 528 images is very
small to identify the best color feature for the classification of
landscape images. Using color coherence vector features fin-Reject Option
creases the complexity of the classifiers.

more suited for the classification of landscape images.

Introducing a reject option is useful, yet a difficult problem
in image classification. For Bayesian classifiers, the simplest
D. Error Propagation in Hierarchical Classification strategy is to reject images whose maximarposterioriprob-
ability is below a threshold". Table VII shows the accuracies
The goal of hierarchical classification is to break a compléewr theindoor/outdoorandcity/landscapémage classifiers with
problem into simpler problems. However, since each classifieject option, forl” = 0.6. The indoor/outdoor classifier used
is not perfect, the errors from a classifier located higher up @patial color moment features and was trained on 2541 images
the tree are propagated to the lower levels. from databasd)1 and tested on the entire set (6931 images).
The indoor/outdoor image classifier yielded an accuracy @he classification accuracy improved from 90.5% (no rejec-
90.5% on the entire database of 6931 images (658 images w@ye) to 92.1% at 5.4% reject rate. The city/landscape classifier
misclassified). Of these, 269 images were indoor images aiged edge direction coherence vector features; it was trained on
of which 229 were close-ups of people and pets. Out of ti858 images from databask and tested on the complete data-
remaining 40 images, three were classified as landscape imalgaseD2 (2716 images). The classification accuracy improved
and 37 were classified as city images. Fig. 8 shows these thfieen 95.0% (no rejection) to 95.7% at 2.1% reject rate. There
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TABLE V
CLASSIFICATION ACCURACIES(IN PERCENT) FOR SUNSET/FORESTMOUNTAIN CLASSIFICATION; SPMSTANDS FOR“SPATIAL COLOR MOMENTS'

125

Test Data EDH|EDCV|CH |CCV |SPM |EDH & CH |EDH & CCV |EDCV & CH{EDCV & CCV
Training Set | 88.3 | 88.3 [96.2| 99.2 | 98.9 95.9 96.6 95.5 97.0
Test Set 86.3 | 89.0 [89.7]93.9|93.9 90.1 95.4 90.5 95.1
Entire Database| 87.4 | 88.7 193.0] 96.6 | 96.4 93.0 96.0 93.0 96.1
TABLE VI
CLASSIFICATION ACCURACIES(IN PERCENT) FOR FORESTMOUNTAIN CLASSIFICATION
Test Data EDH|EDCV | CH |CCV |SPM |EDH & CH|EDH & CCV |EDCV & CH|EDCV & CCV
Training Set | 83.4 | 78.1 |92.0| 98.9 | 98.4 94.1 98.4 93.6 98.4
Test Set 87.1 | 77.2 |91.4191.993.6 93.0 92.5 93.5 91.9
Entire Database{ 85.3 | 77.7 |91.7] 95.5 | 96.0 93.6 95.5 93.6 95.2
TABLE VIl
CLASSIFIER PERFORMANCEUNDER A REJECTOPTION
Classification |Training| Test Reject | Accuracy
Problem Set Size |Set Size |Rate (%)| (%)
(a,) (b) (c) Indoor/Outdoor| 2,541 | 6,931 5.4 92.1
] ) ) - City/Landscape | 1,358 | 2,716 2.1 95.7
Fig. 8. Indoor images misclassified as landscape.
TABLE VI

is a clear accuracy/reject tradeoff; too much rejection may kg:e A . . wrs
needed to further reduce the error rate. LASSIFICATION ACCURACIES AS AFUNCTION OF | RAINING SET SIZE ON THE

INDOOR/OUTDOOR CLASSIFIER

VII. | NCREMENTAL LEARNING Training | Ind. Test| Accuracy
Itis weI_I—I.<nown th_at the classification performance dg_pends Set Size | Set Size %)
on the training set size: the more comprehensive a training set, L
the better the classification performance. Table VIII compares 700 2,540 75.3
the classification accuracies of the indoor/outdoor image clas-
sifier (based on spatial color moment features) as the training 1,418 | 2,540 79.8
set size is increased. As expected, increasing the training set 1,768 | 2,540 86.0
size improves the classification accuracy. When we trained the
LVQ with all the available 5081 images using the color moment 2,192 | 2,540 86.4
features, a classification accuracy of 95.7% (resubstitution ac- 9541 | 2,540 88.2

