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Abstract : In this paper different method make use of for constructing histograms from invariant features that are
computedlocally around a set of salient points. These points represent, together with their neighborhood, the most important visual
information in an image. The features used for constructing the histograms are evaluations of Haar integrals with nonlinear kernel
functions. The resulting histogramsare able to preserve the local structure of the image in addition to the fact that they are
invariant to Euclidean motion. Here the comparison and performance of the different histogram construction methods for a
database that consists of 15000 images.
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Introduction

Invariant image features based on Haar integral were introduced by Schulz-Mirbach. These features have been used
successfully in texture-classification, pollen recognition, and image retrieval. For image retrieval, Siggelkow et al. have used color
and texture histograms that are based on Euclidean-invariant integral features. Unlike the ordinary histogram, the invariant
integral features have the advantage of capturing the local structure held in the image. Experimental results have shown hat these
features demonstrate a very good capability in retrieving images. However, the main disadvantage is that the computation of the
invariant features over the whole image is time consuming. In order to reduce the computation complexity, Siggelkow and Schael
have estimated the invariant features using the Monte-Carlo method. They have computed the features for a set of randomly
generated points and directions. Recently we have compared in the work based on the Monte-Carlo approximation of the invariant
features with the extraction of these features from areas of high relevance in the image under consideration. These areas are image
patches that are centered on the so-called salient points. We have used the salient point extraction algorithm introduced in order to
determine these patches. It was found that the computation of invariant features around the salient points enhances the
performance of the retrieval system and makes it more robust for cases like object scaling and viewpoint changes. This previous
work has concentrated on using a single kernel function to extract features and build the histogram. However, there is a possibility
to use more than one kernel function to build up a feature space and use it for image retrieval.

In this paper, we learn both cases (using a single or a setof kernel functions) for the construction of the invariant sfeature
histogram for the purpose of content-based image retrieval. We concentrate on extracting the features aroundthe salient points
only. We use the HSV color space asit was found that it performs better than the RGB color space. In the case of using a set of
kernels to extract feature vectors around the points, we distribute the resulting vectors in several clusters and construct a histogram
of the cluster numbers rather than the feature vectors them selves.This is done in order to overcome the high dimensionality of the
feature vectors (which makes histogram construction difficult). We consider both one-dimensional and two dimensionalcluster-
number histograms. The latter reflectsthe spatial relationship between the pattern at each pointand the patterns of its neighboring
points based on cluste rnumbers assigned to these patterns. The paper is organized as follows: In the second section the process of
calculating the invariant features. Abrief description of the different ways used to construct thehistograms is given in next section.
A summary of the experimentalresults is presented. Finally, a conclusionis given in last section.

Invariant features based on Integration

Following is a brief description of the calculation of therotation- and translation-invariant features. The idea of constructing
invariant features is to apply a nonlinear kernel function f(I) to a gray-valued image, I,and to integrate the result over all possible
rotations andtranslations ( Haar integral over the Euclidean motion); i.e.,

IF(I) = 1/ 20MN[—oM[o—oNJ o™ f(g(r,c,)I)d’dedr  (a)

Where IF(I) is the invariant feature of the image, M,Nare the dimensions of the image, and g is an element in thetransformation
group G (which consists here of rotationsand translations).Because of the discrete nature of the image, IF is approximatedby
choosing r and c to be integers and by varying_in a discrete manner producing q samples:
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IF(D=1/gMN Y™ oo™ Nje™ flg(rc.0=j2m/q)T)  (b)

Bilinear interpolation is applied when the samples do not fall onto the image grid. The above equation suggests that invariant
features are computed by applying a nonlinear function, f, on the neighborhood of each pixel in the image, then summing up all
the results to get a single value representing the invariant feature. Using several different functions finally builds up a feature
space. Much of the local information is lost by summing upyyythe local results. This makes the discrimination capability of the
features weak. In order to preserve the local information, Siggelkow et al. replaced the summation (},Y ) by histogramming:

IF(T) = hist (1/qYj=o"" f(g(r,¢.'=j2n/q)I))

r=0,........ M—1,=0,....... ,N-1, (¢)

It is also possible to replace all the summations by a histogram operation i.e.,

IF(I) = hist f(g(r,c,’=j2n/q)D))

r=0,...... M — L,c=0,....... N-1,j=0,.......... ,q-1 (d)

Invariant features can be either color or texture features, depending on the chosen kernel function. Invariant colorfeatures can be
computed by applying the “monomial kernels” which have the form:

F(I) = {mpd”" 1%, yp)} P(€)

In order to construct texture features, a “relational kernel” function is to be applied. This kernel has the form:

F(I) =rel(I(x1, y1) - I(x2, y2)) (f)
where

rel(y) = {leyneo if y<-€, if -€<y<€, if€<y (g)
This kind of kernels was introduced in and is based on the Local Binary Pattern (LBP) texture features, which map the relation
between a center pixel and its neighborhood pixels into a binary pattern. Equation g extends the LBP operator to give values that
fall in [0, 1].

Constructing Histograms from Local Invariant features

The salient point extraction algorithm that we use was introduced by Loupias and Sebe. We have chosento use this
detector as it has more information content and better repeatability compared with the well-knownHarris detector. We employ the
following ways of histogram construction using invariant features extractedaround the salient points:

1. Single kernel function with averaging over rotation: Applying one kernel function around the salient point and then
constructing a histogram using equation 3.

