International Journakaf/omparctisiarul 4,5 2441005,
© 1995 Kluwer Academic Publishers. Manufactured in The Netherlands.

Visual Learning and Recognition of 3-D Objects from Appearance
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Abstract. The problem of automatically learning object models for recognition and pose estimation
is addressed. In contrast to the traditional approach, the recognition problem is formulafei as oime
of matching appearance rather than shape. The appearance of an object in a two-dimensional image
depends on ity situpr; reiftvtames properties, puse i die scene, and’ die 1iluminarion conaltions.
While shape and reflectanuce aree Lutrnmier propeetiiss o2l CONBEARST L00™ o 1 IRRIT Lbfvely poses ant
illumination vary from scene to scene. A compact representation of object=appearnTer-is-proposed==
that is parametrized by pose and illumination. For_each ohiect,of interest. a Jaree set of images,is. ..
obtained by, autcumiiianiiy; vy masic anilifhuminahian., TINN, IIRMEL O L TURRANSEUL A AR
low-dimensional subspace, called the eigenspace, in which the object is répresemed @5 « mamroiti:

Given an unknown input image, the recognitiofi Systetn projeces the image to* eigeNspace. ~The object
is recognized based on the manifold it lies on. The exact position of the projection on the manifold
determines the object’s pose in the image.

A variety of experiments are conducted using objects with complex appearance characteristics.
The performance of the recognition and pose estimation algorithms is studied using over a thousand
input images of sample objects. Sensitivity of recognition to the number of eigenspace dimensions
and the number of learning samples is analyzed. For the objects used, appearance representation in
eigenspaces with less than 20 dimensions produces accurate recognition results, Wwith, 1, WRnmga nese
estimation error of about 1.0 degree. A near real-time recognitinr spsikam witie 26" aampey sty
in the database fdas deen abvelopedal [iie paper 15 concludea’ witfi a aiscussion.nu.varius JSSIES .
related to the proposed learning and recognition methadology,.

comput&r @it desigr (CADY maitls:  Post
objects of interest, however, do not coma with.
CAD models. Typically, a vision programmer is
forced to select an appropriate representation
for object geometry, design object models using
the representation, and then manually input this
information into the system. This procedure is
cumbersome_ang impracucal wnen a¢anng win'

1 Introduction

One of the primary goals of an intelligent
vision system is to recognize objects in an
image and compute their poses in the three-
dimensional scene. Such a recognition system
has wide. applications._ranging, from..visyal.ins

spection to aUHNOATOOS LAVIBATIONT TUT u Vvison™
system to be able to recognize objects, it must
have models of the objects stored.in-its memory.
In the past, vision research has emphasized the
use of geometric (shape) models (Besl and Jain
1985; Chin and’ Dyer 1Y8b) tor recognition. In
the case of manufactured objects, these models
are sonretiimear evaiutie and' aw il o ay

ldrgeseasutubfeenss urubieetswivitheonmpalagee
ometric properties. It is clear that recognition
systems.of the future urusi-be vapavie' vedoyair=
ing object models without human assistance. In
other words, they must be able to automatically
learn objects ot interest.

Visual learning is clearly a well-developed and
vivdl' coinpuiran® v ivibgica' visior sysiany. i d
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human is handed a three-dimensional object and

asked to visually memorize it, he or she would

rotate the object and study iy appraarames foar

different directions. While little is known about

the exact wgnreranwivin: and ieeinngquesused oy
the human mind, it is clear that the overall ap=-
pearance of the object plays a critical role in its

perception. Some recent psychophysical findings

indicate that the human visual.systam. repreasents.
objects by a set of two-dimensional views rather

than a single object-centered three-dimensional

model’ (Tarr and’ Finker [Y¥Y, Eakiman er «l

1989).

