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Abstract. This paper presents a study about the application of Zernike
invariants to content-based Image Retrieval for 2D color images. Zernike
invariants have been chosen because of their good performance for object
recognition. Taking into account the good results achieved in previous
CBIR experiments with color based primitives using a multiresolution
representation of the visual contents, this paper presents the application
of a wavelet transform to the images in order to obtain a multiresolution
representation of the shape based features studied. Experiments have
been performed using two databases: the first one is a small self-made 2D
color database formed by 298 RGB images and a test set with 1655 query
images that has been used for preliminary tests; the second one is Also
experiments using the Amsterdam Library of Object Images (ALOI), a
free access database. Experimental results show the feasibility of this
new approach.
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1 Introduction

Content-Based Image Retrieval (CBIR) systems are becoming a very useful tool
when dealing with a large volume of visual information, due to the maturity level
of the techniques involved and posed nowadays and in the past by the research
community [TJ2/34]. Most of these techniques are inherited from computer vision
and from database systems to represent and manage the available data. CBIR
systems can be classified following different criteria, such as the nature of primi-
tives used for characterizing the image’s contents (color, texture, shape, scheme
or attributed graphs, etc.), the abstraction levels covered by these primitives
(low, medium high), the automation level achieved in the primitive extraction
process (automatic, semi-automatic, manual), the classifier used for the retrieval
stage (standard metrics, neural networks, SVM, etc.) or the way data are stored,
processed and managed in the whole CBIR system (centralized, distributed). All
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these topics are different research areas in which continuous advances are made
in order to improve the performance of CBIR systems.

In this paper, several new shape primitives to be used in a CBIR system are
implemented. The computation of Zernike invariants has been chosen because of
their good performance achieved in object recognition applications. It has been
a traditional path to follow to adapt primitives used in recognition systems to
CBIR ones, since some of the techniques used in the latter have been inher-
ited from the former. However, it must be noticed that the working domain of
recognition systems, i. e. the set of objects that the system is able to recognize,
is usually very restricted. To our knowledge, the only works in the CBIR field
that have used the Zernike Invariants have been Novotni and Klein, applying
3D Zernike Descriptors for 3D object retrieval [Bl6], Kim et al., who work with
a restricted subject database of binarized images [7], and Lin and Chou [8] who
work with a reduced database of color images but only report results about com-
putational cost, not including any measure of recall or precision. On the other
hand, the main drawbacks of Zernikes moments are both the computational cost
and the approximation errors. Lately, there have been a few works trying to

solve or minimize this disadvantages [QUIOITTITZ].

Based on the good results achieved in previous CBIR experiments with color
based primitives using a multiresolution representation of the visual contents
[13], in this paper is also studied the application of a wavelet transform to ob-
tain a multiresolution representation of the shape based features searched. The
development of wavelet transform theory has spurred new interest in multires-
olution methods and has provided a more rigorous mathematical framework.
Wavelets give the possibility of computing compact representations of functions
or data. Additionally, they allow variable degrees of detail or resolution to be
achieved, as well as are attractive from the computational point of view [T4JT5].
Analysis and diagonal detail coefficients of the image’s wavelet transform have
been used. The resulting primitive is a feature vector composed of the values
computed at each resolution level of the transformed image, obtaining a more
robust representation of the image contents.

Section [2] describes some background about the Haar transform, the wavelet
transform used in the work herein presented, and the different feature extraction
techniques implemented. Section [B] analyzes some implementation details of the
implemented primitives. Section @] shows the experiments performed, presenting
the success rate achieved for each primitive as well as discusses these results.
Finally, conclusions are presented in Section [

2 Description of the Implemented Primitives

2.1 The Haar Transform

Wavelet transforms can be seen as a reformalization of the multiresolution meth-
ods of the 80’s [I6II7]. The information they provide is very similar to that ob-
tained from Fourier-based techniques, with the advantage of working with local