2. Single kernel function without averaging over rotation: Applying one kernel function around the salient point and then
constructing a histogram using equation 4. Getting rid of the integration over rotation keeps more local information which is
expected to lead to better retrieval results.

3. Set of kernel functions with one-dimensional cluster-number histogram: A problem of dimensionality arises when using a
set of kernel functions to extract feature vectors from the points. Applying n kernel functions around each point for the three
channels of the color space and averaging over rotation yields a feature vector of length 3n. Constructing a 3n-dimensional
histogram, n > 1, is difficult and becomes prohibitive for larger n values. In order to overcome this problem, we map the feature
vectors into scalars by distributing the feature vectors extracted from all points in all images of the database in set of k clusters and
then dealing with the clusters rather than with the feature

vectors. The clusters are numbered 1, 2 ...k. For each image, a k-bin histogram, h, of cluster numbers is constructed instead of a
histogram of the feature vectors themselves (see Fig.1). If SP is the set of salient points in an image and CN(i) is the cluster
number assigned to the feature vector at point i then:

h(l) =Yiesp s(CN(i)-D), 1= 1,2,.....k(h)

4. Set of kernel functions with two-dimensional cluster-number histogram: This method is meant to show the local co-
occurrence of feature vectors by reflecting the spatial relationship between cluster number assigned to the vector at each point and
cluster numbers assigned to the vectors at its p-neighboring points. Essentially, for eachpoint we search for its p-closest points and
determine to which clusters their vectors belong. Given that NH(i) is the set of p-points in the neighborhood of point i, the 2-
dimensional cluster-number histogram is given by:
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Figure 1: constructing histograms from cluster numbers

RESULTS

We conducted the tests on a database which consists of 15000 colored images.We use HSV color space rather thanthe
RGB space as it was found that the former gives better results because it is perceptually more uniform. Thesalient point extraction
algorithm is applied to the V Channel of the images to determine the image points to be used.Both color and texture features are
evaluated around these points. The features for all images are extracted offline and saved with pointers to the images in a feature
database. We use a query-by-example (QBE) methodology. A query image is submitted; its features are computed online and
compared with the features of all other images in the database. To compare the histograms of the query image and the database
images, we have used the X* measure, which gives an indication of the difference (d) between two histograms:

X(hg, h) = d =31 (hg(i)-ha(i)’ / ho(i)+ha(i) )

Where hq and hd are the histograms of the query image and an image in the database respectively. To increase the accuracy of the
retrieval, one should integrate the results of both comparisons of texture and color features. Let dc equal the difference between
the query image and a database image based on color, and dt equal to the difference based on texture. The difference based on
both color and texture is given by:

dtotal = adc +fdt, ot+pf=1 K)

Wherea and P are weights assigned to the color-based differenceand texture-based difference respectively.
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Fig-2:Average precision-recall for the 30 queries

Precision

We have chosen a set of 30 representative images from the database to serve as queries for our experiments.Setting equal weights
for color and texture (_ = = 0.5), we have tested the performance of the different histogram construction methods. For the case
of using a single kernel function, the relational kernel,

f(I) = rel(I(3, 0) — 1(0, 6)), with _ = 0.098 in Equation 7 (image pixel values 2 [0, 1]) and the monomial kernel,

f(I) = (3, 0).1(0, 6)) , were chosen to construct the texture and color features respectively. All three channels of the color space
were taken into consideration when calculating the features. Two 6 x 6 x 6 Histograms (color histogram and texture Histogram)
were constructed.

Alternatively, two sets of 12 monomial kernels and 12 relational kernels were used to construct two 36- dimensional feature
vectors (color and texture respectively) around each point. Based on the resulting feature vectors, and after applying the k-means
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clustering algorithm, two 256-bin and two 16 x 16-bin cluster-number histograms were constructed. Fig. 2 shows the average
precision-recall of the 30 queries. It can be observed that the histogram with averaging over rotation gives the worst performance,
while the one-dimensional cluster-number histogram givesthe best retrieval results. This behavior can be interpreted by the fact
that the process of averaging over rotation still causes loss of local details. Applying only one kernel function ends up with
relatively little image-structureinformation retained. Therefore, applying a set of kernel functions gives a better representation of
the local structure of the image which leads at the end to better results. The above interpretation is further supported by the
resultsobtained when the averaging process is eliminated, which is also shown in Fig. 2. Getting rid of the averagingover the angle
of rotation leads to keeping more details about the local evaluations which in turn causes the histogram to retain more information
about the image structure. It can be seen from the figure that this leads to significantly better results than with averaging although
only one kernel function is used.

5 - ¥
One-dimensional cluster-number histogram
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Two-dimensional cluster-number histogram

The performance of the histogram without averaging over rotation comes in the second place after that of the one-dimensional
cluster-number histogram. Surprisingly, the results of the two-dimensional cluster number histogram are not satisfactory. One
possible explanation is that this type of histograms is too restrictive in the case of full-image query. A retrieval example for the
different methods is shown in Fig. 3.

Conclusions

In this paper we have compared the performance of different methods of histogram construction using invariant integral features
computed around salient points. It was found that histograms based on using a a single kernel with averaging over rotation have
comparatively the worst performance because the averaging causes loss of important local information. Getting rid of the
averaging process or using a set of kernel functions improves the performance significantly. The problem of high dimensionality
faced when using a set of kernel functions was solved by mapping the feature vectors into numbers through clustering of these
vectors and then considering the cluster numbers in the process of histogram construction rather than the features themselves.
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