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Abstract one image available or it can be easily acquired.
These additional images could be perfectly used to
In the past decades most object recognition systenggin more information about the scene and the ob-
were based on passive approaches. But in the lasérved objects. This is one reason, why research
few years a lot of research was done in the field ohas focused on active object recognition recently
active object recognition. In this context there ard2, 4, 5, 9, 13].
several unique problems to be solved. One of them One of the most important aspects in active ob-
is how to fuse a series of images that might differ inject recognition is the fusion of a sequence of im-
their viewpoints. ages taken from different viewpoints to obtain an
In this paper we present a well-founded approacloverall classification and localization result that im-
for the fusion of multiple views based on a recursiveproves over time. Actually, this is what one ex-
density propagation method. It uses particle filterpects from our human visual system — collect and
for solving the fusion in a continuous pose spacemerge information. These circumstances where
Furthermore we will show by means of a statisti-several images are available to a computer vision
cal object recognition system how to integrate suctsystem can be observed in a lot of today’s appli-
systems into our fusion approach. cations. Think, for example, of robots that move
The experimental result will show, how the fu- around in real world environments to perform ser-
sion can improve classification rates substantial, estice tasks. Such tasks require a continuous fusion
pecially for difficult conditions like heterogeneous of the images taken by the robot — preferable in real
background within real world environments. time. Other situations where a fusion of multiple
views might be helpful is when one has to deal with
. ambiguous objects (for which more than one view
1 Introduction might be necessary to resolve the ambiguity) or het-
erogeneous background.
Passive approaches for object recognition have been |, this paper we present a general fusion scheme
in the center of research in computer vision withins5ed on [6]. There are three main reasons for ap-
the last decades. One of the main properties is thfﬁlying the Condensation algorithm. First, during
a decision for a certain class and pose or a rejectiofysion one has to deal inherently with multimodal
must be made based on a single image. Althoughistriputions over the class and pose space of the ob-
such passive approaches are sufficient for the 5°|‘jbcts. Second, moving the camera from one view-
tion of many computer vision problems as showrygint to another will add uncertainty in the fusion
in a lot of applications in the past, they neglect they gcess as the movement of the camera will always
fact that in many fields there is usually more than,e gisturbed by noise. This is especially true for ap-
*This work was partially funded by the German Science Foun-plications where the information about the camera
dation (DFG) Graduate Research Center 3D Image Analysis anthovement is obtained from a robot’s odometric in-

Synthesis _ _ formation. Thus, this uncertainty must be taken into
TThis work was partially funded by the German Science Foun- t when fusing th ti ith th

dation (DFG) under grant SFB 603/TP B2. account when fusing the current image with the re-
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to model the involved probability distributions in clusions for a non-observable stgteof the object.
closed form, especially if multiple hypothesis, i.e.This stateq, must contain both theliscrete class
multimodal distributions, shall be handled. Theseand thecontinuous pose of the object. This fact is
three aspects are strong criterions that the Condeimportant for the further proceeding.
sation algorithm is perfectly suited. Especially, the In the context of a Bayesian approach,
ability to handle dynamic systems is advantageouthe knowledge on the object's state is
because in viewpoint fusion the dynamics is givergiven in form of the a posteriori density
by the known but noisy camera motion between twg (g, | f», @n—1, frn-1,--.,a0, fo) and can be
viewpoints. calculated from

In Section 2, we will present the theoretical back-
ground of our fusion approach based on the Con- p(@u|fn,@n—1,...,a0, fo) =
densation algorithm. We will also describe the re- 1

: ot : ” —p(gnlan—1, fn-1,...) p(fnlgn) (1)
guirements to existing object recognition systems ko y 2
needed to allow an integration into our fusion ap- ()
proach. A statistical object recognition system
based onwavelet features, that was successfully""here kn = p(fn,an-1,...,a0, fo) denotes a
used together with the fusion approach, is presentégprmalizing constant that is left out in the follow-
in Section 3. The performed experiments in secing considerations. Under the Markov assumption
tion 4 will show the practicability of our method
in the context of classification of objects with het- P(@nlgn-1,@n-1,...) = p(gn|@n-1,an-1)
_(Ia_rhogeneous b_ackground n rgal Wo_rld envlronmer_nsf.or the state transition, the terfs) within (1) can

e results will show a significant improvement in . .
recognition results. Section 5 will close this paperbe recursively rewritten as
with a conclusion and a short outlook to further in-

vestigations. p(@nl@n—1, frn-1,...) = /p(qn|qn71,an71)~
9n—1
2 Fusion P(@n-1|fr—1,Qn-2, fn—2,...)dgn-1 (2)

