On Using Histograms of L ocal I nvariant Featuresfor | mage Retrieval

Alaa Halawani and Hans Burkhardt
Albert-Ludwigs-University of Freiburg
Chair of Pattern Recognition and Image Processing
79110 Freiburg, Germany
{halawanjburkhard} @informatik.uni-freiburg.de

Abstract ity to use more than one kernel function to build up a fea-
ture space and use it for image retrieval.

In this paper we employ different methods for construct-  In this paper, we study both cases (using a single or a set
ing histograms from invariant features that are computed of kernel functions) for the construction of the invariant-
locally around a set of salient points. These points repre- feature histogram for the purpose of content-based image
sent, together with their neighborhood, the most important retrieval. We concentrate on extracting the features atoun
visual information in an image. The features used for con- the salient points only. We use the HSV color space as
structing the histograms are evaluations of Haar integrals it was found that it performs better than the RGB color
with nonlinear kernel functions. The resulting histograms space [1]. In the case of using a set of kernels to extract fea-
are able to preserve the local structure of the image in addi- ture vectors around the points, we distribute the resulting
tion to the fact that they are invariant to Euclidean motion. vectors in several clusters and construct a histogram of the
We study and compare the performance of the different his-cluster numbers rather than the feature vectors themselves
togram construction methods for a database that consistsThis is done in order to overcome the high dimensional-
of 15000 images. ity of the feature vectors (which makes histogram construc-
tion difficult). We consider both one-dimensional and two-
dimensional cluster-number histograms. The latter reflect
the spatial relationship between the pattern at each point
and the patterns of its neighboring points based on cluster
numbers assigned to these patterns.

The paper is organized as follows: In section 2 we ex-
plain the process of calculating the invariant features. A
brief description of the different ways used to construet th
histograms is given in section 3. A summary of the exper-
imental results is presented in section 4. Finally, a conclu
sion is given in section 5.

1 Introduction

Invariant image features based on Haar integral were
introduced by Schulz-Mirbach in [6]. These features have
been used successfully in texture-classification [5],gvoll
recognition [4], and image retrieval. [10, 1]. For image re-
trieval, Siggelkow et al. [10] have used color and texture
histograms that are based on Euclidean-invariant integral
features. Unlike the ordinary histogram, the invariangint
gral features have the advantage of capturing the local-stru
ture held in the image. Experimental results have shown
that these features demonstrate a very good capability in re
trieving images. However, the main disadvantage is that the
computation of the invariant features over the whole im-
age is time consuming. In order to reduce the computa-
tion complexity, Siggelkow and Schael [9] have estimated

the invariant features using the Monte-Carlo method. They nonlinear kernel functiof (I) to a gray-valued imagd,

have computed the features for a set of randomly generatet?nd to !ntegrate th_e result over all pos_S|bIe rotat_lons _and
. N ranslations ( Haar mtegral over the Euclidean motioer); i.
points and directions.

2 Invariant features based on Integration

Following is a brief description of the calculation of the
rotation- and translation-invariant features. Detaila ba
foundin [6].

The idea of constructing invariant features is to apply a

Recently we have compared in [1] the work based on the 7 0)D)d0decd
Monte-Carlo approximation of the invariant features with (D) T 2MN oo )y S g(r; ¢, O))dbdedr
the extraction of these features from areas of high rele- (1)

vance in the image under consideration. These areas are imwhere I F(I) is the invariant feature of the imagé/, N
age patches that are centered around the so-csélieht are the dimensions of the image, ant$ an element in the
points We have used the salient point extraction algorithm transformation grougd (which consists here of rotations
introduced in [2] in order to determine these patches. It wasand translations).

found that the computation of invariant features around the  Because of the discrete nature of the imabg,is ap-
salient points enhances the performance of the retriesal sy proximated by choosingandc to be integers and by vary-
tem and makes it more robust for cases like object scal-ing 6 in a discrete manner produciggamples:

ing and viewpoint changes. This previous work has con- M-1N—1g—1

centrated on using a single kernel function to extract fea- IF(I) Flg(r,c,0 = _7T
. : : hy > DD =Jj—)) (2
tures and build the histogram. However, there is a possibil- qMN e S



Bilinear interpolation is applied when the samples do not Harris detector [7]. We employ the following ways of his-
fall onto the image grid. togram construction using invariant features extracted

The above equation suggests that invariant features arearound the salient points:
computed by applying a nonlinear functigh,on the neigh-
borhood of each pixel in the image, then summing up all the
results to get a single value representing the invariant fea
ture. Using several different functions finally builds up a
feature space.

Much of the local information is lost by summing up
the local results. This makes the discrimination capabil-
ity of the features weak. In order to preserve the local in- 2. Single kernel function without averaging over ro-
formation, Siggelkow et al. [10] replaced the summation tation: Applying one kernel function around the
(3=, >°.) by histogramming: salient point and then constructing a histogram us-

ing equation 4. Getting rid of the integration over
rotation keeps more local information which is ex-

1. Single kernel function with averaging over rota-
tion: Applying one kernel function around the salient
point and then constructing a histogram using equa-
tion 3.

