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Abstract. This paper shows how strings can be used in a natural images
classification task. We propose to build an attributed string from a set of
regions of interest detected thanks to an interest point detector. These
salient zones are characterized by local signatures describing singularities
and they are linked by using graph seriation algorithms and perceptual
methods. Once each image is represented by a string of signatures, we
propose to use string-based edit distances and an ordered histograms-
based distance in order to perform the classification task. Experiments
have shown that whereas seriation algorithms give approximately the
same results, the ordered histogram based distance is more efficient for
the considered application.

1 Introduction

Nowadays, digital images are more and more present in the cyberworld. Indeed,
peer to peer sharing, digital camera and Internet network provide an access to
a lot of images for most people. As image databases grow exponentially, people
need to have powerful solutions to manage them. Image classification is one
such solution allowing to group images into semantically meaningful categories.
It can thus be helpful for daily tasks such as browsing, annoting, indexing, etc.
In this paper, we are interested in classification methods using low level image
features. Such image clustering approaches perform first a feature extraction step
in order to reduce the amount of data and to extract relevant and discriminating
measures used during the classification step. This extraction phase results in a
feature vector (also called signature) describing the image content.

Classically, image recognition approaches extract the image signature by con-
sidering the image content as a whole. Signatures can describe color by using e.g.
classical histograms [16] or even texture [II] by using e.g. Gabor filter banks.
However, during the last decade, it has been shown that better classification
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rates can be obtained by computing signatures around only a limited number of
pixels called interest points. Recognition is then performed thanks to registering
algorithms. In this case, the problem is clearly the lack of ordering between the
interest points because the image can no longer be considered as a vector, in-
creasing thus the complexity of the classification step. In this paper, we propose
to define such an order thanks to two main approaches : a spectral graph seri-
ation approach and a saliency-based approach. The image is then described by
a string of local signatures, each one characterizing singularities in the region of
interest thanks to a foveal wavelet descriptor [13]. Finally, the last classification
step can be performed by a distance between strings. We have tested some of
them and present the classification results.

The paper is organized as follows. Section [2] presents the salient points de-
tector used in order to define the string nodes. Section [3] describes the different
methods that can be envisaged to generate a string from a set of salient points.
These strings are then compared thanks to some distances presented in section [l
Experiments comparing these approaches are presented in section [ and finally,
section [0l concludes this paper.

2 Interest Points Detection

The use of interest points for image retrieval was proposed in [3L[14] and was
motivated by the definition of special points which capture only the relevant
information of the signal. Consequently, assigning a local signature to each region
of interest centered on an interest point could be more discriminative of the image
content than computing a global signature. Nevertheless, finding interest points
is quite difficult because it requires the definition of what is perceptually relevant
in a signal.

Many approaches have been proposed in the literature to detect interest
points. In [5], an algorithm using the local auto-correlation of the image local-
izes them on corners. Although this detector is very often used [14], it has the
drawback of positioning the points on textured regions omitting other regions
which can be critical for the classification. Moreover, there is no perceptual jus-
tification about the importance of corners. In [2], the authors propose a detector
that locates interest points in high contrast area. Finally, observing that multi-
resolution, orientation and frequency analysis are of prime importance for the
Human Visual System, some wavelet-based detectors have been proposed in [7],[9]
that locate points on sharp region boundaries.

The detector proposed in [7] is used in our system and proceeds as follows:

— a discrete wavelet transform [I0] is firstly performed on the image I up to a
resolution level 2" (r < —1);

— the obtained wavelet coefficients are zerotree represented [15] resulting in a
hierarchical data structure (tree) of wavelet coefficients;

— this tree is traversed a first time from leaves to the root node by computing
at each resolution 2/ (j < —1) a saliency map SQIj reflecting the perceptual
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Original image Wavelet detector Harris detector

Fig. 1. Interest points detection

relevance of the wavelet coefficients present in the level 27. The saliency value

SIi(z,y) at the location (z,y) is defined by:
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where w3; (z, y) stands for the wavelet coefficient of the subband Dj; located
at (z,y), Max(D3;) (s = 1,2,3) denotes the maximum wavelet coefficient
value over the detail subband D3;, and ay, (with k& € [r,—1] and 0 < aj, < 1)
is a weighting factor balancing the importance of saliency values with respect
to the resolution level;

— from the saliency maps previously computed, the tree is traversed a second
time from the root to the leaves in order to choose, at each tree level, the

most salient wavelet coefficients.

The final result of these different steps is the construction of a saliency map
ST with the same resolution as I and that reflect the perceptual importance of
the pixels. Indeed, the higher is S?(z,y), the more the pixel (x,y) is perceptu-
ally important. If IV interest points are needed, then the IV pixels with highest
coefficients S?(z,y) in the saliency map are chosen.

As it can be seen on Figure [I this interest point detector locates points
on sharp region boundaries. The points are also more spread than the classical
Harris corner detector [5] in the case of textured images.