Active object recognition extends the classic pasit is obvious that this probability depends only on
sive approach in a manner that object classificatiothe camera movement,—:. The inaccuracy of the
and localization is based on a sequence of images mamera movement is modeled with a normally dis-
matter whether they were taken randomly or in arfributed noise component.

intelligent way. These images are used to improve If continuous components in the stagg can be
the robustness and reliability of the object classifi-avoided, the integral in (2) can be simplified to
cation and localization. In this active approach ob-
jectrecognition is not simply a task of repeated clas-
sification and localization for each image, but a well
directed combination of the information acquired so
far with the current image. As one will see in the P(@n-1]fn-1,@n-2, fn2,...) (3)
following section, the fusion can be formulated as

the recursive propagation of densities over time and can easily be evaluated in an analytical way.
propag " For example, to classify an object of clags in

a sequence of images with i.eg, = (£2.),
2.1 Density Propagation with theConden-  p(gn|gn—1, an—1) in (3) degrades to
sation Algorithm

planlan-1, fo-1,--) =Y p(anlgn-1,an-1):

dn—1

_ 1 if gn = (gn-1 4
In active object recognition a series of observed im- P(anlgn-1,an-1) = 0  otherwise )

agesfn, fn—1,--., fo of an object are given to-

gether with the camera movemenis_1,...,ao  since the object class does not change if the camera
between these images. Based on these observatiaesnoved, and consequently (3) must have an ana-
of images and movements one wants to draw corlytically solution.
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But if one wants to use the fusion of multiple with A7¢™ denoting the relative changes of the
views in a general way with the possibility of con- viewing position of the camera.
tinuous pose parametersgn it is no longer possi- In our experimental setup (see image "O” in Fig-
ble to simplify (2) to (3). ure 3) we have only one degree of freedom. The

The classic approach for solving this recursivecamera can move on a circle around the object with
density propagation is the Kalman Filter [7, 1]. Butan angle'¢™ € [0°;360°) describing the pose of
in computer vision the necessary assumption fothe object.
the Kalman Filter (f.|g») being normally dis- In the practical realization of the Condensa-
tributed) are often not valid. In real world applica- tion, one starts with an initial sample sk =
tions this density(f.|g.) usually is not normally  {(y?,p?), ..., (y%, p%)} with samples distributed
distributed due to object ambiguities, sensor noiseyniformly over the state space apfl = 1/K. If
occlusion, etc. This is a problem since it leads tahere is some knowledge available about the distri-
a distribution which is not analytically computable. bution in advance the samples can of course be dis-
An approach for the complicated handling of suchributed non-uniformly. For the generation of a new

multimodal densities are the so called particle fil-sample se¥’™, samplegy;* are

ters. The basic idea is to approximate the a poste-

riori density by a set of weighted particles. In our
approach we use the Condensation algorithm [6]. It
uses a sample s&, = {(y1",pl). ..., (yik, pi)}

to approximate the multimodal probability distribu-
tion in (1). Please note that we do not only have
a continuous state space fgy, but amixed dis-
crete/continuous state space for object class and
pose as mentioned at the beginning of this section.
The practical procedure of applying the Condensa-
tion to the fusion problem is illustrated in the next
section.

2.2 Fusion of Multiple Views with the
Condensation Algorithm

After the presentation of the density propagation
theory we will show how to use the Condensation
algorithm in a practical realization of sensor data
fusion of multiple views. As noted above we need
to include the class and pose of the object into our
stateq,, to classify and localize objects. This leads
to the following definitions of the state

an = (QK, 6. ‘]qﬁ”)T )
and the samples
yi = (2000 e @

where’ ™ denotes the pose of theth degree of

1. drawn fromY ™! with probability

n—1 K n—1
DD ®)
2. propagated with the state transition model

)

with r; ~ N(A%¢™, 0;) and the variance
parameters of the Gaussian transition noise
o;. They model the inaccuracy of the camera
movement under the assumption that the errors
of the camera movements are independent be-
tween the degrees of freedom. The variances
have to be determined in advance.