curacy) was obtained. This shows that the classifier still has the
capacity to learn, provided additional training samples are avail-
able. The above observations illustrate the need foinare- incrementallytrain the classifier on the new samples. For the
mentallearning method for Bayesian classifiers. Bayesian classifier proposed above, the initial training set is
Collecting a large and representative training set is expensivepresented in terms of the codebook vect®v|§é)1. Learning
time consuming, and sometimes not feasible. Therefore, it is mo¢olves incrementally updating these codebook vectors as new
realistic to assume that@mprehensiveaining set is initially training data become available.
available. Rather, it is desirable to incorporate learning tech-One simple method to retrain the classifier is to train it with
nigues in a classifier [22], [29]. As additional data become availhe new data, i.e., start with the previously learnt codebook vec-
able, the classifier should be able to adapt, while retaining wiats and run the LVQ with the new data. This straightforward
it has already learnt. Since the training set can become extremmigthod, however, does not assign an appropriate weight to the
large, it may not be feasible to store all the previous data. Thepreviously learnt codebook. In other words, if a classifier was
fore, instead of retraining the classifier on the entire training seedined on a large number of samples and then a small number
every time new samples are collected, it is more desirabledbnew samples are used to further train the classifier using the
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above learning paradigm, the new data will unduly influence the TABLE IX

current value of the codebook vectors Learning with this SdeMVE APPROACH TOINCREMENTALLY TRAINING A CLASSIFIER. ACCURACIES
L ) . L. ARE REPORTED ON ANINDEPENDENTTEST SET OF SiZE 2540

amount of new data will in fact lead to unlearning of the distri-

bution based on previous samples. Table IX demonstrates the re-

sults of training the indoor/outdoor classifier using only the new

Initial classifier (1,418 training samples) | 79.8% accuracy

data. The indoor/outdoor classifier was initially trained on 1418 350 additional samples 63.7% accuracy
images and yielded an accuracy of 79.8% on an independent test
set of 2540 images. When the classifier is further trained with 773 additional samples 72.5% accuracy

350 new images, the performance on the independent test set de-
teriorates to 63.7%. When the classifier is further trained on an

additional 773 samples using the naive approach, the accuracy
on the test set slightly recovers to 72.5%. Note that when all the L2p
available data were used4(l8 + 350 + 773 = 2541 images), sl <
the accuracy on the independent test set was 88.2% (Table VIII). '

These results show that any robust incremental learning scheme «, 1.1}

must assign an appropriate weight to the already learnt distribu- £
tion. 105
s
1} o* %0
A. Proposed Incremental Learning Scheme 0.95¢ °
4
09} o

The idea behind the proposed scheme is to try to generate the
original samples from the codebook vectors and then augment - : : s : s
; " . 1 12 14 16 18 2 22
these estimated samples to the new training set. The combined Feature 1
training set is then used (starting at the current codebook vec-

tors) to determine the new set of codebook vectors. This metl"@@j 9. Incremental learning with synthetic Gaussian datarepresents the
rue means;;<1) represents the initial codebook vectors learnt from 100 samples

diﬁer; f'rom tra_d.itional bootstrapping [11] which assumes thEr class(¢) represents the codebook vectors after an additional 400 samples
the original training samples are available for sampling with reer class; ando) represents the codebook vectors after 500 more samples per

placement. In our case, the new samples representing the offgs:

inal training set are generated based on the number of training

samples, the proportion of these samples assigned to each code- the individual variances of features of the training samples
book vector(n](?)), and the codebook vectors themselves. Fig. 9  assigned to the respective codebook vector.

illustrates this learning paradigm for synthetic data where twhe last four methods do not enforce the condition that the gen-
dimensional samples are generated from two i.i.d. Gaussian @igated samples be closest to the codebook vector they are esti-
tributions with mean vectorfi, 1]*" and[2, 1]*, respectively, mated from. The above criterion is satisfieddase 1since the

and identity covariance matrices. We see that as the classiieherated samples are all identical to the codebook vector. The
is incrementally trained with additional data, the new codebo@imber of samples generated from each codebook vector are

vectors approach the true mean vectors. _ the same as the number of original training samples assigned
We have used the following methods to generate (indepa-that codebook vector. If we had chosen to use the EM al-
dent) samples from a codebook vector. gorithm to estimate mixture representations of the class-con-