. 1 2 i
TF(T) = hist ; Z Flg(r,e,0 = jg)l) pected to lead to better retrieval results.
7=0
r=0,---,M—1, 3. Set of kernel functions with one-dimensional
c=0,---,N—1, }) ©) cluster-number histogram: A problem of dimen-

) ) ) ) sionality arises when using a set of kernel functions
Itis also possible to replace all the summations by a his- to extract feature vectors from the points. Apply-
togram operation [8], i.e., ing n kernel functions around each point for the three
channels of the color space and averaging over ro-
tation yields a feature vector of lengthn. Con-

TF(I) = hist f(g(r,c,0 :jQI)I) structing a3n-dimensional histogramp > 1, is
q difficult and becomes prohibitive for larget val-
=0, M1, ues. In order to overcome this problem, we map the
c=0,--,N—1, (4) feature vectors into scalars by distr_ibuting the _fea-
j=0,-,q—1 ture vectors extracted from all points in all im-
ages of the database in set bfclusters and then
Invariant features can be either color or texture features, dealing with the clusters rather than with the fea-
depending on the chosen kernel function. Invariant color ture vectors. The clusters are numbeted, ...k. For
features can be computed by applying theohomial ker- each image, &-bin histogram,h, of cluster num-
nels’ which have the form: bers is constructed instead of a histogram of the fea-
o1 i ture vectors themselves (see Fig.1).SIP is the set
_ of salient points in an image ar@N (i) is the clus-
S = < pl;IO I(xp’yp)> ®) ter number assigned to the feature vector at pgint
then:

In order to construct texture features, ralational ker-
nel’ function [5] is to be applied. This kernel has the form:

h(l)= > 6(CN@E)—1), 1=1,2---k (8)

f@) =rel(I(z1,51) — I(x2,92)) (6) S
Where 4. Set of kernel functions with two-dimensional
1 if v < —e cluster-number histogram: This method is meant
rel(y) =4 S2 if—e<y<e @ to show the local co-occurrence of feature vec-
0 if e <~y tors by reflecting the spatial relationship between

cluster number assigned to the vector at each
point and cluster numbers assigned to the vec-
tors at itsp-neighboring points. Essentially, for each
point we search for itg-closest points and deter-
mine to which clusters their vectors belong. Given
that NH (i) is the set ofp-points in the neighbor-

. . hood of pointi, the 2-dimensional cluster-number
3 Constructing Histograms from Local In- histogram is given by:

variant features

This kind of kernels was introduced in [5] and is based
on the Local Binary Pattern (LBP) texture features [3],
which map the relation between a center pixel and its neigh-
borhood pixels into a binary pattern. Equation 7 extends the
LBP operator to give values that fall jf, 1].

The salient point extraction algorithm that we use h(l,m) = Z Z S(CN(i) —1,CN(j) —m),
was introduced by Loupias and Sebe [2]. We have cho- i€SP jeNH(i)
sen to use this detector as it has more information con- Im=1,2---k (9)
tent and better repeatability compared with the well-known
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Figure 2: Average precision-recall for the 30 queries

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
(e = B = 0.5), we have tested the performance of
! x ! - the different histogram construction methods. For the case

Histogram M

Histogram 1 Histogram 2

of using a single kernel function, the relational kernel,
f(I) rel(I(3,0) — I(0,6)), with e = 0.098 in Equa-
tion 7 (image pixel values [0,1]) and the monomial
kernel, f(I) = (I(3,0).I(0,6))%, were chosen to con-
struct the texture and color features respectively. Ake¢hr
We conducted the tests on a database which consists oEhannels of the color space were taken into considera-
15000 colored images. We use HSV color space rather thartion when calculating the features. Twiox 6 x 6 His-
the RGB space as it was found that the former gives bet-tograms (color Histogram and texture Histogram) were
ter results because it is perceptually more uniform [1]. The constructed.
salient point extraction algorithm is applied to the V Chan-  Alternatively, two sets of 12 monomial kernels and
nel of the images to determine the image points to be used12 relational kernels were used to construct two 36-
Both color and texture features are evaluated around theselimensional feature vectors (color and texture respdgjive
points. around each point. Based on the resulting feature vec-
The features for all images are extracted offline and tors, and after applying the k-means clustering algorithm,
saved with pointers to the images in a feature database. Wewo 256-bin and two 16 x 16-bin cluster-number his-
use a query-by-example (QBE) methodology. A query im- tograms were constructed.
age is submitted, its features are computed online and com- Fig. 2 shows the average precision-recall of the 30
pared with the features of all other images in the databasequeries. It can be observed that the histogram with aver-
To compare the histograms of the query image and theaging over rotation gives the worst performance, while
database images, we have useditheneasure, which gives  the one-dimensional cluster-number histogram gives
an indication of the differencel) between two histograms:  the best retrieval results. This behavior can be inter-
. 2 preted by the fact that the process of averaging over rota-
M tion still causes loss of local details. Applying only one-ke
hq (i) + ha(i) nel function ends up with relatively little image-structur
information retained. Therefore, applying a set of ker-
nel functions gives a better representation of the local
structure of the image which leads at the end to better re-
sults.
The above interpretation is further supported by the re-

Figure 1: Building histograms from cluster numbers

4 Results

XP(hg,ha) =d =) (10)

Whereh, andh, are the histograms of the query image and
an image in the database respectively.