. evaluated in the image by

p(falyi) -

This evaluation is performed by the classifier.
The only need to the classifier that shall be
used together with our fusion approach must
be its ability to evaluate this density. In sec-
tion 3.5 we will show how (10) can be evalu-
ated by (16).

For a more detailed explanation on the theoreti-

n—1 T

Yi

n_

Y +(077’17"'7TJ)

(10)

cal background of the approximation of (1) by the
sample set ™Y we refer to [6].

At this point we want to note that it is important

to include the class$?.. into the object statg,, and
the samplegy;'.

An alternative would be to omit
this by setting up several sample sets — one for each
object class — and perform the Condensation algo-

freedom for the camera position. The camera movegihm separately on each set. But this would not re-

ments are defined accordingly as

an = (4", .7A"¢”)T )

sult in an integrated classification/localization, but
in separated localizations on each set under the
assumption of observing the corresponding object

666



|

Figure 1: Feature calculatindeft: image with the grid size\r = 22. Right: the wavelet multiresolution
analysis was performed two times. Each grid point has exact one corresponding low-pass cdefficient
and three high-pass coefficienis . .2,— 2., from which the two dimensional local feature vector will be
computed.

class. Consequently, no fusion of the object clasmformation of the image could be stored in the fea-
over the sequence of images would be done. ture vectors. We can now define the set of all feature
vectors in the image:

3 Statistical Object Recognition C={ci,c2,....,cnm} (12)

In this section a statistical object recognition systeny?n€re/ is the number of local feature vectors in
that is successfully used together with the fusion ap€ image.
proach will be presented.

3.2 Bounding Region of the Object

3.1 FeatureVectors In natural environments the object takes usually

) o ) only part of the image area. The rest belongs to
To build the statistical model of any object we needyg background. In order to model the object den-

first to define the feature vectors. Two dimensionalsity function we do not need to regard feature vec-
local features are calculated with thavelet trans- tors that belong to the background. That is, why

formation [3, 8]. A grid with the sizeAr = 27°,  \a gefine for each object class in each training po-
wherebys is the scale ofvavelet transformation, is sition a bounding region. A close boundary is laid

laid over the quadratic imagg (Figure 1). On each 416nq the object (Figure 2). The feature vectors
grid point a two dimensional local feature vectdr  jnside this bounding region belong to the object and
is calculated. In this case we perfowttimes the 6 feature vectors outside the bounding region be-
wavelet multiresolution analysis: long to the background. When the object is rotated
and translated inside the image plagg.{, tin:)
Crm = ( Em1 ) = the appearance and size of the object do not change.
Cm2 This transformations are called internal transforma-
tions. To handle this case, the bounding region and
_ (IH(QS [bs,ml) ) (11) the object grid are moved by the same transforma-
In[2° (|do,s,m| + [d1,s,m| + [d2,s,m|)] tions as the object. The new positioms, in the
The valuebs. is the low-pass coefficient and objecF grid are calculatgd from the old grid points
do...2.s.m are the high-pass coefficients. Using the®m With following equation:
local feature vectors has an very important advan-
tage: If only one pixel changes in the image, e.g.
by noise or occlusion, only the local feature vectoravhereby R(¢in+) is the rotation matrix. For the
in a small region around vary. Owing teavelet external transformationgp., te.+) the size of the
multiresolution analysis the high-pass and low-passbject in the image varies. We have to model the

:D;n = R(Pint)Tm + tint (13)
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Figure 2:Left : all feature vectors within the bounding region belong to the objdaddle: under internal
transformations moves the bounding region with the same intern transformations as theRgfctinder
external transformations is the size of the object and the bounding region variable.

size of the bounding region as a function of thesavhere B,, comprehends the trained mean vectors
external transformations. For this purpose, We degtms = (fme1, tms2)” and standard deviation
fine for each local feature vecter, a function, that  vectorsem. = (omw1,oms2)” of the feature vec-
assigns the feature vector to the bounding region, dors cimx = (Cmr1, Cmn2)”, (¢, 1) are the trans-
to the background [12]: formation parameters and indexdenotes the num-

] ber of object class [10]. For internal transforma-
Em = Em(Pent, teat) = { 1 !f cm €0 (14) tions the mean valueg...1 , umr2 and the stan-
0 if em O dard deviationss.m.1 , omsx2 are constant. Un-

. . . . der external transformations the mean values var
O symbolizes the object bounding region. These y

. . - —and can be written as functions of these trans-
functions are calculated during training. We train :

. o . formations pime1 = fimr1(@Pext, text), fimnz =
these functions using images of objects taken |
from different viewpoints. During the recognition Hmi2 (Peat, Leat). 1N cONMrast to mean values we.