« Case 1 Using duplicates of the codebook vectors gditional densities, instead of LVQ, then, incremental learning
the samples (this is, by far, the least computational uld be achieved by using an on-line version of EM, such as

demanding case, since no samples have to be actufl§ ne in [35].

generated). .
« Case 2 Sampling from a multivariate Gaussian, with coB- EXperimental Results
variances2I, centered at the codebook vectors. We have tested the proposed incremental learning method

« Case 3 Same agCase 2 except that we use a diagonalwith the Bayesian indoor/outdoor and city/landscape classifiers.
covariance matrix. The diagonal elements correspond ltatially, half the images from the database were used to train
the individual variances of features of the training sampl@sclassifier. The classifier was then incrementally trained (all
assigned to the respective codebook vector. the five methods described above were tested) using the re-

« Case 4 Sampling from a multivariate Gaussian with comaining images. The performance of a classifier trained on the
variances2I, centered at the mean of the training patterrentire set of database images (nonincremental learning) was also
assigned to the codebook vector. Note that each codeban&asured. Table X shows the classification accuracies for the
vector need not be the mean of the samples assigned twitiious methods. The best classification accuracies achieved
as both positive and negative examples influence the coder each of the classifiers were 95.9% for the city/landscape
book vectors (see footnote 1, Section V-B). classifier (on 2716 images) and 94.6% for the indoor/outdoor

« Case 5 Same agCase 4 except that we use a diagonaklassifier (on 5081 images), versus 97.0% and 95.7%, respec-
covariance matrix. The diagonal elements correspondtteely, for the classifiers trained on the entire database. These
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results show that a classifier trained incrementally achieves al- TABLE X

most similar accuracies as one trained with all the data. The fi\&ASSIFICATION ACCURACIES(PERCENT) WITH AND WITHOUT INCREMENTAL
« .. ” EARNING; CASEi REPRESENTS ONE OF THENCREMENTAL METHODS IN

methods used to regenerate “training” samples perform equally Non-INCREMENTAL THE WHOLE DATABASE WAS USED IN TRAINING

well. Since the first methodJase ) requires, by far, the least

addltl_onal storage (only one ngmber deno_tl_ng the total number Method City/Landscape | Indoor/Outdoor
of training samples used to train the classifier so far) and com-
putation (no random number generation), it clearly has the best Case 1 95.9 94.1
cost/performance tradeoff.
Case 2 95.8 94.3
VIII. FEATURE SUBSET SELECTION Case 3 95.8 94.5
Automatic feature subset selection is an important issue in Case 4 95.8 94.3
designing classifiers. In fact, one usually finds that the per-
Case 5 95.9 94.6

formance of a classifier trained on a finite number of samples
starts deteriorating as more features are added beyond a cer-  Nop-Incremental 97.0 95.7
tain number (theurse of dimensionalit{4], [12], [29]). Can
the classification be improved using feature subset selection
methods? Selecting the optimal features is a problem of expo-
nential time complexity and various suboptimal heuristics have | Y
been proposed [12], [13]. =r R T
Jain and Zongker [13] studied the merits of various feature -
subset selection methods. While the branch-and-bound algo-
rithm proposed in [23] is “optimal,” it requires the feature selec-
tion criterion function to be monotone (i.e., it cannot decrease
when new features are added). The above requirement may not

8
<0

Classification Accuracy
©
. T . .

be true for small samples. Itis thus desirable to use approximate eor

methods that are fast and also guarantee near optimal solutions. w0 o0

Therefore, we tested the sequential floating forward selection o . . . . .
(SFFS) method, which was shown to be a promising alternative ’ h ® et * *

where the branCh'anQ'boun.d method (_:annOt be used [28]. Fig. 10. Accuracies for the indoor/outdoor classifier trained on varying
We have also applied a simple heuristic procedure basedspfad feature vectors generated by FC (from the 600-dimensional spatial color
clustering the features (usirfg-means [11]), trying to remove moment features); the dashed, dotted, and solid lines represent, respectively,
dund The feat t § dt h cl the accuracies of the training set (2541 images), test set (2540 images), and the
redundancy. The feature components assigned to each ClUgIgL. jatabase (5081 images).
are then averaged to form the new feature. Thus, the number of
clusters determines the final number of features. Although this
method does not guarantee an optimal solution, it does attempt
to eliminate highly correlated features in high-dimensional fea-
ture spaces. We refer to this method as the feature cluster (FC)
method.

baseD1 yielded 82.2% accuracy on the test set (2540 sam-
ples). The lower accuracy on larger sets agrees with the
observations in [13] on the pitfalls of using feature subset
selection on sparse data in a high-dimensional space.

