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FIG -3

7// Child Blocks

Parent Block

FIG-6

ID | Category Descriptions

0| Africa, people landscape, animal

10| England, landscape, mountain, lake European, people, historical building
20| Monaco, Ocean, historical building, food, European, people

30| royal guard, England, European, people

40| vegetable

50| wildlife, young animal, animal, grass

100§ painting, European

200] fractal, man-made, texture

300[ St. Moritz, ski, snow, ice, people

400] Canada, landscapes, historical building

500| owl, wildlife, bird

590 woman, face, female, people
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SYSTEM AND METHOD FOR AUTOMATIC
LINGUISTIC INDEXING OF IMAGES BY A
STATISTICAL MODELING APPROACH

RELATED APPLICATION

This application claims benefit of U.S. provisional patent
application Ser. No. 60/461,391, filed Apr. 8, 2003, which is
incorporated herein in its entirety by reference.

FIELD OF THE INVENTION

The present invention relates to linguistic indexing of
images. More particularly, the invention provides a system
and method for automatic linguistic indexing of images that
associates statistical models with semantic concepts wherein
features extracted from images to be indexed are compared to
the statistical models to facilitate the linguistic indexing pro-
cess.

BACKGROUND OF THE INVENTION

A picture is worth a thousand words. As human beings, we
are able to tell a story from a picture based on what we have
seen and what we have been taught. A 3-year old child is
capable of building models of a substantial number of con-
cepts and recognizing them using the learned models stored
in his or her brain. Hence, from a technological stance, it is
appreciated that a computer program may be adapted to learn
a large collection of semantic concepts from 2-D or 3-D
images, build models about these concepts, and recognize
these concepts based on these models.

Automatic linguistic indexing of pictures is essentially
important to content-based image retrieval and computer
object recognition. It can potentially be applied to many areas
including biomedicine, commerce, the military, education,
digital libraries, and Web searching. Decades of research have
shown that designing a generic computer algorithm that can
learn concepts from images and automatically translate the
content of images to linguistic terms is highly difficult. Much
success has been achieved in recognizing a relatively small
set of objects or concepts within specific domains.

Many content-based image retrieval (CBIR) systems have
been developed. Most of the CBIR projects were aimed at
general-purpose image indexing and retrieval systems that
focused on searching images visually similar to the query
image or a query sketch. These systems were not adapted to
have the capability of assigning comprehensive textual
descriptions automatically to pictures, i.e., linguistic index-
ing, because of the great difficulty in recognizing a large
number of objects. However, this function is essential for
linking images to text and consequently broadening the pos-
sible usages of an image database.

Many researchers have attempted to use machine learning
techniques for image indexing and retrieval. One such system
included a learning component wherein the system internally
generated many segmentations or groupings of each image’s
regions based on different combinations of features, then
learned which combinations best represented the semantic
categories provided as examples by the user. The system
required the supervised training of various parts of the image.

A growing trend in the field of image retrieval is to auto-
mate linguistic indexing of images by statistical classification
methods to group images into rough semantic classes or cat-
egories, such as textured-nontextured, graph-photograph.
Potentially, the categorization enhances retrieval by permit-
ting semantically-adaptive searching methods and by narrow-
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ing down the searching range in a database. The approach is
limited because these classification methods are problem spe-
cific and do not extend straightforwardly.

Prior art methods for associating images explicitly with
words have one major limitation in that the algorithm used
with these methods relies on semantically meaningful seg-
mentation, which is generally unavailable to image databases.
Thus there is a need for a system and method of automatic
linguistic indexing of images that overcomes the above dis-
advantage relative to segmentation and wherein the system
provides scalability that allows for a large number of catego-
ries to be trained at once.

SUMMARY OF THE INVENTION

The present invention provides a system and method that
automates linguistic indexing of images wherein categories
of'images, each corresponding to a distinct concept, are pro-
filed and represented by statistical models. Each statistical
model is thereafter associated with a textual description of the
concept that it represents.

The method begins by establishing a database of statistical
models using a statistical modeling process accessible by a
computer wherein each of the statistical models represents a
different semantic category.

The method advances with associating a set of index terms
with one of each of the statistical models wherein the set of
index terms operate to describe the semantic category repre-
sented by the statistical model.

The method advances by extracting a plurality of feature
vectors from an image to be indexed and statistically com-
paring the plurality of feature vectors with the established
statistical models.

The method continues with providing a set of statistical
models that are determined to be statistically similar to the
plurality of feature vectors extracted from the image to be
indexed and then extracting a set of statistically significant
index terms from the set of statistical models. The set of
statistically significant indexed terms are assigned to the
image thus providing the image with a description. One
advantage of the present invention is that images are auto-
matically indexed. Another advantage of the present inven-
tion is that it does not rely on semantically meaningful seg-
mentation of images. A further advantage of the invention is
that it allows large numbers of categories to be trained simul-
taneously. A still further advantage is that the invention allows
for large numbers of images to be linguistically indexed
simultaneously.