3 Strings Construction

Interest points are usually mixed with registration techniques [I4] for assessing
similarity between images. In these approaches, each point is considered indepen-
dently of each other and the dependencies or correlation that may exist between
them are not used. However, it is well known that human eyes are able to clas-
sify an image from a set of focus of attention and saccadic eye movements. We
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propose thus to link the detected interest points in order to construct a string
composed of local signatures which describe each region of interest centered on
an interest point. Therefore, images comparison can be performed by a string
comparison. Several techniques to construct such strings can be considered and
we propose to compare some of them.

3.1 Graph Seriation

From a set of interest points, an attributed graph can be generated thanks to
a Delaunay triangulation (see Figure [(a)) in which each node of the graph is
described by a local signature describing the image content in the neighborhood
of the node. This graph can then be transformed into a string by a graph seriation
approach [I,H]. Two kinds of graph seriation are studied in this paper.

Spectral Graph Seriation. In the spectral graph seriation approach, the
string is constructed by only considering the adjacency matrix of the graph and
implicitly its structure. In [4], the authors propose an algorithm which performs
the graph seriation by using the eigenvector ¢* corresponding to the leading
eigenvalue of the adjacency matrix. Nodes are then ordered in the decreasing or-
der of their magnitude in the leading eigenvector components (see Figure [2(b)).

Similarity Spectral Graph Seriation. In the case of attributed graphs, it
seems relevant to consider nodal values and thus the similarity between them.
The idea was first proposed in [I] where the seriation is performed thanks to
the Fielder vector of the Laplacian matrix. In the following, we propose an
alternative of it.

As in [4], we begin from the node associated with the largest component of
¢*. Next, we search through the set of the nearest neighbors, the node which
is the most similar to the previous one in the sense of a Lo distance between
the foveal wavelets signatures [I3] associated to the nodes being compared. This
step is repeated until all nodes have been visited.

This method permits to generate strings following edges (see Figure 2{c)).
Indeed, a foveal signature characterizes orientation and regularity of an edge,
thus two signatures are similar if they belong to the same edge. Note that this
method is similar to [I] where the Laplacian matrix is replaced by a similarity
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(a) Delaunay graph (b) Spectral seriation [4] (c) Similarity seriation (d) Perceptual seriation

Fig. 2. String construction from a spatial distribution of interest points. The orignal
image is shown on Figure [l
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matrix A = [a;;] where a;; = d(s;, s;) with s; being the local signature associated
to the node x; and d the distance between local signatures.

3.2 Perceptual Seriation

The second method presented in this paper consists in building a string by
considering only the saliency values of the detected interest points (see equation
[). In this case, interest points are ordered in the decreasing order of the saliency
value magnitude (see Figure 2[(d)).

4  Strings Comparison

Once strings are constructed by one of the methods exposed in section [ the
last step consists in matching them to assess similarity between images.

4.1 Edit Distance and its Variants

Strings comparison can be first performed by using distances proposed in the field
of automatic spelling correction or texts comparison. Such distances are based
on the work of Levenstein presented in [§]. If we denote by X' a finite alphabet
and by X = (z129...z,) and Y = (y192...ym) two finite strings whose elements
are in X then the string edit distance D(X,Y) is the minimum cost needed to
transform X into Y using elementary edit operations. These edit operations are
of three kinds:

— (z; — y;) is the substitution of the symbol x; by y;;
— (z; — €) denotes the suppression of the symbol z;;
— (e — y;) denotes the insertion of the symbol y;.

If a cost function + is assigned to each of these edit operations, then the string
edit distance can be efficiently computed in O(mn) thanks to a dynamic pro-
gramming algorithm [I§] based on the following recursive property:

D(i—1,j = 1) + (w4, y5)
D(z,])zmm D(iflvj)‘F’Y(xiaG) (2)
D(lvj - 1) +7(€vyj)

where D(i, j) is the edit distance between the sub-strings (zi...x;) and (y1...y;)-
Nevertheless, in [12], the authors show that the classical string edit distance
lacks some normalization because it does not consider the length of the strings
to be compared. For example, if X and Y are two strings of length 2, they can
have the same edit distance as two strings of length 50. However, it seems that
in the second case, they are more similar. Consequently, the normalization of
the edit distance by the length of the edit path was proposed. It leads to the
following definition:

d(X,Y) = minp (%ﬁ;) (3)
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where:

— P is an edit path from X to Y, W(P) is the cost of this edit path;
— L(P) is the length of the edit path.

The computation of the normalized edit distance is performed thanks to a
fractional programming algorithm [I7] with the same complexity than the edit
distance algorithm.

Finally, a major improvement of the classical string edit distance is proposed
in [I9] where the authors propose to use the neighborhood of each symbol in the
string to compute the distance. This work is based on the Markov field theory
because it is shown that the classical string edit distance algorithm can be seen
as a zero order Markov edit distance.