To increase the accuracy of the retrieval, one should in-
tegrate the results of both comparisons of texture and color

features. Letl. equal the difference between the query im-
age and a database image based on coloiaagual to the

difference based on texture. The difference based on botq

color and texture is given by:

diotal = aud. + ﬂdt; o+ ﬂ =1 (11)

sults obtained when the averaging process is eliminated,
which is also shown in Fig. 2. Getting rid of the averag-

ng over the angle of rotation leads to keeping more details
about the local evaluations which in turn causes the his-
togram to retain more information about the image struc-
ture. It can be seen from the figure that this leads to sig-

wherea andj are weights assigned to the color-based dif- nificantly better results than with averaging although only

ference and texture-based difference respectively.

one kernel function is used. The performance of the his-
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Figure 3: Results of a sample query

togram without averaging over rotation comes in the sec- on Pattern Recognition (ICPRYyolume 2, pages 955-960,

ond place after that of the one-dimensional cluster-number Cambridge, United Kingdom, August 2004.

histogram. [2] E. Loupias and N. Sebe. Wavelet-based Salient Points for
Surprisingly, the results of the two-dimensional cluster- Image Retrieval. Technical Report TR. 99.11, Laboratoire

number histogram are not satisfactory. One possible expla- ~ Reconnaissance de Formes et Vision, INSA Lyon, 1999.

nation is that this type of histograms is too restrictiveiat ~ [3] T- Ojala, M. Pietikainen, and T. Maenpaa. Gray Scatel

case of full-image query. A retrieval example for the differ Rotation Invariant Texture Classification with Local Bipar
ent methods is shown in Fig. 3 Patterns. IrProc. Sixth European Conference on Computer

Vision pages 404-420, Dublin, Ireland, 2000.
[4] O. Ronneberger, H. Burkhardt, and E. Schultz. General-

5 Conclusion purpose Object Recognition in 3D Volume Data Sets using
Gray-Scale Invariants - Classification of Airborne Pollen-
In this paper we have compared the performance of dif- Grains Recorded with a Confocal Laser Scanning Micro-
ferent methods of histogram construction using invariant i scope. InProceedings of the International Conference on
tegral features computed around salient points. It wasdoun Pattern Recognition (ICPR)volume 2, Quebec, Canada,
that histograms based on using a a single kernel with av- 2002.

eraging over rotation have comparatively the worst perfor- [5] M. Schael. Invariant Grey Scale Features for Texturelpna
mance because the averaging causes loss of importantlocal  sis Based on Group Averaging with Relational Kernel Func-
information. Getting rid of the averaging process or using tions. Technical Report 1/01, Albert-Ludwigs-Univeasit”

a set of kernel functions improves the performance signifi- __ Freiburg, Institut fur Informatik, January 2001.

cantly. The problem of high dimensionality faced when us- 6] H. Schulz-Mirbach. Invariant Features for Gray Scale !m
ing a set of kernel functions was solved by mapping the fea- ~ 29€S-_In G. Sagerer, S. Posch, and F. Kummert, editors,
ture vectors into numbers through clustering of these vec- 17th DAGM - Symposium *Mustererkennungiages 1-14,

¢ dth iderina the clust bersin th Bielefeld, 1995. Springer.
ors and then considering the ciuster numbers in th€ process [7] N. Sebe and M. S. Lew. Comparing salient point detectors.

of histogram construction rather than the features them- Pattern Recognition Letter@4(1-3):89-96, January 2003.

selves. [8] S. Siggelkow and H. Burkhardt. Improvement of Histogram
Based Image Retrieval and Classification. Rmoceed-

Acknowledgement ings of the International Conference on Pattern Recogni-
tion (ICPR) volume 3, pages 367-370, Quebec, Canada,

Alaa Halawani would like to thank the German Aca- September 2002.

demic Exchange Service (DAAD) for granting him a schol- [9] S. Siggelkow and M. Schael. Fast Estimation of Invariant

arship for his PhD studies at the University of Freiburg in Features. In W. Forstner, J. M. Buhmann, A. Faber, and

Germany. P. Faber, editordviustererkennung, DAGM 1999, Informatik

aktuell pages 181-188, Bonn, September 1999.

[10] S. Siggelkow, M. Schael, and H. Burkhardt. SIMBA - Sémarc
IMages By Appearance. In B. Radig and S. Florczyk, edi-
tors, Proceedings of 23rd DAGM Symposium, number 2191
in LNCS Pattern Recognitiopages 9-16. Springer, Septem-
ber 2001.

References

[1] A. Halawani and H. Burkhardt. Image Retrieval by Lo-
cal Evaluation of Nonlinear Kernel Functions around Salien
Points. InProceedings of the International Conference