B. Experiments Using FC

A. Experiments Using SFFS The spatial color moment features used for indoor/outdoor

We have experimented with feature subset selection on the #fgssification (feature dimensionality of 600) were clustered to
door/outdoor classifier using the implementation of SFFS prgenerate new feature vectors of sizes 50, 75, 100, 125, 150, 175,
vided in [13]. We found the algorithm to be very slow over thend 200. The components assigned to each cluster were aver-
entire training set of 2541 training samples from datalidse aged to define a new feature. This approach is incomparably
We hence took 700 samples each from the training and test $gtger than SFFS, taking only a few seconds on a training set
for the feature subset selection process. Our results using Sk of 2541, from databagel. The classification accuracies
are summarized as follows. for the various feature set sizes are plotted in Fig. 10. A code-

* It took the program 12 days on a Sun Ultra 2 Moddbook size of 30 (optimal for the spatial color moments features)
2300 (dual 300-MHz processors) processor with 512 M®as used for all the features. The best classification accuracy
memory to select up to 67 features from the 600-dimenf 91.8% on the entire database of 5081 images (95.2% on the
sional feature vector for the small training set of 70@aining set and 88.3% on an independent test set of 2540 im-
samples. ages) was obtained with feature vectors of 75 components. Note

» The best accuracy of 87% on the independent test settioht these accuracies are marginally better than those obtained
700 samples was provided by a subset of 52 features, cdinom training the classifier on the 600-dimensional spatial color
pared to the 88.2% accuracy using all the 600 features.moment features (accuracy of 88.2% on an independent test set

» Training a new classifier, with the 52 features selected lof 2540 images and an accuracy of 94.2% on the training set).
SFFS, on the 2541 samples from the training set of dat@n examining the feature components that were clustered to-
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TABLE XI ages) and finally, a subset of landscape images are classified as
ACCURACIES FORINDOOR/OUTDOOR CLASSIFICATION WITH THE FEATURES sunset, forest, or mountain. We have adopted a Bayesian classi-
OBTAINED BY FEATURE CLUSTERING . . o
fication approach, using vector quantization (LVQ) to learn the
class-conditional probability densities of the features. This ap-
proach has the following advantages:

75 components, ¢ = 50| 600 components, ¢ = 30 1) small number of codebook vectors represent a particular
class of images, regardless of the size of the training set;

2) it naturally allows for the integration of multiple features

Test Set 88.8 $8.2 through the class-conditional densities;

3) it not only provides a classification rule, but also assigns
a degree of confidence in the classification, which may be
used to build a reject option.

Classifications based on local color moments, color histograms,
gether, we found that all groupings were formed within featureg)|or coherence vectors, edge direction histograms, and edge
of neighboring image regions. These preliminary results shgyiection coherence vectors have shown promising results.
that clus_te_ring the features (linear combination of features) isTpe accuracy of the above classifiers depends on the features
more efficient and accurate than the SFFS feature subset selgsq, the number of training samples, and the classifier’s ability
tion method for very high-dimensional feature vectors. to learn the true decision boundary from the training data. We

We used MMDL to select the optimal codebook size fofaye developed methods for incremental learning and feature
the new feature set. The criterion selected~ 50, for the gypset selection. Another challenging issue is to introduce a re-
indoor/outdoor classifier based on the 2541 training sampl =t option. In the simplest form, the a posteriori class probabili-
Therefore, we extracted 25 codebook vectors each for #i€s can be used for rejection (rejecting images whose maximum
indoor and outdoor image classes under the new feature &@losteriori probability is less than a threshdlgsay 0.6). We
o_f 75 components. _This illustrates how a reduction in featugge looking at other means of adding the reject option into the
size (from 600 spatial color moment features to the new Setgstem. Finally, we will introduce other binary classifiers into
75 features) leads to the generation of a larger codebook (5@ system for categories such as day/night, people/nonpeople,
vectors represent the underlying density as opposed to 30 {&/nontext, etc. These classifiers can be added to the present

the full spatial color moment features). B . hierarchy to generate semantic indices into the database.
Table XI shows the accuracies for the classifier trained on

these new features compared against those of the classifier
trained on the full spatial color moment features. The FC

method for feature selection improved the classifier perfor-[1] '(-)Bied}?";!aﬂ, ‘;\(A)ﬂ Kthﬁ Semargigs (F)zfap glance étit aEsdcenelael'rlngp}uaI’\U
. rganizations ivl. Kubovy an . R. Pomerantz, S. lisaale, .
0, 0,
mance from 91.2% to 92.4% for the indoor/outdoor problem =~ Erlbaum, 1981, pp. 213-253.