BRIEF DESCRIPTION OF THE DRAWINGS

A better understanding of the present invention will be had
upon reference to the following detailed description when
read in conjunction with the accompanying drawings in
which like parts are given like reference numerals and
wherein:

FIG. 1 illustrates a diagrammatic view of the statistical
linguistic indexing process for assigning a textual description
to a test image as according to the invention;

FIG. 2 illustrates a diagrammatic view of the architecture
for the statistical modeling process for developing statistical
models of various categories for storage in a dictionary of
categories as according to the invention;

FIG. 3 illustrates a diagrammatic view of the image hier-
archy across resolutions assigned during the multi-resolution
process as according to the invention;



US 7,394,947 B2

3

FIG. 4 illustrates a diagrammatic view of the spatial rela-
tions among image pixels and across image resolutions that
are considered during the statistical modeling process as
according to the invention;

FIGS. 5A and 5B illustrate a diagrammatic view of distinct
groups of training images used to train a given concept as
according to the invention;

FIG. 6 illustrates a table of a plurality of distinct textual
descriptions associated with the various categories of the
training database as according to the invention;

FIG. 7 illustrates a percentage table which depicts the
accuracy of the automatic linguistic imaging system as
according to the invention;

FIG. 8 illustrates a histogram of the numbers of words
assigned to test images as according to the invention;

FIGS. 9A-9C illustrate a diagrammatic view of three test
images wherein 9A is annotated with only one word and
FIGS. 9B and C are annotated with fourteen words each by
using the automatic linguistic indexing process as according
to the invention;

FIG. 10 illustrates a table of comparison between the per-
formance of the present invention and a random annotation
method of linguistic indexing of images;

FIGS. 11A-11D illustrate histograms of the coverage per-
centages obtained by the present invention and a random
annotation method of linguistic indexing of images;

FIG. 12 illustrates a block diagrammatic view of the auto-
matic linguistic indexing system components as according to
the invention;

FIG. 13 illustrates a block a diagrammatic view of the
automatic linguistic indexing method as according to the
invention; and

FIG. 14 generally illustrates a process flow diagram of the
automatic linguistic indexing method as according to the
invention.

DETAILED DESCRIPTION OF THE INVENTION

Referring to FIGS. 1-14, the present invention provides a
computer system adapted to learn a large collection of seman-
tic concepts using of a plurality of images, build statistical
models about these concepts, and recognize these concepts
based on the statistical models. Advantageously, the inven-
tion is operative to learn a plurality of images, build statistical
models for the images, and recognize the images based on the
statistical models of the images.

It should be appreciated that in this embodiment a statisti-
cal model is generated. As best illustrated in the block dia-
gram of FIG. 13, the method ofthe present invention has three
major components, the feature extraction process 50, the
multi-resolution statistical modeling process 60, and the sta-
tistical linguistic indexing process 70. The feature extraction
process involves using a statistical model.

Pictorial information of each image is summarized by a
collection of feature vectors extracted at multiple resolutions
and spatially arranged on a pyramid grid. A statistical model,
preferably a two-dimensional multi-resolution hidden
Markov model (2-D MHMM) is fitted to each image category
wherein the model plays the role of extracting representative
information about the images that make up the category.

In particular, the 2-D MHMM summarizes two types of
information: clusters of feature vectors at multiple resolu-
tions and the spatial relation between the clusters, both across
and within resolutions. As a 2-D MHMM is estimated sepa-
rately for each category, a new category of images added to
the database can be profiled without repeating computation
involved with learning from the existing categories. Since
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each image category in the training set can be manually
annotated, a mapping between profiling 2-D MHMMs and
sets of words can be established. For a test image, feature
vectors on the pyramid grid are computed. The collection of
the feature vectors are considered as an instance of a spatial
statistical model. The likelihood of this instance being gen-
erated by each profiling 2-D MHMM is computed. To anno-
tate the image, words are selected from those in the text
description of the categories yielding highest likelihoods.

Many other statistical image models have been developed
for various tasks in image processing and computer vision.
However, because of its modeling efficiency and computa-
tional convenience, the present invention employs 2-D
MHMMs as the statistical modeling approach to linguistic
indexing. Although 2-D MHMMs are preferred for accom-
plishing the present invention, it is appreciated that other
statistical modeling methods may be used without exceeding
the scope as provided herein. More detail involving the fea-
ture extraction process is provided in blocks 51 through 54.

At block 51, multiple versions of the training image are
obtained at different resolutions first. The original image
corresponds to the highest resolution. Lower resolutions are
generated by successively filtering out high frequency infor-
mation. Wavelet transforms naturally provide low resolution
images in the low frequency band.

Preferably, to save computation, features are often
extracted from non-overlapping blocks in an image. An ele-
ment in an image is therefore a block rather than a pixel.
Features computed from one block at a particular resolution
form a feature vector and are treated as multivariate data in the
2-D MHMM. The 2-D MHMM aims at describing statistical
properties of the feature vectors and their spatial dependence.
The numbers of blocks in both rows and columns reduce by
half'successively at each lower resolution. Obviously, a block
at a lower resolution covers a spatially more global region of
the image. As indicated by FIG. 3, a block at a lower resolu-
tion is referred to as a parent block, and the four blocks at the
same spatial location at the higher resolution are referred to as
child blocks. Such a “quad-tree” split is preferably always
assumed in the sequel since the extension to other hierarchical
structures is straightforward.

In the 2-D HMM, feature vectors are preferably generated
by a Markov model that may change states once every block.
Suppose there are M states, the state of block (i,j) being
denoted by s, ;. The feature vector of block (i,) is u, ;. P(*) is
used to represent the probability of an event. Denoting (I'j")<
(1)) if i'<i or 1'=i,j'<j, in which case we say that block (i',j') is
before block 1, j. In this example, the first assumption is that

P(s; jlcontext)=a,, , ;

context={s; ¢,/ )</},
where m=s,_, ;, n=s, ; |, and I=s, .. The second assumption is
that given every state, the feature vectors follow a Gaussian
distribution. Once the state of a block is known, the feature
vector is conditionally independent of information on other
blocks. It should be appreciated that the covariance matrix X
and the mean vector iz of the Gaussian distribution vary with
state s.