. C : model the standard deviation values as constant in
phase the size of the bounding region for a POSg

. . is case.

(@eat, test) is calculated by these trained func-
tions &m (Peat, teat). The internal and external
transformations could be written togethept = 3.4 Statistical Model for the Background

T T
int, Pex 1t - tzn 7tecv - . . .
(Gint, Peat) (Bine t) In our task the objects are situated in heterogeneous

o ) background. As a consequence the feature vectors
3.3 Statistical Model for the Object at the border of the object depend not only on gray

To handle noises and illumination changes in imalues in the object bounding region, but also on

ages we apply a statistical model. Each feature ved® Packground. Components of such feature vec-

tor ¢, is interpreted as random variable. We astors could sometimes have strongly different values

sume that the object features are statistically indel®M the components of feature vectors that were

pendent of the background features, so only obje@PServed during training. It has one very unpleas-
feature vectors have to be considered for the obje@nt consequence. The probabilities of such feature
model. We assume also the statistical independenc{FCtorsp(Cm|pmx, omsx, ¢, t) are in the recogni-

of the single feature vectors and their componentd/on Phase near zero. The density function of an
The components of the feature vectors are modellegPieCt (15) as product of the single probabilities

as normally distributed consequently. The densityS @ISO close to zero, i.e. a successful recognition

function for the object features could be written as:'S Impossible. To solve this problem we have in-
troduced a separate background model. The back-

p(C|Bx, p,t) = ground is modelled as uniform distribution over all
possible values of the feature vectors [11]. There-

= H plCm|ms, Ome, ,t) (15) fore, a priori, nothing has to be known about the
{m|€mr=1} background in the recognition phase. Every possi-
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Figure 3: A - yellow bear (external rotatid)?), B - red bear@°), C - yellow heart (°), D - red heart(@°),

E - yellow deer (°), F - red deer°), G - yellow “star-money” (°), H - red “star-money”{°), | - red bear
(90°), J - red bear180°), K - red bear 270°), L - yellow heart §0°), M - yellow heart (80°), N - yellow

heart £70°), O - complex scene with moving robot

ble background can be handled by the same backaoment of which is not precise. That is why the
ground density. objects were shifted in the image plane.

3.5 Evaluation of the Praobability 4 Experimentsand Results

The classifier, that is described in this section, must
be able to evaluate the density from the equatiohVe tested our approach on a data set that compre-
10. The imagef, has to be transform into the set hends 8 objects which are illustrated in figure 3.
of feature vector€” (12). The computation of the These objects are represented from different view-
feature vectors is described in the section 3.1. TheRoints.
we get the trained class modBl; from the first el- For the training the objects were put on a
ement of the vectoy* (6). The external rotations turntable, with0° < ¢.. < 360°, and from each
vector ¢...; could be also obtained from the vector object 270 gray value images wizh6> pixels were
y7 (6). We consider in our task one external rotataken by a camera mounted on a robot, so that we
tion, so it could be writtenpe.: = ((y7)2,0)%,  have one external rotation. The viewpoints are uni-
whereby(y;")2 is the second component of the vec-formly distributed on a circle and the angle between
tor y* and the second external rotation is alwaygwo adjacent viewpoints i$°. Besides three differ-
equal zero in our task. The internal rotation and exent lighting conditions were applied. Although we
ternal translation are equal zero. The evaluation ofised a dark background for taking the training im-
the probability (10) can be written as: ages the background was not homogeneous. For the
training of the bounding region we applied a thresh-
p(falyi') = maxp(C|Bx, ¢,t)  (16)  old value for each training image. All pixels with
o gray values under this threshold value were set to
As one can see in the equation above we had teero (black).
maximize the density with internal translations. The The experiments were performed on 180 images
test images were taken from a moving robot, thdor each class, i.e altogether 1440 images, thereby
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Classification Rates Certainty Diagram