946 P. Toharia et al.

1
{HiF_D @ .
\LoF_D @ al |HiF D
LoFﬁDA@_ﬂr‘

(a) Analysis process (b) Synthesis process

Fig. 1. Scheme of a wavelet transform

3Je[e]
PPREC
I ray

(a) Original image. (b) Wavelet trans- (c) Wavelet trans- (d) Wavelet trans-
Resolution level form. Resol. level form. Resol. level form. Resol. level
n (512 x 512) n—1(256x256) n—2(128x128) n—4 (32 x 32)

Fig. 2. Non-standard Haar transform of a 2D color image

information using base functions with compact support. Wavelet transform co-
efficients show variations in object features at different resolution or scale levels
[TAUTRITII20]. Roughly speaking, the detail coefficients of the wavelet transform
can be considered as a high-frequency extraction process of the objects appearing
on the images, while the analysis coefficients behave complementary: the lower
the resolution level, the more homogeneous the regions they produce. This could
be equivalent to a successive application of low-pass filters with a signal sub-
sampling operation (see Fig. 1(a)). The inverse of this process allows the recon-
struction of the original signal by the so-called synthesis process (Fig. 1(b)).The
result of this transform is a series of images where four regions of coefficients
are obtained at each step: analysis coeflicients (top-left, Fig. 7 vertical de-
tail coefficients (top-right, Fig. , horizontal detail coefficients (bottom-left,
Fig. and diagonal detail coefficients (bottom-right, Fig. 2(b)).

The Haar transform will be used as a tool to extract some features of the
transformed image that will allow a discrimination process to be performed be-
tween the queries and the images stored in the information system. The low
order complexity of this transform, O(n), allows an efficient implementation of
the whole process.
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2.2 Zernike Invariants

Zernike invariants have been selected because of its demonstrated good perfor-
mance in object recognition problems [2T/22].

In 1934, Zernike [23] presented a set of complex polynomials Vj,, (z,y) that
were defined inside a unity radius circle (22 + y? < 1) in the following way:

Vo (2,9) = Vo (p, 0) = Ry (p) €™ (1)

where V,,,,, is a complete set of complex polynomials, n is a positive integer value
n > 0 that represents the polynomial degree and m is the angular dependency,
p and 6 are the polar coordinates of the Cartesian coordinates (z,y) and Ry,
is a set of radial polynomials that have the property of being orthogonal inside
the unity circumference. The values of n and m have the following relation:

(n—|m|]) mod 2=0 and |m|<n (2)

and the radial polynomials have the following expression:

m—|n|

s=0 s!

(m —s)!
]

Starting from Zernike polynomials and projecting the function over the or-
thogonal basis composed by the polynomials, the moments can be generated in
the following way:

1
A =" // f@,y)Vim (@, y)dady  with 2® +3° <1 (4)
m z24y2<1

The discretization needed to work with digital data can be done straightfor-
wardly:

m-+1
Apn, = . ith 2 +y* <1
- gj}yjf@,y)vnm(a:?y)dxdy with o?+y2 <1 (5)

Figure [ shows the reconstruction of two example images using Zernike moments
of several orders.

From these functions, we compute the modulus to obtain the p different in-
variant values for each considered case. The invariant values are used to create
a vector of p elements ZI; that collect the shape information of an image ¢. For
example, in the case of polynomials of 10" degree, p would be 36.

2.3 Signature Based on Zernike Invariants

The visual contents of the images are transformed into a vector of some fea-
tures, named signature, that aims to collect some discriminant information of
the original data.
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Fig. 3. Original images and reconstructions obtained working with Zernike moments
of orders 3, 5, 10, 15 and 20

Firstly, a primitive based on the Zernike Invariants extracted from the original
image has been implemented, in order to compare the multiresolution primitives
studied in this paper with the results achieved without applying the Haar trans-
form, as it has been traditionally done in object recognition environments.