In contrast to biological systems, maghinaci.-
sion systems today have little or no learning
capabilitics. Only recently has visual learning
for recognition emerged as.a topic.ofresearche..
interest. The following is a briefsyapling.ot.
recent results. Poggio and_Girosi.(Poggjo_and
Girosi 1990) have-caakjzed.thae genarab ponbo-
lem of learning a function.from. a. sef. of. data.
points. They proposed a three-layered natrwoky
called the regularization.ratwesk.thatlearnssha
mapping between an input gpace and an output
space. This network was used by Poggio and
Edelman. (Raggin and. Eda!maam YN, '@ ravg-
Iz Shresmondiont! vik: hues-irmmivre-
dimensional images. Subsequently, Edelman
and Weinshall (Edelman “and” W¥imshai' 1391)"
demonstrated the use of a.temdaysreduretwark. ..
for representing objects from multiple views us-
ing unsupervised Heébbidn reldxantin iy
a different approach, Turk and Pentland (Turk
and Pentland 1991) developed a,.face recngni-
tion system that uses principal component andi=
ysis to learn and recognize images of human
faces. Ullman and Basri (Ullman and Basri
1991) showed that three views of an object
can be used to represent its boundaries. The
projection of the object’s boundaries in other
views can be expressed as a linear combina-
tion of the three model views provided the
correspondence Jhetween naintg in all views, IS |
known. Using range images, Fan et al. (Fan
et al. 1987) have developed a system that auto-
matically generates surface descriptions of 3-D
objects for recognition. In the context of as-
sembly planning, Ikeuchi and Suchiro (Ikeugbi.
and Suehiro 1992) have proposed a system that
learns assembly sequences from range images

of a human operator in action and generates a _
program that enables a manipulator to perform
die saome it :

This paper presents a technique for automat-
laadly leapning thozz-dimencicnal sbjeste. from
hoser GEPOeREASes it thgodimenoienal. inageea
The appearance of an object is the combined
effect of its shape, reflectance properties, pose g

in. the. seene., and the illumination conditions.
Recognizing objecis fimam Urighitnass [Inages &
therefore more a problem of appearance maich-
iy radker dror sikgre matinimg Tiny ssave
tion lies at the cora of. @ wipdz. Wipile shape
agdure8actiace. "t RS reppetizs., that. do.
not changa. fon s Bgd dhjrat,. nesg and. illiumis i
nation vary, from_scene to scene. We approach
the, visnal Jearning.prphlem as_one of acaujring -
2 gawnact.madel of the, ohiecstls anpearance un-
der different poses and illumination directitias
Thaoobiact. s, “shouwll to the image. <epsor.in. i
several_orientations and illumination. dirastinns.
Thip~cca. bac 2scomplishada nsing,. fos, exampla,.
two_robot mamEAa ST pRCR I Mutae s reet
while the other varies the illumination direction.
The result is a very leoge: seh Sit diest 1mages. '
Thesa imagas, culd. aither, he usedd. direcsly, arn '
afieerloigegroocssedrtancalianac-ohiget chasias -I
teristics. Since all images i e ‘a-t* e af the |
SEATNTE~ UL LONBELHIVL" InTAges < ase womrdlatey
tn.a large degree. The problem. Lhan is to com- .I
press the large image set to a low-dimensional I

SEPTESNTGUE T LT RS D L POSOSnT T

A well-known image compression or coding
techniape is based o sgﬁnc'nn{-13mean¢’1t- sed-
ysteeZaseokrownras-tie=learhonen-oere-trane
form (Oja 1983; rFakunaga 19907, wis methoa’
computes the eigenvecrorsut anrintage»etr Tles
eigenvectors form an orthogonal basis for rep-
resenting individual images in the set. Though
a large number of eigenvectors may be required
for very accurate ressnpivuetenssfi-ai-3bjesh -
image, only a few eigenvectors are generally
sufficient to_canture. the significant abpearance
characteristics of an object. These eigenvectors
constitute the dimensions of what we refer to
as the eigenspace of the image set. From the
perspretive-oimecinime-visiom —te--sigenspees—
has_a_very, attractive_property, It is optimal _
in a correlation sense: If any two images from
the set are prajectad.to. eigenspace., the distaacs
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between the corresponding points in e]genspace
is @ measure of the similarity of the images in
the I norm. In machine vision, the Karhunen-
Loeve method has been applied primarily to
two problems; handwritten character recognition
(Murase et al. 1981) and human face recogni-
tion (Sirovich aimi Mertnv 2887 Thidv caeh Loy
land 1991). These applications llc within the do-
main of pattern classification and do not address
the problem..of. learing. cemplete.paremetrized:
models of objects.

