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ABSTRACT classification methods in order to define a generic methothfget

We present in this paper a study on target recognition. Taegfo 'ecodnition having these properties. We show the interetis
this work is to determine and compare different methods fioen ~ COMPination in order to get a good property of invariance. iWe
pattern recognition domain in order to be able to recognizaes Iuit(;atneititgr!s g}%ﬂ:ﬁggoegsy gg’l aﬁ?n?ce)re)rgr?gén?/r\};a;rseossze}
objects in an image. We suppose having detected by a segmen%rer?t metﬁodologieS' copmputa);ion gf the features on theoco
tion process a candidate object appearing with an unknoate sc of the object, on the Binar region or by using the gray-lefahe
or rotation. To be able to recognize this object, we have fast o\: Ject, yreg y using the gray
describe it by some features having the property to be iamaty  © ject.

rotation, translation or scale. Second, we have to realigeper-

vised classification in order to compare this unknown objeitt 2. PATTERN RECOGNITION

one from the knowledge database. We present some expegimen , L .

results for target recognition by comparing several festuclassi- fn order to recognize an object in an image, we need to make two

fication methods and methodologies. choices. The first one concerns the selection of a charstitefiéa-
ture of each object. This feature must have in general some pr
1. INTRODUCTION erties as invariance by rotation, scale or translation efdhject.

It can be directly computed on the original image or aftedsaa
The interpretation of images is still a complex problem asd i segmentation result as for example a contour detection. s€be
primordial in lots of applications (spatial, military, instrial and  ond choice concerns the decision criteria for the objeatgsition
medical). Since the beginning of the 80's, lots of researohkes among one of its known objects in the knowledge databaseusin
have been achieved for the conception of vision systemsdaror the previous features.
to recognize objects in an image [15]. An essential stageeros
the strategy of object recognition because an object caeaa@t 2.1 Features invariant by translation, rotation and scale
different places in the image or at different orientationd acales .
[21]. Several works have been dedicated to the definitiomaps ~ LOts of works have been achieved to solve the more general
descriptors invariant by rotation and scale [22]. problem of object recognition invariant by rotation andlecahere
exists several approaches. On the one hand, we find non-pti@am
In order to identify an unknown object, a supervised clas-Methods based on the projection of objects on an approgiieisis
sification method is generally achieved by taking into aetou Of functions. These methods are extensively used in the éild
these descriptors and a knowledge database. Object réioogni character recognition. Hu's moments [14], Zernike’'s mota¢ho]
consists therefore in extracting from the image a set of -charOf the Fourier-Mellin parameters [12] are such examplesaf n
acteristic features. These features as well as the type eof thParametric object features. On the other side, there existaods
different objects to discriminate are provided then to asifer, Pased on the use of neural networks for the object recognitio
in order to estimate the similarity of the unknown objecthwit invariant under a transformation group [22]. The idea isrespnt
another one in the knowledge database. This approach, conf the neural network during its training different orietidas and
bining extraction of descriptors and discrimination, haween Scales of the same object.
already extensively studied. Typically, in applicatiorfsimage ) o )
interpretation, classifiers such as neural networks [18] rearest In this communication, we are going to evaluate the perfor-
neighbor method [17] or methods based on probabilistic nsode Mance of two non parametric features : Fourier-Mellin parears
[1] are often used. These methods also showed their effigienc and Zernike's moments. These features showed their effigien
character recognition [4] and have been for a long time thetmo in previous studies [12]. We also evaluate the ability of S¥M
efficient methods. Support Vector Machines (SVM), based orgchieve an invariant object recognition under a transftiona
theoretical concepts developed by Vapnik [20] become otigre  group.
to maturity. Effectively, they proved to be very efficient fieal
problems such as color image recognition [6], face recamnitL.6]. Translation invariance

The objective of this communication is to evaluate some fea- In order to guarantee the translation invariance, thederies
tures, supervised classification methods and methodaldgiehe  are computed after a preliminary stage on the image. We seppo
conception of a target recognition system. First of all, peefor-  in this study, to process small images containing only orjeabb
mance of some shape descriptors, invariant by rotationslsion It is then possible to compute the barycentre of the objece W
and scale are studied. Second, we compare different sepdrvi can bring back the object on the center of the region of istdrg



translation.