Also, the invariant values computed from polynomials of several orders have
been tested. The signature is generated concatenating the invariants extracted
until the maximum polynomial degree considered. A simple vector of scalar
values is obtained.

2.4 Signature Based on Zernike Invariants over Analysis
Coefficients

The analysis coeflicients of the Haar transform have been selected to compute the
Zernike invariants over different scales of the original image. Analysis coeflicients
retain a coarse description of the objects’ shape as can be observed in Fig.
Once the sequence of lower resolution images is obtained, we compute the Zernike
Invariants over the analysis coefficient region at each resolution level. The final
step is to compose a vector as explained in the previous section, so as to collect
the original image’s multiresolution shape information.



A Study of Zernike Invariants for Content-Based Image Retrieval 949

(0,0) (M.9) -L1) (1.0

0,0)

ke

MxN Image ‘

(0.N) (M.N) (-1,-1) (1.-1)

Fig. 4. Inscribing Zernike’s polynomial definition domain into rectangular images

2.5 Signature Based on Zernike Invariants over Analysis and
Diagonal Detail Coefficients

The choice of the diagonal coefficients is due to the fact that the diagonal re-
gion, right bottom squares in Figure[2 at each resolution level, gathers high-pass
features on both vertical and horizontal directions. This feature should be an ad-
ditional discriminant element when dealing with images of similar appearance.

3 Implementation Analysis

As it can be deduced from Egs. [B] and [l the computation of invariants is a
very high demanding task from a computational point of view, so different order
polynomials have been tested in order to verify if their responses are significantly
different. The only Zernike invariants computed online are those of the query
image, so this approach is completely feasible in a real-world CBIR system.

Another issue faced in the implementation is mapping the images’ rectangu-
lar domain to the circular space where radial polynomials are defined (Eq. [).
The unity radius circle has been inscribed into the image, so its corners have
been discarded under the assumption that they do not usually contain relevant
information about the scene (Fig. [).

When working with gray-level images, the original image’s wavelet transform
gives all the information needed to compose the signature representing the im-
age’s contents. Joining together Zernike invariant values for all the considered
regions and all the resolutions levels, a vector of features collecting the intensity
of the input data is obtained. When dealing with color images, as it is the case
in the RGB color space, the process described for the monochrome images must
be applied over each one of the color channels.

4 Experimental Results

The main objectives of the tests are to measure and analyze the implemented
features recall and precision values achieved by the implemented features. The
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classical definitions of recall and precision have been used:

True positives

Recall = (6)

(7)

True positives + False negatives
.. True positives
Precision = .. "
True positives + False positives
For the experiments presented in this paper two different databases have been
considered: our self-made color database and a public one.

4.1 Self-made Color Database

Experiments setup. For computational purposes, instead of using a larger
database as ALOI is, a small one previously available has been used. This
database has been used for preliminary tests in order to extract some conclusions
about the influence of the moments’ order considered in the Zernike invariants
extracted for obtaining the signature. The same color database described in [24]
has been used. It is formed by 298 RGB two-dimension 128x128 images collected
from different sources, like [25] or Internet. The test set was generated introduc-
ing images which share the same concept but look quite different from those of
the considered database and making affine transformations or selecting regions
of interest from the original database images. Following these guidelines, a test
set formed by 1655 two-dimension color images was obtained.

The experiments have consisted in querying all the images from the test set
in order to retrieve the associated image stored in the corresponding database,
which was selected as the representative image of its class in the query. For each
input image, the result from the search is a list sorted according to the level
of similarity of its signature with the signatures stored in the database. The
minimum distance classifier used is based on the Euclidean distance.

The aforementioned list contains the best m matches of the query.
FigureBl presents an example of the system response on a query to the TRECVID
database |26]. The most similar object appears on the upper-left corner of the
mosaic. In the example presented, the topic searched was “shots of one or more
soccers goal posts”.