In this paper, we develop a continuous and
compact representation of object appearance
that is parametrized by the variables, namely, ob-
ject pose and illumination. This new representa-
tion is referred to as the parametric eigenspace.
First, an image set of the object is obtatmed
by varying pose and illumination in small in-
crements. The image set is then normalized
in brightness and scale to achieve irivariatice 10
image magnification and illumination intensity, .
The eigenspace for the image set'1s constructed "
by computing the most prominent eigenvectors
of the set. Next, all object images (learning sam-
ples) are projected to eigenspace to obtain a set
of points. These points lie on a manifold that is

scale and brightness, such that it has the same
size and brightness range as the images used in
the learning stage. This normalized image is
first projected to universui' cigenspuce to 1akn-
tify the object. After the object is recognized,
the image is projected to the object’s eigenspace
afie™ it~ idcation™ o1 e projéction on the ob-
]ect s parametrized manifold determines its pose
in the scene. Two different techniques have
Beem-testedfor-determimiT i e e T
fold point, one is based on binary search and
other uses an input-output mapping network.

Object learning requires the acquisition of
large image sefs, and. the compdaticnallis ‘ntan.-
sive process of finding eigenvectors. However,
learning is typically done off-line and hence can
attord to be relatively slow. In contrast, recog-
nition and pose estimation are often subject
to severe time constraints, and the DLOD@SEsE 7
approach offers a very simple and computation-
~Hyvofigizat cslutionr  Dateeniee CRERELNTDRAR
tion has been conducted to demonstrate the
robustness of the parametric eigenspace repre-
sentation. We conclude with a discussion on the
merits: and* iimiainm o die propused’ itarning
and recognitiit ieuintiyae: -

parametrized by poST=aIHTITTITITOT. I OUT
implementation, the manifold is computed from
the discrete points using cubic spline interpola-
tion. Itis 1mportant to note that thispanmeic:
representaiioir off ar Ujeut iy vindined’ widtour
prior knowledge of the ob]ects shape and re-
flectance properties. It is generated using just
a sample of the object.

Each object is represented as a paramet-
ric manifold facmvrr Hfftrenan Agamsraes e
universal eigenspace and tie objErs own

2 Visual Learning of Objgeti~

1 1iis section we describe the learning of object
models using the parametric eigenspace repre-
sentation. First, we discuss the acquisition of
object image sets. Eigenspaces are computed
using the image sets and each object is repre-
SR a3%a” pat antetiic nTanToTd. fh‘rougnour
Ti§ section, we will use a sampla_~hisct to,0,.

eigenspace. The universetcigomnsnace  as.som
puted using image sets of all objects of inter-
est to the recognition system, and the object
eigenspace is computed using only images of an
object. The universal eigenspace is best suited
for dlse-rr'.m'.'a?..'.gﬁu'esten-u'o]‘ecrs' :
object eigenspace is better for pose estimation.
Recognition and pose estimation can be sum-
marized as follows. Given an image consist-
ing of an ob]ect of interest, we assume that
the object is not occluded by other objects and
can be segmented from the remaining scene.
The segmented image region is normalized-ime

Y e P - | »
m.u .vu;unué PIUCTSs.

2.1 Normalized Image Sets

While conettueting meme et s naas - ar

same size.

Each' digitizea” image 1§ tirst seg-
mented (using a threshold) into an object region

and a background region. The background is
asmgned zero brightness value and the object
region is re-sampled such that the larger of its
two dimensions fits a pre-seitvivd image size:
Wernowligvea sl norniaiized image. TATS
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image is written as a vector X by reading pixel
brightness values in a raster scan manner:

’EN]T (1)

This vector represents an unprocessed bright-
ness image. Alternately, processed images such
as smoothed images, first derivatives, Laplacian,
power spectrum of the brightness image, or any
weighted conrbhvation™ uf*>GUh" inTages: urag: hs
used in place of the brightness image. The im-
age type is selected based on its ability, to canture.
distinct appearance characteristics of the objects™
of interest.
ing the learning method we use raw brightness
images, bearing in nving~uat e sanre~ireriiva
is directly applicable to any image type.

Unlike an object’s shape and reflectance prop-
erties, its pose and illumination are expected to
vary from sce
conditions of the environment are constant, ap-.
pearance is affected only by object pose. Here,
we assume that the object is illuminated by the
enviromiman‘s ainvitain® ifginiing s weil' as one
additional distant light source whose directivar
may vary. Thus, all possible appearances of

the object can be captured by varying.its.pose

5(\ = [El,:’f{\g,...