In the following, we use edit operations costs defined in [I3]. The substitu-
tion cost y(z;,y;) is the Ly distance between the two foveal signatures z; and
y; and the insertion and deletion costs (e, y;) and (x;, €) are defined by the
L, distance between the foveal signature considered (i.e. y; or z;) and the null
signature (i.e. the signature filled with 0) corresponding to the signature of an
homogeneous region.

4.2 Ordered Histograms-Based Distance

Histograms are known to be very powerful in the case of content-based image re-
trieval [I6]. They permit to capture the essential statistics present in the images
and the comparison of them is less expensive than string-based edit distance
algorithms. Consequently, coupling these two approaches for comparing strings
of local signatures can be of interest. In [6], the authors propose a distance which
considers the order and the distribution of symbols present in a string. Never-
theless, this distance must be adapted in the case of strings of signatures whose
values are continuous in a k-dimensional space. For this purpose, we propose to
compute k distances defined in [6], each one for a component in a signature. Then,
we sum them to get the final distance between the two strings. Furthermore, as
underlined in [7], each image can be represented by a different number of salient
points depending on the complexity of the image content. Consequently, the two
strings to be compared can have different lengths breaking thus the triangular
inequality of the distance proposed in [6]. This modification leads to obtain a
dissimilarity measure.
The algorithm proceeds as follows for two attributed strings X and Y:

:d«—0
: for j:1to k do
Hj «— 0; H2 — O0W «—0
for i:1to mm(m,n) do
Hi (z;]5]) « H{(2;[4]) + (min(m, n) — i + 1) * c(2;[j], vi[j])
H3(yslj]) < H3(yslg]) + (min(m,n) — i+ 1) * c(2;[5], vs[4])
I(/;/ff— W + (min(m, n) — i + 1) * c(z;[5], vi[5])

PP G e
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9:  d— X, |Hi@) — H)()|/W +d
10: end for
11: return d

where c(z;[j],v:[j]) is the substitution cost between j** elements of the two
signatures x; and y; and H; and H, are respectively the histograms associated
to X and Y. This algorithm is computationally less expensive than a string edit
distance because it computes the distance in O(min(m,n)k). However, it makes
the strong assumption that the two strings to be compared are perfectly aligned.

5 Experiments

In order to compare the different approaches, a supervised image classification
system based on the k-nearest neighbors algorithm has been developed. We use
a training images database which is divided into six clusters (Alps, football, cars,
ships, flowers, space) (see Figure [3)), each cluster being composed of 15 natural
images. To test our system, we picked 90 different images that are proposed
to the system for classification (see Figure H)). Regarding the parameters used
during the experiments, the Ly distance has been used to compute ¢(x;[5], v:[j])
in the ordered histograms-based distance algorithm (see section A2)) and the
histograms H{ and H3 are composed of 100 bins.

We have firstly compared the classification results obtained by each distance
presented in section [ for each seriation algorithm separately. Figure [B] presents
the classification rates obtained by each method using different number of in-
terest points and the computing times needed to compare two images using the
different distances on a Pentium IV 3GHZ. It is clear that ordered histograms
distance outperforms all other distances proving that the strong assumption dis-
cussed before is not so hard. Moreover, ordered histograms distance is compu-
tationally more efficient and it is essential in the case of large images databases.
However, the main reason of these better classification rates is that our insertion
and deletion costs for the edit distances are not well adapted and so they degrade

Fig. 4. Some image samples present in the test database



Comparing String Representations and Distances

Perceptual seriation
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Similarity spectral seriation
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results. Thus, it could be interesting to take into account the probability density
function of the foveal signatures in a cluster in order to define these edit costs.

If we compare the three seriation
tograms based distance (see Figure [d]),

approaches using only the ordered his-
we can see that the perceptual seriation

gives the best result when more than 200 interest points are used. Nevertheless,

classification rates are not so different.

Finally, if we consider computing times,
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it seems not relevant to use graph seriation approaches because they do not im-
prove classification rates compared to a perceptual approach and they are more
complex.

Finally, it is important to note that when color is not able to discriminate a
cluster, our approach is well suited. In the dataset we used, it appears to be the
case for the cars and ships clusters which obtain respectively 41% and 38% of
good classification rates with a global histogram approach whereas our method
permits to obtain 85% and 54% for 400 interest points.

6 Conclusion and Perspectives

In this paper, we have presented a comparison of seriation techniques and string
distances that can be used in the case of a natural images classification task
using foveal signatures. It has been shown that histograms-based distance gives
better classification rates than the others edit distances presented. Nevertheless,
it could be interesting to implement a training algorithm as in [6] in order to
learn the edit costs which are very difficult to establish and on which depends
critically the classification rates.

It has also been shown that seriation approaches give approximately the same
classification rates indicating that string order is not very important in the recog-
nition task. However, it could be interesting to implement the same approach in
order to perform small substring matching and it is quite sure that we are also
interested in other seriation approaches.
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