Rotation and scale invariance

e Zernike’s moments are calculated as following, from the ob-,

jectg(p, 6) expressed, after interpolation, in polar coordinates:

Ajoq(0:0)= 22 [ [ 00.0) %q(0.0) pdpd0 (1)
where
po P IP (D [(psn pPe )
Zipa = S Ja/z st (p_Jaz_sn @

Complex momenté\ are known to be invariant by rotation and
scale. We used tr.MatIab implementation achieved in [5].

e Fourier-Mellin transform (FMT), that corresponds to thege
eralization of the Fourier transform with the group of pivsisimil-
itude is applied on the image in polar coordinates. Moreipedy,
we use the analytic extension of the FMT [12] given by:

_ _ dp
o(v V% g g(p,6) ——do (3
,q) = /9 oo Op ae " g(p,0) o (3)

withqe Z, v €R, and 0, € R},

This particular transformation avoids the divergence @& th
Fourier-Mellin integral that appears in most of the praatisitu-
ations. In [12], the following set of scale and rotation ingat fea-
tures has been proposed :

Ig(vaq) =

Mg (v, q)Kg(V,0) 4)

—1+i~

Kg(v,Q) = [Mg(0,0)] "% [Mg(0,1)] |Mg(0,2)|*  (5)

2.2 Supervised classification

For target recognition, in this work, we will focus on the text
of supervised learning. Our training st;,Y; },_;..,, where each

X; € RY andy; € {1,---,N} in the case where we try to recognize
N different classes, consists in all the previous featuresk the
class of each object in the knowledge database. Our olgeistiv
determine a functiorf (x) that estimates dependencies between th
x; and they, and that minimizes the risk of error classification for a

given pointx not belonging to the training database. There exists

several supervised learning methods among which we canignent
distance minimization based algorithms, Bayesian metf&jcand
connexionnist methods [2].

We present in this communication some results of objectyeco
nition by using these three kinds of classification methods.

2.2.1 Minimization distance

Every object clas€; is represented by the mean vector of features

denotedE[a;]. An object with a vector of features is affected to
theC, class if and only if:

i= argjinln D(a,E[a;])

(6)

2.2.2 Fuzzy classifier based on the k nearest neighbors

This fuzzy classification method defined by Charretl. [7] pro-
vides the definition of a degree of belonging of an unknowrectbj
without having anya priori knowledge on the distribution of obser-
vations. This method is particularly adapted when distidns of

the observations are unknown. This method is based on the Gre
nier's algorithm [7], whose principle is to calculate a putel vec-

tor where each component gives a degree of belonging to ahe of
classes.

2.2.3 Support Vector Machines

For two classes problemy; € {—1,1}, the Support Vector Ma-
chines implement the following algorithm. First of all, ttraining
pointsx; are projected in a spac#” (of possibly infinite dimen-
sion) thanks to a functio®(-). Then, the goal is of to find in this
space, an optimal decision hyperplane, in the sense of exiorit
that we are going to define [20]. Note that for a same traingétg s
different transformationsp(-) lead to different decision function.
The transformation is achieved in an implicit manner thattks
kernelK(-,-) and the decision function is defined as :

£

f(x):<W7(D(X)>+b:_Ziai*YiK(xivx)+b @)

with o € RVi. In SVMs, the optimality criterion to maximize is
the margin, that is the distance between the hyperplanehanmkgr-
est point®(x;) of the training set (see Figure 1 in the case where
®(-) is the identity function). Ther;* allowing to optimize this cri-
terion are defined by solving the following problem:

! 1/
mady, 3im1Gj — 3 37 j=1 40K (%, %))
with constraints,
0<ag <C,

Sl = 0.
whereC is a coefficient penalizing examples located in or beyond

the margin and providing to reach a compromise between their
numbers and the width of the margin.

®)

Originally, SVMs have essentially been developed for the tw
classes problems, however several approaches can be used fo
tending to multiclass problems [13]. The method we use ia thi
communication, is calledne against one Instead of learnindN
decision functions, each class is here discriminated fraotteer

one. Thus N(NZ Y decision functions are learned and each of them

akes a vote for the affectation of a new paintThe class of this
ointx becomes then the majority class after the voting [11].

Leaming Data and Margin
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Figure 1: lllustration of the SVM discrimination for lindgrsepa-
rable (on the left) and no separable data (on the right).
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3. EXPERIMENTAL RESULTS

whereD corresponds to a distance (in this communication, it is the

Euclidean distance). This classifier corresponds to a mebdamos-

In order to evaluate the efficiency of these different teghes, we

teriori classifier in the case where each class can be modelled byachieved different experiments for target recognitionliappions.

Gaussian distribution probability and where thpriori probability
of each class is the same [9].

The first one consists in recognizing some views of plane#fatd
ent orientations and scales. The second experimentatimists to



evaluate the performance of these techniques for the rémmgnf classified training points has been fixed to 1000. This value

3D planes from different 2D views. permits to guarantee that the number of errors during theiriga
phase remains low. The best parametrization of the fuzasifiar

3.1 Recognition of 2D objects is achieved for a high value &f we used in our experimenks= 13.

We used first of all, an image database composed of 10 plafgs [1 . . .