The fact that only feature vectors are observable in a given
image accounts for the name “Hidden” Markov Model. The
state of a feature vector is conceptually similar to the cluster
identity of a vector in unsupervised clustering. As with clus-
tering, the state of a vector is not provided directly by the
training data and hence needs to be estimated. In clustering,
feature vectors are considered as independent samples from a



US 7,394,947 B2

5

given distribution. In the 2-D HMM, feature vectors are sta-
tistically dependent through the underlying states modeled by
a Markov chain.

For the MHMM, the set of resolutions is denoted by R=
{1, , R}, with r=R being the finest resolution. Let the
collection of block indices at resolution r be

INO={(i,7):0=i<w/2R7 0=j<z /2R,
Images are represented by feature vectors at all the resolu-

tions, denoted by u, ; O reR, (1,))eIN®. The underlying state
ofa feature vector 1s S, © . At each resolutionr, the set of states
is {10,209 M(’) Note that as states vary across resolu-
tions, dlfferent resolutlons do not share states.

Atblock 52, the system characterizes localized features of
training images using wavelets. For example, in this process
an image may be partitioned into small pixel blocks. The
block size is chosen to be 4x4 as a compromise between the
texture detail and the computation time. It is appreciated
however that other similar block sizes can also be used.

At block 54, the system extracts a feature vector of six
dimensions for each block. For example, three of these fea-
tures are the average color components of pixels in the block,
and the other three are texture features representing energy in
high frequency bands of wavelet transforms. Specifically,
each of the three features is the square root of the second order
moment of wavelet coefficients in one of the three high fre-
quency bands. The features are extracted using the LUV color
space, where L. encodes luminance, and U and V encode color
information. The LUV color space is chosen because of its
good perception correlation properties.

In this example, to extract the three texture features, either
the Daubechies-4 wavelet transform or the Haar transform to
the L component of the image may be applied. These two
wavelet transforms have better localization properties and
require less computation compared to Daubechies’ wavelets
with longer filters. After a one-level wavelet transform, a 4x4
block is decomposed into four frequency bands. Each band
contains 2x2 coefficients. Without loss of generality, suppose
the coefficients in the HL band are {c, ,,¢; ,1:¢4u1.7 Crat i }-
One feature may then be computed as

1

T Chifej
J=0 !

Lba-

i

The other two texture features are computed in a similar
manner using the LH and HH bands, respectively.

It should be appreciated that these wavelet-based texture
features provide a good compromise between computational
complexity and effectiveness. It is known that moments of
wavelet coefficients in various frequency bands can effec-
tively discern local texture. Wavelet coefficients in different
frequency bands signal variation in different directions. For
example, the HL. band reflects activities in the horizontal
direction. A local texture of vertical strips thus has high
energy in the HL. band and low energy in the LH band.

In this example, the system automatically indexes images
with linguistic terms based on statistical model comparison.
FIG. 1 shows the statistical linguistic indexing process 10 as
according to the present invention. For a given image I to be
indexed, multi-resolution block-based features are first
extracted by the same procedure 12 used to extract features
for the training images.

To quantify the statistical similarity between an image |
and a concept, the likelihood of the collection of feature
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vectors extracted from the image I is computed under the
trained model 14, 14', . . . 14" for the concept. All the likeli-
hoods 16, 16', . . . 16", along with the stored textual descrip-
tions 18 about the concepts, are analyzed by the significance
processor 20 to find a small set of statistically significant
index terms 22 about the image 1. These index terms 22 are
then stored with the image I in the image database 24 for
future keyword-based query processing.

FIG. 2 illustrates the flow of the statistical modeling pro-
cess 11. First, a series of concepts C, C', . . . C" to be trained
are manually developed for inclusion in a dictionary of con-
cepts 24. Preferably, for each concept in this dictionary 24, a
training set C, C', . . . or C" containing images capturing the
concept is prepared. Hence at the data level, a concept corre-
sponds to a particular category of images. These images do
not have to be visually similar. A short but informative
description about any given concept in this dictionary is also
manually prepared. Therefore, the present method has the
potential to train a large collection of concepts because a
description about each image in the training database does not
need to be manually created.

Block-based features 30, 30", . . . 30" are extracted from
each training image at several resolutions. The statistical
modeling process 11 does not depend on a specific feature
extraction algorithm. The same feature dimensionality is
assumed for all blocks of pixels. A cross-scale statistical
model about a concept is built using training images belong-
ing to this concept, each characterized by a collection of
multi-resolution features. This model is then associated with
the textual description 18, 18', . . . 18" of the concept and
stored in the concept dictionary 24.

The present invention focuses on building statistical mod-
els 14,14, . . . 14" using images that are pre-categorized and
annotated at a categorical level. If images representing new
concepts or new images in existing concepts are added into
the training database, only the statistical models for the
involved concepts need to be trained or retrained. Hence, the
system naturally has good scalability without invoking any
extra mechanism to address the issue. The scalability enables
the user to train a relatively large number of concepts at once.

With the statistical model described herein, spatial rela-
tions among image pixels and across image resolutions are
both taken into consideration. This property is especially
useful for images with special texture patterns. Moreover, the
modeling approach does not require the segmenting of
images and defining a similarity distance for any particular set
of features. Likelihood may be used as a universal measure of
similarity. Referring again to FIG. 13, the method from block
54 to block 60.

In block 60, the multi-resolution model is trained. The
method advances from block 60 to block 62 for illustrating
details of the multi-resolution modeling step 60.