Here, for the purpose @i=dcveiop='~"

i.e. image brightness is proportional to scene
radiance. It is also desirable that our recogni-
tion system be unaffected by variations in the
intensity of illumination or the aperture of the.
imaging system. Thisoceaubeu26biauedubyynGEn-
malizing each image, such that, the total energy
contained in the image is unity, i.e. x| =
This brightness normalization transforms each

L TRAS S TARE 8 A T AT AR ITARES

X = [$1,32,..4,$N]T @
wharoe

N
B, A=) 72 (3)

" A

bl*‘*

Tn =

The above described normalizations with respect
to scale and brightness give us normalized object

the following discussiqn., we will. simnly, refer. Q..
these as the object and universal set
In practice, image sets can be obtained in
aevenad waps: I Wte geometnieal amedelr and
rfﬂm!anr;v WARRATHAS °f Al Jhgﬁszn ata ey
its images for different pose and illumination
directions can be synthesized using well-known

and the light sou#sas dusssunr wWiir asapsant bv
the viewing direction of the sensor. We denote
each image as x(’) where r is the rotation or
pose parameter, l'is the illumination directino.,..
and p is the object number. The complete im-
age set obtained for an object is referred to as
the object image set:

EORRELRE) @)
Here, aomd £ e m‘e totd’ mumder o Aeredee
poses and. fiumnazion. ULISNERE,. TISREIUIBY.
If a total of P objects are to be learned by the
recognition system, we can define the universal
image set as the union of all object image sets:

21 ~(1) =(1 ~(1
{xﬁ\},.‘.,x%}l,xﬁg,...,xﬁz!}, 3)
~(2) ~(2) ~(2 (2

3 S 0 N 4 O

~(P ~(P ~(P

XEJ)v XEN’,XSZ),---,X%,L)}

It is assumed that the imaging sensor used for
learning-caderossgaiionhacs 4inewer oaponyss

eedaringy Hgeiitame Ten3; We- 2 AGUosauTeT
that object geometry and reflectance are given.
Instead, we assume that we have a sample of
each object that can be used for learning. One
AP ProacI i a I U uBE~ WY U uTdi pul £ 1018,
one grasps the object and shows it to the sensor
in different poses while the other has a light
source mounted on its end-effector and is use
to vary illumination direction.

In, v amrimeats, v inw cuesd b sty
shown_in Figure 1.. The ohiect. is nlaced. on.a
motorized turntable and’1ts pose 18 vanad, abat,
a single axis, .nAMOY, iha st i o e
turntable. The turntable position is controlled
via software and can be varied with an accuracy
of 0.1 degrees. Most objects have a finite fiun-
ber of stable configurations when placed ap..a.
planar surface. For such objects, the turntable
is adequate as it can be used to vary pose for
each of the object’s stable configurations. II-
luminaiur diraifur s vaiad osimg dhe xahat
manipulator seen in Figure 1.

Figure 2 shows half the image set obtained
Ty ronring-tireofeeir-rigare=rinvagir-os
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Fig. 1. Setup used to automatically 2oquire 1image sds Thre
object is placed on a motorized turntable.

discrete poses (4 degrees apart). Each. imaga
is 128 x 128 pixels in size @i is movmaizad i
scditand" Brightness as previously described A
similar image set is obtained for each illumi-
nation direction. In our experiments, we have
used a total of 5 light source directions. Each
object imageseviffererdre as a total ot 450 im-
ages. Note that these images can be discarded
after the object’s appearance representation is
compuitai:

22 Comping Kiganepacan

Our first step is to compress e idrge image sets
into low=dhmansivim' sudspaces that capture thie

ErO8S” appRarance” cNAracrerisucs or ‘onjéars. A:
-sturahle_camoressian teahajavs e Jhgeaonmife
Horluaendusese sxnanian ez SN, .
We compute two types of subspaces; the univer-
cal.elgersposethas ds~churimndu rom  tne umver-
sal maga set,. zad zbjest sigencgress snmputal
from individual object image sets..