(see figure 2). We generated a set of 360 images of size@bpix- Recognition of binary objects

els for each plane by successive rotations of one degree.afigtn, ) . . )

for each orientation, two scales modification are appli€@¥42nd First of all, we used a binary segmentation result of this

50%). We had for our experiments a database of 10800 images félatabase for the training and recognition steps. An unknalject

each plane. is represented by its contour or a binary region. Figuresd4n

present the classification results of targets by using tloeypes of
invariants and the three supervised classification mettiesisribed
previously. One can note on the one hand, the efficiency of the
SVM for the recognition compared to the two other methods.

On the other hand, Zernike’s moments give in this case arbette
recognition rate (increase of 4 to 5%) compared to Fourietii
parameters. By using Zernike’s moments, we reach an ertelle
recognition rate equal to 99% with only 15 examples for edahg
(with different orientations and scales) in the trainingupd.

Figure 2: 2 examples in the target database

- . . As we could wait for it (in the measure where the quantity of

At the beginning, each image has been segmented to obtajtormation is less important), the classification resalts worst
the shape of the plane. Then, we calculate the Fourier-Melli yhep we use only the contour of planes (decrease in perfarnan
parameters and Zernike's moments for each picture. 'We havgs 5 o for the recognition rate). It shows the interest to ekl

thus one vector of 36 Zernike’'s moments and 33 Fourier-Melli e information in an image compared to the use of a segniemtat
parameters for each plane. result.

Our methodology for the discrimination of the classes isthe
lowing : from the previous database, a training set and s&t$tave
been created. The training database is composed, for e@at) of  For the recognition of 3D planes from 2D views, the training
a number ofN examples distributed uniformly on the three scalesdatabase is composed of 648 different views for each pleee (s
while the rest of database is used as test. Our experimensisto in Figure 5 some binary segmentation results).

in studying the performance of the different classifiersading to

the number of training examples.
Figure 5: Different views of a MIG29 plane for the traininggsie

3.2 Recognition of 3D objects

Zemike's features computed from image ~ Fourier-Melin features computed from image

Correct classification rate

Correct classifica

500 1000 1500 o500 1000 1500
Number of examples in the leaming database Number of examples in the learning database

(a) Zernike (b) Fourier-Mellin As previously, the image database is separated in a tragging
and a test set. We are going to use the same features andebe thr
previous supervised classification methods. For this prablthe

Figure 3: Performance of classifiers according to the nunaber SVM used is based on a polynomial kernel of order 2 (we have

examples for each class with features computed on the image ~ therefore a non-linear decision border) and for the samsorea
that previously, the penalization coefficient Gfis still fixed to
1000. For the fuzzy classification algorithm, we chi&se 11 (for

Zemike's features computed rom cortour " Fourier-elin features computed from contour computation time reasons). The Figure 6 presents the aveaig)

" of correct classification obtained on 20 tests. Each curfienigtion

of the number of examples, in the training database. We lemar

this time that the two types of features have an equivalemaier

and we reach a correct classification rate equal to 95% with 50

examples.

Correct classification rate

Contribution of the combination

0

500 1000 1500 - 500 1000
Number of examples in the leaming database Number of examples in the learning database

In order to identify the contribution of the combination\wetn
(a) Zernike (b) Fourier-Mellin the features and the SVM, we achieved one experimentation of
recognition on the same database by using as a charactersti
) » . an object, the image itself. In this case, each target issgmted
Figure 4: Performance Of. classifiers according to the nunolber by a vector of size 6% 65 corresponding to the value grey-levels
examples for each class with features computed on the aontou  of each pixel. Classification results are not better than 20%
good classification rate putting in evidence the interesthaf
A multiclass SVM based on thene-against-onavith a linear  combination of these two approaches instead using only\#hé. S
kernel was used first. The penalization paraméeof badly



Zemike's features (3D database) Fourier-Melin parameters (3D database)

sification rate
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(a) Zernike (b) Fourier-Mellin
Figure 6: Recognition of 3D objects

Recognition of grey-levels objects
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We also tried to recognize the same targets by using the greyg]

levels of each plane. We present in the figure 7 the classdicat

results by using the Fourrier-Mellin parameters (Zerrskebments
give similar results) with the 3 classification methods. Weamed
a good increase of the performance of recognition of order 5%

3D Recognition performance

Number of leaming examples per class

Figure 7: Recognition of 3D objects by using grey-levelgéts

4. CONCLUSIONS AND PERSPECTIVES

We studied in this paper different methods for target reamgn
We combined invariant features and one supervised classific

(9]
(10]

(11]

(12]

(13]

(14]

(15]

method. We put in evidence on the one hand, the efficiency of16]

Zernike's moments and Fourier-Mellin parameters. On theiot

hand, the performance of the SVM has been highlighted with

regard to a fuzzy classifier using the K nearest neighborsttaad

minimization of a distance. We obtained on a significant ienag

database excellent recognition results of 2D planes and gesuilts
from 2D views of 3D planes.

Perspectives of this study concerns the quantificationeoirth

pact of a background all around the object and screenindqreb
for the target recognition.
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