To structure statistical dependence among resolutions, a
first-order Markov chain is assumed across the resolutions.
For example, given the states at the parent resolution, the
states at the current resolution may be conditionally indepen-
dent of the other preceding resolutions, so that

Pisllire 9, G ) e INOy = Pist) i, ) e INW

R
| [ Plsid: G iy e v| sV sk, b € N1}

=2

It should be appreciated that given its state s; J(’), a feature
vector u, J(’) at any resolution is conditionally independent of
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any other states and feature vectors. As the states are unob-
servable, during model estimation, different combinations of
states may need to be considered. An important quantity to
compute is the joint probability of'a particular set of states and
the feature vectors. Based on the assumptions, probability can
be computed by the following chain rule:

PsTL Wl ire LG e INV) = (0
Pist, uf) G, e IV} x

Pl ), e IN® |s) (kD e IND XL x

P R, e INE SR (k, b € INRD)

At the coarsest resolution, r=1, and feature vectors are
assumed to be generated by a single resolution 2-D HMM. At
a higher resolution, the conditional distribution of a feature
vector given its state is assumed to be Gaussian. The param-
eters of the Gaussian distribution depend upon the state at the
particular resolution.

Given the states at resolution r-1, statistical dependence
among blocks at the finer resolution r is constrained to sibling
blocks (child blocks descended from the same parent block).
Specifically, child blocks descended from different parent
blocks are conditionally independent. In addition, given the
state of a parent block, the states of its child blocks are
independent of the states of their “uncle” blocks (non-parent
blocks at the parent resolution). State transitions among sib-
ling blocks are governed by the same Markovian property
assumed for a single resolution 2-D HMM. The state transi-
tion probabilities, however, depend on the state of their parent
block. To formulate these assumptions, denote the child
blocks at resolution r of block (k,1) at resolution r-1 may be
denoted by

DD(k,1)={(2k,20), (2k+1,21), (2k,20+1), (2k+1,21+1)}.

According to the assumptions,

Pist G, e IN? sV sk, D) e INVTD) =

P{si]}: i, j) € DDk, D | 57},
(k,hevr1)

where P{s, , ©:(1,)EDDk,DIs % P can be evaluated by tran-
sition probablhtles conditioned on skl , denoted by -
(8., V. Thus a different set of transition probablhtles a,,,;18
pr0V1ded for every possible state in the parent resolutlon The
influence of previous resolutions may be exerted hierarchi-
cally through the probabilities of the states, which is best
illustrated at 14 in FIGS. 1 and 2. The joint probability of
states and feature vectors at all the resolutions in Eq. (1) may
then be derived using

Pisihulire st G, peINy =
{(1) (1) -G, J)EIN(I) l_[ l_[
=2k, he N
(P{sﬁf}:(i, peppk,nlsiy | {"’|s‘”}]
(i, /)eDD(k,1)
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Atblock 62, the 2-D MHMM is estimated by the maximum
likelihood criterion, such as by using an estimation algorithm
(EM). The computational complexity of estimating the model
depends on the number of states at each resolution and the
size of the pyramid grid. Typically, the number of resolutions
is 3; the number of states at the lowest resolution is 3; and
those at the two higher resolutions are 4.

To summarize, a 2-D MHMM captures both the inter-scale
and intra-scale statistical dependence. The inter-scale depen-
dence is modeled by the Markov chain over resolutions. The
intra-scale dependence is modeled by the HMM. At the coars-
est resolution, feature vectors are assumed to be generated by
a 2-D HMM. FIG. 4 illustrates the inter-scale and intra-scale
dependencies model. At all the higher resolutions, feature
vectors of sibling blocks may also be assumed to be generated
by 2-D HMMs. The HMMs vary according to the states of
parent blocks. Therefore, if the next coarser resolution has M
states, then there are, correspondingly, M HMMs at the cur-
rent resolution. Referring again to FIG. 13, the method
advances from block 62 to block 64. At block 64, the trained
model is assigned a textual description and stored in the
system. Referring again to FIG. 13, the methodology
advances to block 70.

In block 70, the system compares a given image statisti-
cally with the trained models in the concept dictionary and
extracts the most statistically significant index terms to
describe the image. The methodology advances to block 72.

In block 72, a collection of feature vectors at multiple
resolutions

W re s, G j)eIN?

is computed in a given image.

{ufrj) re %,

(i, ) e IND

is regarded as an instance of a stochastic process defined on a
multi-resolution grid. At block 74, the similarity between the
image and a category of images in the database is assessed,
such as by using the log likelihood of this instance under the
model M trained from images in the category, that is,

logPlul), re &, (i, ) € IN? | M},

Preferably, arecursive algorithm is used to compute the above
log likelihood. After determining the log likelihood of the
image belonging to any category, the log likelihoods are
sorted to find the few categories with the highest likelihoods
at block 76. Suppose k top-ranked categories are used to
generate annotation words for the query. The selection of k
may be somewhat arbitrary. One example of an adaptive
technique to decide k is to use categories with likelihoods
exceeding a predetermined threshold. However, it is found
that the range of likelihoods computed from a query image
may vary greatly, depending on the category the image
belongs to. A fixed threshold may not be useful. When there
are a large number of categories in the database, it is observed
that choosing a fixed number of top-ranked categories tends
to yield relatively robust annotation.
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At block 78, words in the description of the selected k
categories are used as candidates for annotating the query
image. If a short description for the query is desired, a certain
mechanism may be required to choose a subset of words.
There are many possibilities. The system may optionally
provide multiple choices for selecting words with only neg-
ligible increase in computational load, especially in compari-
son with the amount of computation needed to obtain likeli-
hoods and rank them. For example, suppose in the annotation
of'the k categories, a word appears j times. If the supposition
that the k categories are chosen randomly based on the num-
ber of times the word arises is rejected, then confidence is
gained in that the k categories are chosen because of similar-
ity with the query. To reject the hypothesis, the probability of
the word appearing at least j times in the annotation of k
randomly selected categories is computed. A small probabil-
ity indicates it is unlikely that the word has appeared simply
by chance. Denote this probability by P(j,k) where:

myn—m
I
P(/,k):Zl(lsm)T
)

i=j
3 e m!(n—m)t k! (n—k)!
_; = m) e Tk =D i —m—k+ Dinl’

and I(*) is an indicator function that equals 1 when the argu-
ment is true and O otherwise, n is the total number of image
categories in the database, and m is the number of image
categories that are annotated with the given word. The prob-
ability P(j,k) can be approximated as follows, using the bino-
mial distribution if n,m>>k:

k

k
P, k)= Z(f ]p"u AEDY

i=j i=j

k! ;1 k—i
mﬁ( -pr

where p=m/n is the percentage of image categories in the
database that are annotated with this word, or equivalently,
the frequency of the word being used in annotation. A small
value of P(j.k) indicates a high level of significance fora given
word. Words are ranked within the description of the most
likely categories according to their statistical significance.
Most significant words are used to index the image at block 80
of FIG. 13, where statistically significant terms are assigned
to the image to be indexed.

Intuitively, assessing the significance of a word by P(j.k)
essentially quantifies how surprising it is to see the word.
Words may have vastly different frequencies of being used to
annotate image categories in a database. For instance, many
more categories may be described by “landscape” than by
“dessert”. Therefore, obtaining the word “dessert” in the top
ranked categories matched to an image is in a sense more
surprising than obtaining “landscape” since the word “land-
scape” may have a good chance of being selected even by
random matching.

The proposed scheme of choosing words favors “rare”
words. Hence, if the annotation is correct, it tends to provide
relatively specific or interesting information about the query.
On the other hand, the scheme is risky since it tens to avoid
using words that fit a large number of image categories. The
methodology ends at block 82.
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An example of the present invention is described wherein
the components of the ALIP system can be implemented and
tested with a general-purpose image database including about
60,000 photographs. These images may be stored in JPEG
format with size 384x256 or 256x384. The system may be
written in the C programming language and compiled on two
UNIX platforms: LINUX and Solaris. It is appreciated, how-
ever, that other programming languages may be utilizes for
the intended purpose without exceeding the scope of the
invention.

The system can be trained using a subset of 60,000 photo-
graphs based on 600 CD-ROMs, such as those published by
COREL Corp. Typically, each COREL CD-ROM of about
100 images represents one distinct topic of interest. Images in
the same CD-ROM are often not all visually similar. FIG. 5A
shows images that may be used to train the concept of Paris/
France with the description: ‘“Paris, European, historical
building, beach, landscape, water”. Images that can be used to
train the concept male are shown in FIG. 5B. For the experi-
ment, the dictionary of concepts contains all 600 concepts,
each associated with one CD-ROM of images.

A set of keywords can be manually assigned to describe
each CD-ROM collection of 100 photographs. The descrip-
tions of these image collections range from as simple or
low-level as “mushrooms” and “flowers™ to as complex or
high-level as “England, landscape, mountain, lake, European,
people, historical building” and “battle, rural, people, guard,
fight, grass”. On average, 3.6 keywords are preferably used to
describe the content of each ofthe 600 image categories. FIG.
6 provides a table of example category descriptions.

While manually annotating categories, efforts to use words
that properly describe nearly all, if not all images in one
category, are preferably selected. It is possible that a small
number of images may not described accurately by all words
assigned to their category. These small number of images can
be referred to as “outliers”, and introduced into training for
the purpose of estimating the 2-D MHMM. There are ample
statistical methods to suppress the adverse effect of them. On
the other hand, keeping outliers in training can testify the
robustness of a method. With the present invention, the num-
ber of parameters is small relative to the amount of training
data. Hence the model estimation is not anticipated to be
affected considerably by inaccurately annotated images.

To provide numerical results on the performance, the sys-
tem can be evaluated based on a controlled subset of the
COREL database, formed by 10 image categories including
African people and villages, beach, buildings, buses, dino-
saurs, elephants, flowers, horses, mountains and glaciers, and
food, each containing 100 pictures. In further testing, catego-
rization and annotation results may be provided with 600
categories. Because many of the 600 categories share seman-
tic meanings, the categorization accuracy is conservative for
evaluating the annotation performance. For example, if an
image of the category with scenes in France is categorized
wrongly into the category with European scenes, the system
is still useful in many applications. Within this controlled
database, annotation performance can be reliably assessed by
categorization accuracy because the tested categories are dis-
tinct and share no description words.

Each concept may be trained using 40 images and tested on
models using 500 images outside the training set. Instead of
annotating the images, the program may be used to select the
category with the highest likelihood for each test image. That
is, the classification power of the system is an indication of the
annotation accuracy. An image is considered to be annotated
correctly if the computer predicts the true category the image
belongs to. Although these image categories do not share
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annotation words, they may be semantically related. For
example, both the “beach” and the “mountains and glaciers”
categories contain images with rocks, sky, and trees. There-
fore, the evaluation method used here only provides a lower
bound for the annotation accuracy of the system. FIG. 7
shows the automatic classification result. Each row lists the
percentage of images in one category classified to each of the
10 categories by the computer. Numbers on the diagonal show
the classification accuracy for every category.

A statistical model is preferably trained for each of'the 600
categories of images. Depending on the complexity of a cat-
egory, the training process could take between 15 to 40 min-
utes of CPU time, with an average of 30 minutes, on an 800
MHz Pentium III PC to converge to a model. These models
can be stored in a fashion similar to a dictionary or encyclo-
pedia. The training process is entirely parallelizable because
the model for each concept is estimated separately.