Several tests have been performed considering all the parameters involved
in the Zernike invariants combined with the multiresolution representation de-
scribed above. The influence of Zernike invariants order on the retrieval results
has been studied due to the great computational load demand that involves
their computation. Orders 3, 5, 10, 15 and 20 have been considered. It must be
noticed that they respectively imply 6, 12, 36, 72 and 121 first invariants. The
behaviour of the wavelet coefficients over the proposed shape primitive has been
considered, taking into account the following configurations: analysis coefficients,
analysis plus diagonal detail coefficients.

Results analysis. Table [l shows recall values computed for all the primitives
herein described using the Euclidean distance as minimum distance classifier.
The suffix notation used in the method column in Table [l is the following:
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Fig. 5. Example of the output of the CBIR implemented system

Table 1. Recall values achieved over the whole set of Zernike based primitives

Primitive Recall Primitive Recall Primitive Recall
ZER 3 0480 ZMR CA 3 0.517 ZMR CA DD 3 0.517
ZER 5 0471 ZMR CA 5 0.514 ZMR CA DD 5 0.514
ZER 10 0474 ZMR_CA 10 0.510 ZMR_CA DD _ 10 0.511
ZER 15 0.460 ZMR CA 15 0.515 ZMR_ CA DD 15 0.515
ZER 20 0.460 ZMR CA 20 0490 ZMR_ CA DD 20 0.503

— ZER: Zernike invariants.

— ZMR: Zernike invariants with multiresolution information.

— CA: Analysis coeflicients of the Haar transform.

— CA_DD: Analysis and diagonal detail coefficients of the Haar transform.
— number: order of the Zernike moments used.

As it can be seen, several order values for the Zernike Invariants computation
have been tested.

An analysis of Table [[] shows how the obtained results are not influenced by
the order of Zernike moments since the recall value is quite similar in all cases.
It can be seen that the best results are achieved using invariants computed with
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Table 2. Basic characteristics of the ALOI’s subsets ILL, COL and VIEW

Subset Variations Images
ILL 24 illumination variations 24000
COL 12 illumination variations 12000
VIEW 72 illumination variations 72000

low order moments. The reason for this might be the more significant informa-
tion carried by low order moments (up to order 15) during the reconstruction
process, as it can be observed in Figure Bl In that case, those low order moments
would be basically determining the main difference between two images. On the
other hand, the use of multiresolution approach improves the information pro-
vided by the Zernike invariants computed over the original image, although this
improvement is not as remarkable as the one obtained when the multiresolution
approach has been applied to color primitives [I3]. The explanation for this be-
haviour comes from the fact that low resolution levels are not sharp enough to
significantly contribute to the discriminant power of the primitive.

4.2 ALOI Database

Experiments setup. Taking into account the results obtained using our self-
made database a new experiments setup with the Amsterdam Library of Object
Images (ALOI) |27] database was established. It will allow to do a deeper study
about the behaviour of Zernike-based primitives as well as to obtain more ex-
haustive results.

The ALOI database is a color image collection of 1000 small objects. This
database is divided in different subsets depending on the parameter varied at
capture time (color, illumination, view-angle, etc.). From the available subsets,
the main three of them have been chosen for our purposes: illumination direction
(ILL), illumination color (COL), object viewpoint (VIEW). Table 2 shows some
basic information about these subsets. More detailed information and examples
of the captures can be found on [27].

The ALOI database does not provide a separated query image set. For this
reason, the experiments have consisted in using each image to query a target
database formed by the rest of the images. In order to evaluate recall and pre-
cision in this scenario the number of retrieved images has to be fixed. Different
values for this number have been evaluated in order to obtain the behaviour
tendency of each primitive.