15, 3zmpute- the- univemad sigmmnass dne ave
erage c¢ of all images in the set is subtracted
from each image. This ensures that the eigen-
vector with the largest eigenvalue represents the
IMEIBE 4P GPURRIRS or Wititit e vandamee o
images is maximum in the correlation sense. In
oter words, 1t 15 the most important dimension
of the eigenspace. A new image set is obtainei:
by subtracting ¢ from each image:

A 1y (1) (an P
= - eV ey - Sy =,
‘X’l""’]‘J""?'*’z,: T KR TG K — O
(6)

The image mateix X is NV.x M, swhere, M+ RID,
15 the total’ number of images in the universal
set, andn M i e aunminar ofF pisdy i et i
Next, we define the covaramre i
A
Q=XxXxT (N

This matrix is N x N, clearly a very large ma-
trix since a large number of pixels constitute

Fig. 2. Tmage set obiaméu oy rotating tne object n'Figure Labout.a single.ovis.. Thatsimagecs messloanddrighinosasormalinede
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an image. The eigenvectors e; and the corre-
sponding eigenvalues \; of Q arc determined by
solving the well-known eigenstructure decompo-
sition problem:

Ae; = Qay (8

el (L = 82.0)

€2 (A, = 34.0)

Though all N eigenvectors are needed to rep-
resent images exactly, only a small number
(k< N),is sgnerallv, sufficient for capfuririi_tihe"
primary appearance characterlstlcs of the objem's’
These k eiganxe

k eigenvalues of Q.,nnd..r'ovstJJuLf:vtbﬂ-nm\zersaL
eigenspace. How many dimensions should: the-
eigenspace have in order for us to represent im-
ages with adequate accuracy? One approach is
to select k such that the first k eigenvectors of Q
capture important appearance variations in the
image set, that is:

Tk
oA

where the threshold T is close to, but less than,
unity. Note that our covariance matrix is positive
definite and thus the eigenvalues are disu pos*
itive. For the objects used in our experimivins;

i‘ L= TARN

>T 9)

€3 = 19.9)

eo (4, =v4)

ed (A, =145) es (A; =107}

Fig. 3. Eigenvectors corresponding to the six largest eigen-
values computed for the image set shown in Figure 2.

tuned to the appearance of a single object. To _
this end, we compute an object eigenspace from
each of the object image sets. The procedure
for computing object eigenspaces is identical to
that used for the universal eigenspace. In this
case, the average c(®) of all images of object
p is subtracted from each of the object’s im-
ages. The resulting images are used to com-
pute the covariance matrix Q7). The eigenvec-

tors {e” | i = 1.2,...,k} of Q(”), correspond-

eigenspaces with 20 or less dimensions={e-<265
are fouwmi' we we qum:- Al S e ani-
versal eigenspace is computed using images of
all objects, it is tuned to discriminate between
images of different objects.

Computing the eigenvectors of a large ma-
trix such as Q can prove computatlonally inten-
sive. Practical “solitions 1o tis prooiém nave
been investigated in the areas of image com-
pression and pattern recognition. A few effi-
cient algorithms are described in Appendix A.
In our expacimants,. me. hauge vssdl W K.
algorithm (see Appendix A). The result is a
set of eigepxalnes. L.l i.= 1.2 ... k} where
{\ > A2 > -+ > A}, and a corresponding set
of eigenvectors {e; | i = 1,2,...,k}. Note that
each eigenvector is of size N, i.e. the size of an
image.

Once an object has been recognized, we are in-
terested in finding its pose in the image. The ac-
curacy of pose estimation depends on the ability
of the recognition system to discriminate between

different images of the same .abiect. _Hence. nose. __

estimation is best done in an eigenspace that is

ing to the k largest eigenvalues, constitute the
eigenspace of object p. As an example, Figure 3
shouis six.rigeovectors.(sbown..as imaggs)  com-
puted from “the image set in Figure 2. The
eigenvectors are displayed in descending order
of tirgirvigurnainenee

2.3 Parametric Eigenspace: Appearance
Representation

The appearance representation of object p is
CONSTHUCHEa” N~ universai ' cigenspace™ as  (oHUwSS
Each learning sample xg’;) in the image set of p
1S projéctéa 1o e crgerrspace Dy Tirscsavtractng~
the average image ¢ from it and finding the dot
product.of.the_result with_each of the eiggnvec-
tors (dimensions) of the universal eigenspace:

g =[ej,e,...,e]"(x =) (10)