Tlustratively, 4,630 test images outside the training image
database may be randomly selected and processed using the
linguistic indexing component of the system 10. For each of
these test images, the computer program selects 5 concepts in
the dictionary with the highest likelihoods of generating the
image. For every word in the annotation of the 5 concepts, the
value indicating its significance, is computed. The median of
all these values is 0.0649. The median is used as a threshold to
select annotation words from those assigned to the 5 matched
concepts. In this case, a small value implies high significance.
Hence a word with a value below the threshold is selected. For
each word in the annotation of the 5 matched categories, a
value indicating its significance is computed and thresholded
by 0.0649.

A histogram of the numbers of words assigned to the test
images is illustratively provided in FIG. 8. These numbers
range from 1 to 14 with median 6. The unique image with only
one word assigned to it is shown in FIG. 9(A). This image is
automatically annotated by “fractal”, while the manual
description of its category contains two words: “fractal” and
“texture”. There are two images annotated with as many as 14
words, which are shown in FIGS. 9(B) and (C). For the first
image, FI1G. 9B, the manual annotation contains “mountain”,
“snow”, “landscape”; and the automatically assigned words
are “mountain”, “Rockies”, “snow”, “ice”, “glacier”, “sky”,
“ski”, “winter”, “water”, “surf”, “up”, “boat”, “ship”, “no-
fear”. The only word discarded by thresholding is “cloud”
which would be a good description of the image although not
included in the manual annotation. The value indicating its
significance is 0.073, quite close to the threshold. Several
words outside the manual annotation in fact describe the
image quite accurately, e.g., “Rockies”, “glacier”, “sky”. This
example shows that the computer annotation can sometimes
be more specific than the manual annotation which tends to
stay at a general level in order to summarize all the images in
the category. For the second image, as shown in FIG. 9C, the
manual annotation includes “season”, “landscape”,
“autumn”, “people”, and “plant”. The word “autumn” used to
annotate the category is not very appropriate for this particu-
lar image. The automatically annotated words have no over-
lap with the manual annotation. The word “people” is mar-
ginally discarded by thresholding. Other words assigned to
this images include “sport”, “fitness”, “fight”. However, sev-
eral words which may be assigned to this image may be about
human activities, e.g., “sport”, “fitness”, “fight”, and hence
imply the existence of “people”.

To quantitatively assess the performance, the accuracy of
categorization for the randomly selected test images may be
computed first, and then compared to the annotation system
with a random annotation scheme. Although the ultimate goal
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of ALIP is to annotate images linguistically, presenting the
accuracy of image categorization helps to understand how the
categorization supports this goal. Due to the overlap of
semantics among categories, it is important to evaluate the
linguistic indexing capability. Because ALIP’s linguistic
indexing capability depends on a categorized training data-
base and a categorization process, the choice of annotation
words for the training image categories may improve the
usefulness of the training database. The experimental results
illustrated above show that both ALIP’s image categorization
process and linguistic indexing process can provide good
accuracy.

The accuracy of categorization may be evaluated in the
same manner above. In particular, for each test image, the
category yielding the highest likelihood is identified. If the
test image is included in this category, we call it a “match”.
The total number of matches for the 4,630 test images is 550.
That is, an accuracy of 11.88% is achieved. In contrast, if
random drawing is used to categorize the images, the accu-
racy is only 0.17%. If the condition of a “match” is relaxed to
having the true category covered by the highest ranked cat-
egories, the accuracy of ALIP increases to 17.06%, while the
accuracy for the random scheme increases to 0.34%.

FIG. 10 illustratively shows the percentage of images
whose true categories are included in their corresponding
top-ranked k (k=1,2,. .., 5) categories in terms of likelihoods
computed by ALIP. As a comparison, the number of catego-
ries required to cover the true category at the same accuracy
using random selection is computed. When m categories are
randomly selected from 600 categories, the probability that
the true category is included in the m categories is

(derived from sampling without replacement). Therefore, to
achieve an accuracy of 11.88% by the random scheme, 72
categories must be selected. FIG. 10 shows details about the
comparison. Comparison between the image categorization
performance of ALIP and that of a random selection scheme.
Accuracy is the percentage of test images whose true catego-
ries are included in top-ranked categories. ALIP requires
substantially fewer categories to achieve the same accuracy.

To compare with the random annotation scheme, all the
words in the annotation of the 600 categories may be pooled
to compute their frequencies of being used. The random
scheme selects words independently according to the mar-
ginal distribution specified by the frequencies. To compare
with words selected by our system using the 0.0649 threshold,
6 words may be randomly generated for each image. The
number 6 is the median of the numbers of words selected for
all the images by our system, and is considered as a fair value
to use. The quality ofa set of annotation words for a particular
image is evaluated by the percentage of manually annotated
words that are included in the set, referred to as the coverage
percentage. It is appreciated that this way of evaluating the
annotation performance may be pessimistic, because the sys-
tem may provide accurate words that are not included in the
manual annotation. An intelligent system tends to be pun-
ished more by the criterion, in comparison with a random
scheme because among the words not matched with manually
assigned ones, some may well be proper annotation. In this
example, the mean coverage percentage is 21.63%, while that
of the random scheme is 9.93%. If all the words in the anno-
tation of the 5 matched concepts are assigned to a query
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image, the median of the numbers of words assigned to the
test images is 12. The mean coverage percentage is 47.48%,
while that obtained from assigning 12 words by the random
scheme is 17.67%. The histograms of the coverage percent-
ages obtained by our system with and without thresholding
and the random scheme are compared in FIGS. 11A-11D.