0° 90° 180° 270°
1 90% 60% | 62,5% | 62,5%
51 725% | 70% 85% 75%
10 | 77,5% | 70% 85% 80%
15| 85% | 87,5% | 85% 80%
18 | 85% 90% | 82,5% | 85%

ected Class

Exp

of

ty

Probabili

16 18

B s P 0 1 14
Number of Fused Images

Figure 4: The classification rates in the colupth Figure 5: — algorithm starts with the image oA
were created when the fusion algorithm was StarteBosition,~ .. algorithm starts with the image #0°
with objects in the positio®°. The next column osition, - - - algorithm starts with the image in
contains the results of the fusion algorithm that wa 80° position, -- - algorithm starts with the image
started with objects in the positi@®)° etc. The left in 270° position.

column denotes the number of fused images.

the test images were different from the training im-is being used. The classification rates are presented
ages. The testimages were taken from a robot. Th& the table (Figure 4).
robot moved on a circle around the object and took In the 0° column in the table the classification
90 images of each object. The objects were locatetites are good also at the beginning of the fusion al-
on a box wrapped with a newspaper which is degorithm. In this case the pictures (bear red, heart
picted in the figure 3 O. The search area fgr;  Yellow etc.) are visible in the first fused image.
within the image plane as described in (16) was reFor example if our algorithm starts with the im-
stricted to+12 pixels in x- and y-direction. age in positiord0°, some objects could not be dis-
We took into account four different situations. tinguished at the beginning. First when the algo-
First, we started with experiments where the pic/ithm comes to the image with the object in the po-
tures on the objects were visible already on the firsgition (270°) the picture on the object is visible and
image in the fusion (arounef, figure 3A-H). Then the probability of the expected class and classifica-
our fusion algorithm was started with images wherdion rate become greater. Four example test images
the objects were rotated abcd® (Figure 3 | and could be seen in the figure 6. The objects in the im-
L). In this case a successful classification is impos@ges were correct classified although they are paired
sible at the beginning, because, for example, regearly identical. This is because we took into ac-
bear and red deer are identical. First when the piccount the fusion of more images in the recognition
tures on the objects become visible is the classificd?hase. An static approach for object recognition
tion and the probability value of the expected objectvould give in this case rather chaotic results.
class much better what you can see on the diagram. The training of one object class (270 images for
In the third situation the algorithm was started withthe training of the object model and 90 for the train-
images where the objects were rotated atiggf  ing of the bounding region) executed on Pentium

(Figure 3 J and M) and in the last case - abzza® Il (800 MHz) takes actually 14s. The recognition
(Figure 3 K and N). of one image on the same computer takes about a

The first part of the experiments is presented iMinute, hence the using of our algorithm in real-
figure 5. It shows the probability of the best classiMe applications is presently not possible.
(its certainty) against the number of fused images.
The number of fused images amounts 18 (the rotsd5 Conclusions
tion between two adjacent objects28°). As we
can see in the diagram the value of certainty inin this article we presented a powerful statistical
creases, what is expected from the fusion algorithmapproach for classification and localization of 3-D
At the beginning the fusion algorithm used infor- objects based on the fusion of multiple views. In
mations only about a couple of images and as timeontrast to passive approaches, where the decision
dragged on informations many a frames of imagegabout class and pose of an object has to be taken
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Figure 6: Example testimages and results: A - class: yellow bear, result: yellow bear; B - class: yellow deer,

A

B

C

result: yellow deer; C - class: red heart, result: red heart; D - red “star-money”, result: red “star-money”.

based on one image, we use more images. The ad6] M. Isard and A. Blake. CONDENSATION
ditional images are used to gain more information
about the scene and the observed objects. A gen-
eral fusion scheme based on the Condensation algof7]
rithm [6] was presented. In section 3 we described
the classifier which was used in our approach. To
build the statistical model of any object we defined [8]
two dimensional feature vectors. The feature vec-
tors were calculated with theavelet transforma-
tion. A close boundary around the object (bounding
region) was introduced to determine the object area
in the image. The statistical model for the back- [9]
ground was defined to avoid problems with occlu-
sions and heterogeneous background. The results
show that the using of information about more im-
ages makes the classification rate and the certainfg0]
better.
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