Another aspect to be taken into account is that the three subsets (COL, ILL
and VIEW) have different number of relevant images, so results from different
subsets can not be directly compared. For example, retrieving 100 images from
VIEW could have 72 relevant images, while retrieving the same number of images
from COL could at most have 12 relevant ones. Under this scenario, recall and
precision values would be biased. Since the number of relevant images per object
in each subset is well known, a percentage of this number can be used instead
of the number of retrieved images so as to be able to do that comparison.
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Considering the previous experiments over the self-made database, we have
selected order 15 Zernike moments to build the Zernike invariants primitive run
in the experiments over the ALOI database. From our point of view, they of-
fer a promising trade-off between discriminant power and computational cost
that will allow to extract a better performance to the multiresolution approach.
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Zernike-based primitives have been compared to some other multiresolution
primitives developed and tested in previous works:

— Multiresolution energy-based primitive (EN2) [24].
— Multiresolution histogram primitives [I3]:
e Global multiresolution histogram over analysis coefficients (HIN).
e Local multiresolution histogram over analysis coefficients (HRN).
e Global multiresolution histogram over analysis and detail coefficients
(HAD).
e Local multiresolution histogram over analysis and detail coefficients
(HRD).
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Results analysis. Figure[f] presents the achieved precision and recall values for
the three different ALOI subsets (COL, ILL, VIEW). The abscissa axis shows the
number of images taken into account to calculate the precision and recall values.
To be more precise each abscissa value stands for a percentage of retrieved images
compared to the a priori known number of relevant images, i.e., 100 means 12
images for COL subset, 24 for ILL and 72 for VIEW. This is done in order to
be able to compare the results among subsets.

Figure [0 shows the same data than Figure [f] but in this case the recall and
precision values are depicted one against the other. This graph allows to see the
behavior of the precision value together with the behavior of the recall value.

Results show that shape-based primitives, ZER and ZMR, outperforms the
rest of primitives when using this database. In particular these two primitives
achieve excellent results when dealing with the COL subset data. It can be seen
that their precision and recall graphs shown in Figure are almost the ideal
graphs, achieving recall and precision values of 1 when retrieving 12 images (that
is, a 100% of relevant images per object). On the other hand the performance of
these primitives using the other two subsets (ILL and VIEW) are also good (ZMR
and ZER are the best results for ILL and VIEW respectively) but not as much
as the values achieved when using COL. This can be explained easily taking into
account the fact that the variation of the color properties does not change the
perception of the captured object’s shape, leading to a very good performance.
However, when using ILL and VIEW subsets, images’ shape changes because
of the shadows produced by the variation of the illumination direction, what
makes shapes to appear different. A viewpoint variation has the same effect if
the object is not “symmetric”.

Comparing the results achieved by the multiresolution shape approach (ZMR)
against the non-multiresolution (ZER) it can be stated that the results achieved
are quite similar except in the ILL subset in which the ZMR performs slightly
better.

5 Conclusions and Ongoing Work

The application of a shape primitive to a content-based image retrieval system
using a multiresolution approach has been studied over two different databases.

The shape primitive based on Zernike invariants has achieved interesting re-
sults using low level order polynomials, diminishing the main drawback of this
technique: its demanding computational cost. In the particular case of dealing
with color changes the Zernike-based primitive has shown an excellent perfor-
mance. The use of multiresolution information in the Zernike based primitive
has improved the results in some cases but has never given a big increase with
the databases tested.

It has been shown that increasing the order of the moments used in the ex-
periments does not guarantee an image with enough detail for discriminating
purposes, as can be deduced from the examples presented in Fig.
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Using Zernike moments up to order 20 on a database composed of images
related to so different topics and themes has not improved the results in com-
parison to low order moments. It must be noticed that the examples found in the
available bibliography apply Zernikes to a set of images in a restricted domain
or do not report any results about recall but from a computational cost point of
view.

Further research on multiresolution primitives will allow, on one hand, the
use of additional wavelet basis to achieve a more compact representation of
the multilevel information without loosing discriminant capacity. On the other
hand, it will contribute to an improvement on the behavior of the Zernike based
primitives. To conclude, the use of alternatives for combining both primitives
will also be studied in the near future.
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