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Abstract

Image retrieval has commonly been attempted using
non-semantic approaches. It is clear though, that se-
mantic retrieval is more desirable because it facilitates
the user’s task. In this paper, we present a new ap-
proach to semantic access of a database of tmages by
asking for the presence of certain objects; this s known
as object-related tmage retrieval.

This approach is built within a classical computer
vision framework (i.e. localization, segmentation and
identification).  This platform is used to automati-
cally index images of a given database by object names,
which finally allows the use of semantics (driven by
these object names) to extract images from the database
(e.g. “all those images that have a bull and Melissa’s
face”).

The use of a totally automatic system would cause
some errors of indering (and so retrieval). To solve
this we use a human-in-the-loop strateqy where a hu-
man expert 1s placed after the two outputs of the system
to confirm their “correctness”. An experimental result
using a database of 1,300 images is presented.

1 Introduction

Image retrieval systems are defined as those systems
that find all imagesin a given database depicting scenes
of some specified type. This type is usually given (pre-
selected) by a supervisor or user. These user spec-
ifications are known as queries. R. Jain [5] distin-
guishes between two basic different types of queries:
non-semantical and semantical retrieval. On the one
hand, non-semantic retrieval refers to those systems
that access data based on attributes of the images.
These attributes are extracted from the images by using
image processing or even some computer vision tech-
niques. On the other hand, semantic retrieval is cre-
ated to facilitate access of these databases [1]. People

Figure 1: (a) It is clear that the bull in this image
attracts our attention. (b) All those images that do
not have main areas of attention cannot be processed.
Different types of approaches should be applied to dif-
ferent types of images.

in general prefer to use some sort of semantic descrip-
tion rather than specify image attributes. A good way
to allow semantic access to the database is by means of
object-related queries [5] (some examples can be found
in [1]). In this case, objects are used to search (classify)
the images in the database. If semantic retrieval wants
to be accomplished, computers must interpret (and so
index) images at a semantic level as we as human be-
ings do, otherwise, their outputs would be meaningless
to us.

In this article, we present a new theoretical frame-
work that allows our computers to understand complex
images at some semantic level. These images must
have one or many main areas of attention which are
commonly of interest to people. As one can appreci-
ate when looking at the image of fig. 1(a), there is a
central object that is most attended (in this example a
bull). If object-related image retrieval is attempted, it
is clear that a common human response will be to ask
or index images by using these main focus of attention
areas.

The semantic meaning for each of these focus-of-
attention areas can be given by many different tools.
As a first approximation to the problem studied here,
we propose the use of object recognition techniques in
order to classify all these different entities among a
large group of different objects. By doing this, we will
index all images of the database as images belonging
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Figure 2: Two examples of an indexed database of images. All images are indexed as having some specific object
in them. (a) A simple case. (b) A hierarchy structure that allows different types of access.

to different classes, 1.e. images that have a certain ob-
ject in them. Fig. 2(a) shows a simple example of this.
This indexing step is very important, since it is what
will allow us to do semantic access to our database of
images in the future. However, it 1s well-known that
the generic object recognition problem cannot be to-
tally solved using any existing object recognition tech-
nique. To resolve this we first propose a three steps ap-
proach (within a classical computer vision paradigm):
(i) low-level processing (where we use filter responses
to extract features of the images), (ii) perceptual or-
ganization (which involves localizing the main areas of
attention from these previous obtained features, and
segmenting them) and (iii) identification (where, we
first scale the localized area of attention to a more de-
sirable scale of recognition and then apply identifica-
tion techniques based on appearance-based methods).
And second, we propose the use of a human-in-the-loop
to resolve those cases that the system cannot solve au-
tonomously.

The resulting indexed database is finally of the type
shown in fig. 2(a). The semantic access is then driven
by semantic commands of the type: “show me all im-
ages that have a bird and a human face in them”.
This scheme can go further than that; we can build a
hierarchical indexing as shown in fig. 2(b) that will
allow more complex searches such as: “show me all
images that have a bird and Melissa’s face”.

The framework described here has been imple-
mented and tested to index and retrieve images of a
database of 1,300 different images. These images are
of different size, color or grey-level, and contents.

2 Saliency Areas of Attention

We assume that all our images in the database have
one or more relevant areas of interest, i.e. one or more
potential focuses of attention. Fig. 1(b) shows an ex-
ample of a meaningless image for our system.