One may suspect that the 4,630 test images, despite of
being outside the training set, are rather similar to training
images in the same categories, and hence are unrealistically
well annotated. The annotation of 250 images, taken from 5
categories in the COREL database, using only models trained
from the other 595 categories, i.e., no image in the same
category as any of the 250 images is used in training, was
examined. The mean coverage percentages obtained for these
images with and without thresholding at 0.0649 are 23.20%
and 48.50%, both slightly higher than the corresponding aver-
age values for the previous 4,630 test images. The mean
coverage percentages achieved by randomly assigning 6 and
12 words to each image are 10.67% and 17.27%. It is thus
demonstrated that for these 250 images, relying merely on
models trained for other categories, the annotation result is at
least as good as that of the large test set.

It takes an average of 20 minutes of CPU time to compute
all the likelihoods of a test image under the models of the 600
concepts. The computation is highly parallelizable because
processes to evaluate likelihoods given different models are
independent. The average amount of CPU time to compute
the likelihood under one model is only 2 seconds.

Referring now to FIG. 12, a block diagrammatic view of
components of the automatic linguistic indexing system used
to implement the methodology of FIGS. 13 and 14 is illus-
trated at 100. As illustrated, the system 100 preferably
includes a computer 110 operative to receive images to be
assigned a textual description. The computer essentially
being comprised of a processor, a database, memory, 1/O
interfaces and a monitor. The input means for receiving such
image may be illustratively provided via the download from
an Internet connection, peripheral devices such as CD-ROMs
or floppy drives, digital cameras, scanners, or the like.

An image database is provided in communication with the
computer 110 for storing a plurality of different semantic
categories wherein each category is preferably associated
with a predetermined textual description that operates to
describe at least a portion of the category it is associated with.

A second database 130 is provided in communication with
the computer 110 for storing at least one statistical model that
represents at least one semantic category disposed within the
image database 120. Although not illustrated, a single data-
base may be appropriately partitioned to store both the image
database and statistical model database.

It is appreciated that the computer 110 is disposed with
automatic linguistic indexing application software 140 for
accomplishing the image indexing process as according to the
invention. Essentially, the application software 140 includes a
statistical modeling algorithm portion 142 operative to con-
struct a statistical model representative of at least one of the
different semantic categories disposed in the image database
120. The statistical modeling algorithm 142 preferably
includes a feature extraction algorithm 150 operative to
extract feature records from an image to be indexed as
described above. Optionally, the feature extraction algorithm
150 may be provided independent of the statistical modeling
algorithm however, without exceeding the scope of the inven-
tion.

The application software 140 also includes a feature com-
parison algorithm portion 160 operative to statistically com-
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pare features extracted from an image to be indexed with at
least one statistical model disposed in the model database 130
to determine statistical similarities between the image and the
statistical model stored in the database 130. The feature com-
parison algorithm 160 is further operative to extract a set of
statistical models from the model database 130, wherein the
set of statistical models extracted from the database 130 are
the most similar to the features extracted from the image to be
indexed.

Finally, a text assigning algorithm 170 is provided and
operative to extract a set of statistically significant index
terms from the predetermined textual descriptions associated
with the set of statistical models extracted from the database
130. The set of index terms compiled by the text assigning
algorithm 130 are operative to provide the textual description
of the image to be indexed in the image database 120.

Referring now to FIG. 14, a process flow diagram for the
automatic linguistic indexing system 10 is generally illus-
trated at 200. The training process is generally described in
blocks 210 through 230. At 210, the process begins with
providing an image database of different semantic categories
wherein each category includes a plurality of images that
relate to a distinct concept. The database may be provided as
part of a local area network or at a remote location being
provided in communication with a user interface via wireless
or wire connections as known to those skilled in the art.

The process continues at 220 with establishing a database
of statistical models using a statistical modeling algorithm as
described above wherein the model is operative to represent at
least one of the different concepts stored in the image data-
base. Next at 230, a set of index terms is associated with each
of'the statistical models for providing a global description of
the images that comprise the semantic category or distinct
concept represented by the statistical model. After training is
completed, the system 10 is primed for linguistic indexing of
test images as generally described in blocks 240 through 270.

At 240 the process continues with the extraction of a plu-
rality of multi-resolution block base features from the image
to be indexed as described above. Preferably, the same statis-
tical modeling process described above for establishing the
database of statistical models at 220 is used as the means for
extracting feature vectors from the image to be indexed.

Next, the plurality of features extracted from the image to
be indexed are statistically compared to the statistical model
stored in the model database 220 to determine the statistical
similarities that exist between the image and each model
within the database.

If a model is determined to be similar to the image to be
indexed, the model is stored within a set of statistical models
that are the most similar to the image to be indexed relative to
the other models stored in the database 220 (see 260).

The system 10 operates to ensure that every established
model in the database 220 is compared to the image to be
indexed. After all models have been compared, a set of sta-
tistically significant index terms is extracted from the set of
statistical models that were determined to be the most similar
to the image to be indexed as described at 270. Accordingly,
this set of index terms is thereafter associated with the image
which can then become a part of the image database 210.

From the foregoing, it can be seen that the present inven-
tion provides a method and system to accomplish the auto-
matic linguistic indexing of pictures by a statistical modeling
approach. It is appreciated however that one skilled in the art
upon reading the specification will appreciate changes and
modifications that do not depart from the spirit of the inven-
tion as defined by the scope of the appended claims.
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We claim:
1. A method for automatic linguistic indexing of images,
said method comprising the steps of:
establishing a database of statistical models using a statis-
tical modeling process, wherein the database is acces-
sible by the computer, and each of the statistical models
represents a predetermined semantic category;

associating a set of index terms with each statistical model
in the database, wherein the set of index terms provides
a description for the predetermined semantic category;

extracting a plurality of feature vectors from an image to be
indexed;

statistically comparing the plurality of feature vectors

extracted from the image to be indexed to the statistical
models in the database;
determining a set of statistical models from the database
that are statistically similar to the plurality of feature
vectors extracted from the image to be indexed; and

extracting a set of statistically significant index terms from
the descriptions of the set of statistical models and using
the set of statistically significant indexed terms to index
the image.