(on a database of 5081 images), while reducing the featurg2] 1. Biederman, “Aspects and extensions of a theory of human image un-
vector dimensionality from 600 components to 75 components.  derstanding,” icComputational Processes in Human Vision: An Inter-

Recall that the low-level features used for the indoor/outdoor ?ggéplg‘; ré%e_rzgg_cuv'ez' W. Pylyshyn, Ed. - Norwood, NJ: Ablex,

image classification problem are extracted ouér x 10 [3] P.C.Cosman, K. L. Oehler, E. A. Riskin, and R. M. Gray, “Using vector
subblocks in the image. Usually, neighboring subblocks in an  guantization forimage processingfoc. IEEE vol. 81, pp. 1326-1341,

. . . . . Sept. 1993.
image have similar features as various objects span muItlpI% R. O. Duda and P. E. HarPattern Classification and Scene Anal-

subblocks (e.g., sky, forest, etc., may span a number of sub- "~ ysis New York: Wiley, 1973.

blocks in many images)_ Other linear and nonlinear technique§5] C. Faloutsos, R. Barber, M. Flickner, J. Hafner, W. Niblack, D. Petkovic,

; PG : ) and W. Equitz, “Efficient and effective querying by image contedt,”
for feature extraction (PCA, Discriminant Analysis, Sammon’s Intell. Inform. Syst.vol. 3, pp. 231-262, 1994,

nonlinear projection) may be as effective as FC in reducing[6] M. Figueiredo and A. K. Jain, “Unsupervised selection and estimation
feature dimensionality. of finite mixture models,” inProc. Int. Conf. Pattern Recognition
Barcelona, Spain, 2000.
[7] B. Furht, Ed., “Content-based image indexing and retrieval, Tie
Handbook of Multimedia C ting B Raton, FL: CRC, 1998,
IX. CONCLUSION AND FUTURE WORK ch g o o MUTimedia -omptiing Boca Faton

N . . 8] R. M. Gray, “Vector quantization,JEEE ASSP Maguvol. 1, pp. 4-29,
User queries in content-based retrieval are typically based” Apr. 1984?' a Y PP

on semantics and not on low-level image features. Providing[9] R. M. Gray and R. A. Olshen, “Vector quantization and density estima-
high-level semantic indices for large databases is a challenging  tion.” in Proc. SEQUENCES91997.

. . . ] A. Hampapur, A. Gupta, B. Horowitz, C. F. Shu, C. Fuller, J. Bach, M.
problem. We have shown that certain high-level semantic cat- ™ Gorkani, and R. Jain, “Virage video engine,"Rioc. SPIE Storage Re-
egories can be learnt using specific low-level image features trieval Image Video Databases $an Jose, CA, Feb. 1997, pp. 188-197.
under the constraint that the images do belong to one of théll A. K. Jain and R. C. Dubes,Algorithms for Clustering

| d ideration. S ifically. we have devel d Data. Englewood Cliffs, NJ: Prentice-Hall, 1988.
c.asses .un er con§| eration. _pE(f cally, we have develope [ﬁ] A. K. Jain, R. Duin, and J. Mao, “Statistical pattern recognition: A re-
hierarchical classifier for vacation images. At the top level, va-  view,” IEEE Trans. Pattern Anal. Machine Intgliol. 22, pp. 4-38, Jan.
cation images are classified as indoor or outdoor. The outdogr_ 2000. _ _ o
. h | ified . land félig A. K. Jain and D. Zongker, “Feature selection: Evaluation, application,
images are then classified as city or landscape (we assume a fac and small sample performanc¢EEE Trans. Pattern Anal. Machine In-

detector that separates close-up images of people in outdoor im-  tell., vol. 19, pp. 153158, Feb. 1997.

Test data new feature set; spatial color moments;

Training Set 96.0 94.2

Entire Database 92.4 91.2
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