2.1 Decreasing the complexity

It is clear that any natural or realistic image is very
complex to analyze. As an attempt to decrease the
complexity of analysis, many ideas have been proposed.
One of the most accepted attention theories is the ob-
ject based theory [4]. In the computer vision commu-
nity, many ideas have been proposed to solve this issue.
A well-known approach to this is the use of snakes. Un-
fortunately, snakes are strongly dependent on their ini-
tialization. If this initialization is not accurate enough,
the outcome obtained will usually be meaningless.
Another approach to this problem is the use of frame
curves. Frame curves are defined as the computation
of an approximation of the boundary line that discrim-
inates between the inside and outside of an area of at-
tention (this area of attention is normally an object or
part of an object) [9, 10]. This idea has arisen from the
work of Sha’ashua and Ullman [8] where the authors
proposed the construction of a local connected network
able to find saliency structures in images. The fact
that these networks were locally connected imposed a
Cartesian structure, i.e. what 1s known in the literature
as Cartesian networks. Approaches based in Cartesian
networks are not optimal for vision though, because
they lack the accuracy to locate image structure, and



because they do not estimate curvature closely. The
other main problem of Cartesian networks is their high
computational cost. In order to solve these problems,
we have proposed a new approach: adaptative non-
Cartesian networks [9]. In this new approach, the lines
of the non-Cartesian network are drawn using features
of an inertia surface (which is obtained by computes of
a filtering stage). In this paper, we use steerable filters
[2] based on Gaussian filters to compute these surfaces
of inertia (we use Gaussian filters at two different scales
and up to the second derivative).

2.2 Adaptative non-Cartesian networks
and frame curve

In this section we will only give an introduction of our
approach to compute frame curves. Extended descrip-
tions can be found in [9].

The first stage consist of extracting an inertia sur-
face from where this frame curve can be obtained.
This can be modeled as R'(p) = (I * F*)(p), where
I is the image and F"* defines the bank of filters
used. In this paper [ is equal to the group of steer-
able filters that contain Gaussian filters up to the
second derivative and for two different scales. Tt is
clear though, that not all the responses can be taken
into account, because that would be too much infor-
mation to be processed in subsequent procedures of
the system. In general, only those that have higher
responses remain and pass to the next stage. To
computationally model this fact, we can first cal-
culate the threshold that represents the higher re-
sponse, Th'(p) = max; max, yer,,(p) vij 7 (x,y); and
then, subtract it from the original response, Ri(z,y),
to obtain the output of the system: PIR'(p) =
MaZTe yes,(p) %%[Rl(x,y) — Th'(z,y)]", where ay;
is the inhibitory coefficient of each filter response,
and S; is the neighborhood region. Finally, we de-
fine the feature inertia surface (FIS) as the gra-
dient of each of these PIR responses, FIS(p) =
Y(VPIRY VPIR? ... ,VPIR")(p).

The second stage proposes the use of non-Cartesian
networks, allowing arbitrary orientation (these net-
works can better describe objects, because objects can
have any arbitrary orientation). Our network, in con-
trast with other non-Cartesian networks which are gen-
erated randomly, uses the information given by the
FIS to prime those orientations that lie along the high
responses of the F'IS. This process allows us to ob-
tain better results with a lower computational cost [9].
In order to express this idea mathematically, we first
define the inertia J of a given line L, as:

ol
L,

J(Li = / FIS(u)du

where LZ’(JL‘, y) is the set of points such that ycost; —
zsind; + pr, = 0. Next, we select only those lines that

Figure 3: An example of an image with three potential
focuses of attention: (a) part of an owl-shaped jar and

(b) a tea box

are associated to the highest inertia values. Assum-
ing that the filtering step gives high responses in the
boundaries of the objects and low (or, ideally, no) re-
sponses elsewhere, we can guarantee that the lines of
our network will mostly lie in the boundaries of the
objects of our 1mage.

Finally, to extract the frame curve, we must define
the evaluation function used (which is called the inertia

of a curve, IC(C)):

C
IC(C) = /FIS(u)pfu aT_lzu)dtdu’

where Tl, p and a are the penetration factor, circle
constant, and the tolerated length respectively.

To compute the optimal curve, we use a dynamic
programming approach. For each processing element
p. oriented #; radians in the network, for all its con-
nections k, we make an iterative computations called
global curve inertia (GCT):

GCIO (p2) = FIS(pe)

GOIM™(32) = maxy, {FIS(py) + GCTT =D () pt/ 2T

This procedure outputs the inertia of the best curve of
length n that begins at pe.

As proven in [9], the complexity time of the whole
procedure is O(p?b?), where p is the number of pixels
on the network and b the number of connections of a
pixel.

The search of a new saliency area in an adaptative
non-Cartesian network is quite easy. If one or more
focuses of attention have already been obtained, we
must only prime those lines (of the network) that pass
close to, or through, the filter responses, except those
that pass close to, or through, the areas of a previous
selected focus of attention.

Mathematically, we can express this idea as: Vé;; €
3(C) = GCI(€;) = > and FIS(€;) = oo, where
d(C) is the previous extracted frame curve after a di-
latation operator has been applied.

Fig. 3 shows an example of this process. Notice
that, in general, this system only works for unclutter
images.