2. The method of claim 1 further comprising the step of
providing an image database of different semantic categories
accessible by a computer wherein each category includes at
least one image that relates to a predetermined concept.

3. The method of claim 1 wherein the step of extracting the
plurality of feature vectors further includes the step of using
a feature extraction algorithm.

4. The method of claim 3 wherein the step of extracting the
plurality of feature vectors further includes the step of parti-
tioning the image into a plurality of pixel blocks.

5. The method of claim 4 wherein the step of extracting the
plurality of feature vectors further includes the step of extract-
ing a six-dimensional feature vector from each of the pixel
blocks.

6. The method of claim 1 wherein the step of statistically
comparing the plurality of feature vectors further includes the
step using a feature comparison algorithm to compare the
extraction feature vectors to the statistical models.

7. The method of claim 1 wherein the step of extracting the
set of statistically significant index terms further includes the
step of using a significance processor to analyze the set of
statistical models and the associated set of index terms to
determine the set of statistically significant index terms.

8. The method of claim 1 wherein the step of extracting the
plurality of feature vectors further includes the step of extract-
ing multi-resolution block-based features.

9. The method of claim 1 wherein the step of establishing
the database of statistical models further includes the step of
creating a statistical model using a two-dimensional multi-
resolution hidden Markov modeling.

10. The method of claim 1 wherein the step of associating
the set of index terms with the statistical model further
includes the step of associating index terms with the statistical
models.

11. The method of claim 1 wherein the step of providing the
set of statistical models further includes the step of providing
the set of statistical models from statistical models that
exceed a predetermined statistical likelihood.

12. The method of claim 1 wherein the step of extracting
the set of statistically significant index terms further includes
the step of selecting a set of statistically significant index
terms that are included in the descriptions of the set of statis-
tical models and are below a predetermined statistical thresh-
old.
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13. A method of automatic linguistic indexing of images
using a computer system, said method comprising the steps
of:

generating a training image database having a plurality of
training images wherein the plurality of training images
represent at least one semantic category;

assigning a textual description to the at least one semantic
category in the training database;

extracting a plurality of feature vectors from the training
images using a statistical modeling process;

generating statistical models using the extracted feature
vectors, wherein the statistical models are associated
with portions of the textual description assigned to the at
least one category and including a plurality of paths,
each of'the plurality of paths representing a variation of
the training images;

storing the statistical models; and

using the stored models to index and assign a textual
description to an image by statistically comparing the
models with a plurality of features extracted from the
image to be indexed to determine the statistical similar-
ity between the image and each model.

14. The method of claim 13 wherein the step of extracting
the plurality of feature vectors further includes the step of
extracting multi-resolution block-based features.

15. The method of claim 13 wherein the step of generating
the statistical model further includes the step of using two-
dimensional multi-resolution hidden Markov modeling.

16. The method of claim 13 wherein the step of associating
the set of index terms with the statistical model further
includes the step of manually associating index terms with the
statistical model.

17. The method of claim 13 wherein the step of providing
the set of statistical models further includes the step of pro-
viding the set from statistical models that exceed a predeter-
mined statistical likelihood.

18. The method of claim 13 wherein the step of assigning
the description to the image further includes the step of pro-
viding the description from a set of statistically significant
index terms that are below a statistical threshold.

19. A computer system for use in automatic linguistic
indexing of images, said system comprising:

a computer operative to receive an image to be indexed and

assigned a textual description;

aplurality of different semantic categories disposed on said
computer,

a statistical modeling algorithm operative to construct a
statistical model representative of each one of said plu-
rality of different semantic categories;

a database in communication with said computer for stor-
ing said plurality of different semantic categories and
said statistical models, each of said different semantic
categories and said statistical models having a predeter-
mined textual description associated therewith;

a feature extraction algorithm operative to extract a plural-
ity of feature vectors from the image to be indexed;

a feature comparison algorithm operative to statistically
compare said plurality of feature vectors extracted from
the image with each of said statistical models to deter-
mine statistical similarity between the image and each of
said statistical models; and

a text assigning algorithm operative to extract a set of
statistically significant index terms from said predeter-
mined textual descriptions associated with said statisti-
cal models wherein said set of index terms provide the
textual description for the image to be indexed.



US 7,394,947 B2

17

20. The system of claim 19 wherein said feature compari-
son algorithm is further operative to extract a set of statistical
models from said statistical models wherein said extracted set
of statistical models are most similar to said extracted feature
vectors.

21. The system of claim 20 wherein said set of statistically
significant index terms is extracted from said set of statistical
models.

22. The system of claim 19 wherein said database is
remotely located from said computer.

23. The system of claim 19 wherein said computer and said
database are in communication via the Internet.

18

24. The system of claim 19 wherein said extracted features
are multi-resolution block-based features extracted using said
feature extraction algorithm.

25. The system of claim 19 wherein said set of statistical
models include statistical models corresponding to a prede-
termined statistical likelihood.

26. The system of claim 19 wherein the set of statistically
significant index terms are selected from the predetermined
textual descriptions associated with the statistical models and

10 are below a predetermined statistical threshold.

#* #* #* #* #*
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