3 Object-Related
Retrieval

Image

As we pointed out in the introduction, we propose to in-
dex our databases using object classes. Unfortunately,
the definition of an object is unclear, and for differ-
ent users the word object can have different interpre-
tations. If different users are asked to access a given
indexed database by naming different object classes,
different queries can be obtained. For instance, a first
user can ask to see “all those images that have faces”;
a second user can ask for “Melissa’s face”; and a third
one “those images that have eyes”. These problems of
ambiguity are given due to the fact that there 1s not a
clear definition of “object” [6].

In order to resolve this, we propose an approach that
uses queries at different levels of abstraction. In this
sense, the system should interpret the word “object”
at different levels in the sense that “face” is as good as
“Melissa’s face”, and “animal” as good as “bird” and
as good as “falcon”. In this paper, we use appearance-
based methods, because it is not necessary to define
a representation or model for a particular class of ob-
jects since the class is implicitly defined by the selection
of the test objects. More precisely, we report results
on using Principal Components Analysis (PCA) and
Fisher Discriminant Analysis (FDA).

3.1 Multi-scale object recognition

Our approach consists of scaling the area of atten-
tion to a more desirable scale of recognition. This is
achieved by imposing the “largest” dimension of the
pre-selected area to be equal to the length of this di-
mension into the recognition scale. Formally speaking,
let length(z) and length(y) be the dimensions of the
rectangle that circumscribe the pre-selected area of at-
tention and length(2new) and length(ynew) be the new
dimensions of the scaled object. Then, we define the
scaling factor, 4, as:

Ifa<b = 5:%
Otherwise = 5:%

where,
a = length(zpey) — length(z) and b = length(ynew) —
length(y). Finally, we set length(wpew) = dlength(E)
and length(ynew) = dlength(y).

The new segmented object (described as an image )
is normalized to have intensity equal to unity, ||I|| = 1.
This pre-processed image is now ready for the PCA or
the FDA step. However, it is obvious that both PCA
and FDA, will only work in those cases where the frame
curve approximation has came up with a very good ap-
proximation of the objects to be recognized. In order
to solve this problem, we first use a filtering step. To
do this, we use the same filters described above, steer-
able filters. The compute of a large number of these

filters over the whole image will be too time consum-
ing though. In order to decrease the complexity of this
step, we only use the first derivative of the Gaussian
filters because its output is less sensitive to the change
of the illumination conditions and of the scale factor
(as we have shown in [7]). When using the first deriva-
tive of the Gaussian filter, only one scale is used (in

our application we use ¢ = 2\/5), but the two different
orientations we compute from the steerable properties
(i.e. 0° and 90°) [2].

Formally speaking, we define a new vector V; as:
V = {I+G{, IxGJ{%}, where I is the image, G and G{°
are the first derivative of the Gaussian filter at orienta-
tions zero and 90 degrees respectively, and * represents
the convolution operator.

For the PCA procedure, we first create a set of all ob-
tained vectors, {V1,..., Vo, ...,V }. The average U of
all vectors in the set is subtracted from each intensity
tlumination normalized vector V;. This ensures that
the eigenvector with the highest eigenvalue represents
the dimension in the eigenspace in which variance of
vectors is maximum in a correlation sense. Let us call
V; to these new vectors and X = {V1,Va,..., V } to

the whole set, then Q = XX defines the final covari-
ance matrix from where PCA will be computed. The
eigenvectors, e;, and corresponding eigenvalues, A;, of
Q are determined by solving the well-known eigenstruc-
ture decomposition problem: A;e; = Qe;. Taking the
first eigenvectors we define the projecting matrix as:
[elaeza cee aek]'

The FDA procedure is mathematically defined us-
ing two matrices, the between-class and the within-
class scatter matrices. While the between-class mea-
sure attempts to maximize the distances among classes,
the within-class measure tries to minimize the dis-
tances among the samples of the same class. Let
[dy,...,dg] be a projection matrix that projects a vec-
tor into the Fisher’s sub-space. The following vector:
W, = V,[dy,...,dg], is a new feature vector from sam-
ples of ¢ classes with class means M;, i = {1,2,...;c}.
Then the within-class scatter matrix i1s defined as:
Sw = Zle Z;;1(Vj - M;)(V; — M;)?, where n; is
the number of samples of class ¢ (that is, the number
of examples of the object ¢). And the between-class
scatter matrix as: Sp = > i (M; — M)(M; — M),
where M = %Zle M,. Now, we want to make S, as
small as possible and S, as large as possible. A pos-
det|S
det||SZ|| :
The advantage to use this ratio function is that it has
been proven that if 5y, is a non-singular matrix, then
this ratio is maximized when the column vectors of pro-
jection matrix [dy, ..., dg] are the eigenvectors of the:
S 1S, associated with the largest eigenvalues [3]. Un-
fortunately, in practice, Sy, 1s almost always singular
because its columns are not independent. It i1s easy
to see that in order to obtain a non-singular matrix,
m + ¢ samples are needed, being m the dimensionality
of the space where these samples take value and ¢ the

sible way to do this, is to maximize the ratio:



Figure 4: (a) We test the classification capabilities of PCA and FDA using two different original spaces: the raw
image, I, and the filtered image, V. The results obtained here were processed as many times as samples (i.e. 120)
where each of the times a different object was classified. (b-d) Test for the sub-classes defined (see text): (b)

Animals, (¢) Human-made objects, (d) Faces.

number of classes. In order to solve this problem, an
intermediate space is normally used. One way of do-
ing this is to use PCA to first transform the original
m-~dimensional space to an r-dimensional space, such
that r << number of samples.

3.2 Indexing and retrieving

As we want to facilitate the semantic access at different
levels of abstraction, the recognition stage is executed
different times to classify all focuses of attention within
different classes, sub-classes and sub-sub-classes. The
first level of classification includes: ¢'1 = Animals, C'2
= Human-made objects, ('3 = People, C'4 = Human
faces, C'b = Cars, and C'6 = Houses. This classification
step was tested by first manually segmenting the area of
attention of 120 images (20 images for each class), and
second, learning the class-spaces by means of PCA and
FDA. The following sub-classes have been created: (C'1
= Animals) C'1.1 = Bull, C'1.2 = Tiger, C'1.3 = Lion,
C'1.4 = Bird, C'1.5 = Fish, and C'1.6 = Bear; (C2 =
Human-made objects) 40 sub-classes, representing each
of the forty different human-made objects used, were
considered; (C3 = People) C3.1 = One person, and
(3.2 = More than one person; (C4 = Human faces)
50 classes representing all fifty different subjects used;
(C5 = Cars and C6 = Houses) no sub-classes were
considered. Fig. 4 shows the results obtained.

To build the indices of any database: the system
first selects the focuses (areas) of attention, and second,
classifies each area within a main class, and sub-class,
if necessary. However, as it 1s accepted that systems of
nowadays cannot always guarantee a correct output, a
human-in-the-loop 1s placed after each of the outputs
of the system. This ensures the user that the index-
ing process will be accomplished successfully. Fig. 5
schematically describes this indexing process.

4 Experimental Results

In order to test the described system, we have devel-
oped an application that indexes a database of 1,300
images into the above described classes, sub-classes and

Filering stage Feature inertia Aduptative Frame eurve
(steerable filters) surfuces noncartesian computation

Yes'
0, More areas
of attention ?

‘man-in~the~loop

Figure 5: Flow diagram of the indexing procedure.

sub-sub-classes, and that allows semantic queries based
on these object classes.

To correctly evaluate the system here described, we
ran a complete process of indexing. Four different mea-
sures of “success” were considered: (a) all those cases
that were well indexed for all their focuses of atten-
tion without human help, (b) all those that, at least,
indexed successfully one area of attention (pay atten-
tion to the fact that around 75% of the images of our
database only have one single focus of attention), (c)
all those that were well indexed in their main classes
(either they were well classified in their corresponding
sub-classes or not), (d) all those that were well indexed
in their main classes for at least one of the focuses of
attention of the image, and (e) all those that were well
segmented (either they were well classified or not). Fig.
6 describes the corresponding rates. Fig. 7 shows some
outputs of the system where the classification was ac-
complished successfully.

5 Conclusions

As important contributions: (i) we have shown that
the inertia maps obtained from the filtering stage can
facilitate the search of these areas of saliency, (ii) it
has been shown how this step can be used to search
more than one area of attention easily (for uncluttered
images), and (iii) the obtained areas of attention allow



Figure 6: Results of the five different tests done to as-
sess the accuracy of the system. Two results are shown:
on all images and on those images that were success-
fully segmented.

Figure 7: Column: (a) the frame curve obtained, (b)
the first derivative of the scaled image in the x direction
(i.e. zero degrees), (c) the first derivative in the y di-
rection (i.e. 90 degrees). More examples can be found
in: http://RVL.www.ecn.purdue.edu/~aleix/ir.html.

easier segmentations because the frame curve defined
better approximates the boundaries of the object than
previously defined methods.

The second step of the system consists of classifying
each of the above obtained focuses (areas) of attention.
We have used appearance-based (more precisely, PCA
and FDA) to learn and recognize all different areas (at
this point, it is assumed that each focus of attention
represents an object). Tt is well-known, however, that
appearance-based methods are quite sensitive to small
variations in illumination conditions and to scale factor.
To solve this, we have made two more contributions: (i)
anew scaled method that uses the obtained frame curve
has been defined (allowing our recognition system to be
“partially invariant” to the scale factor), as well as (ii)
the use of filter responses instead of the raw image as
the original representation space.
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