Once again, the subscript r represents rotation
and [ the illumination direction. By projeetimg=
all Jearning sampoles in this manner, we obtain a
set of=discrete points in universai-eigenopees;——
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Since consecutive images are strongly corre-
lated, their projections in eigenspace are close
to one another.. The_ exact.reasons. for. this.
proximity are given in the following section.
This is in contrast to the geometriead “aopested
(Koenderink and van Doorn 1979) of an ob-
ject that change instantaneously with viewing
directinn, at. aesidantal, Wews,. fausing % weual,
event. Such aspect changes are caused by the
sudden appearance of previously occluded ob-
ject features such as faces. In our appgarance...
representation, changes in object aspect seldom
cause drwic dromgey ir corralniomr. O div
other hand, such changes may be expected when
the object is either highly specular or has high-
frequency texture. In such. cases.,an.incremental.
pose or illumination variation can cause dramatic
changes in iiivage “ongiumess: ~1n e aoseince ur
such effects, however, the discrete points g(”) de-
scribe a smoothly varying manifold in eigenspace:
(11)

g(P(6,62,...,0m)

Fig. 4. Parametric eigenspace represeutatioo.comnpted.sing,,

the image set shown in Figure 2. Only the three most
prominent dimensions of the eigenspace are displayed here.
The dots correspond to projections of learning samples.
Since illumination is constant in this case, appearance is
given by a curve with a single parameter (rotation) rather
than a surface.

where, 6,,8,,...,6,, are continuous pose and=i
lumination parameters. The above.manifald.is,
referred to as the parametric eigenspace repre-
sentation; it is a compact representation of the
appearance of object p. In practice, the number
of parameters used for pose and illumination can
vary. Therefore, depending vir dne appiicaiior,
the appearance representation may be a curve,
surface, or volume in k-dimensional space; we
shall refer to.this.geawetrical.lvarietyl. °$s'm5\!g -
a manifold. As stateg=—cadig™ Limver e
ments we rotate the object about a single axis.
Further, for eaw o nmpitameamaduor, nibimine-
tion dirssaenT i cINANEAT W7 o KRR STk A
three-dimensional space. Thus, the appearance
representation is a bivariate manifold:
8" (6, 62) (12)
In the pre
a standard cubic-spline mIf‘Jl'}.fﬂﬂ.TlDJ‘l algarithm.
(Press et al. 1988) to compute the above man-
ifotd-fromtirepoims g Tt Tramtotds o
two objects intersect in universal eigenspace, the
intersecitir corresponas 1o poses or°'tie o ot
jects for which their images are very sirritar=imr
appearance. Such images are inherently am-

bigyous: , they, simp]v, do_not _contain._sufficient. .
information for umyue st danifivainn
Using the above procedure, a manifold is also
constructed in the object’s eigenspace. Learning
samples are pogjoeted: onteonihios Faas ke Srnir
g DLATLN .

f(I’) [e(p) (p) e(v)‘le (»_ £12)

(2
\ *ri /

whveroe CEe o rpe AR e Pt L ee S e
object image set. Using cubic splines, the pomts
are Interpolated’ to obtain thie mamnitali:

A

lr.I

£7(6,,6,) (14)

This continuous manifold enables us to find poses
of the object that are not included in the learning
samples. It also enables us to compute accurate
pose estimates under illumination directions a
lig: im Betwesn the dlwessads snoss auedy e ke
learning stage.

CIEUTE & SMOWS ¢ clgenspace representaton
of the object.im.Figuae.l,. This~cigenagnass Wi~
compuite oty tiae nagecost i Siauasey Thae
e Snove onY; TinrsT T iR SO pniicon.
eigenvectors since it is difficult to display and vi-
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sualize higher-dimensional spaces. The appear-

4nce representetis i s Case I T Curve Tather
than a surface since illumination i$“constant ‘161

the image set in Figure 2. The dots on the curve

correspond te prejeetiono iy siintaurirages i
the learning, set.. The cantinueies suria- Bucsing
through the discrete points is paranrettizear sy
rotation, #;. A closed curve is obtained since

the object is rotated a full 360 degrees witn

increments of 4 degrees.

It is interesting to comparc the memory re-
quired to store the object image set and that
required for the manifold representation. Con-
sider, learning images obtained for 100 discrete
rotations and 100 discrete illumination direc-
tions. This gives us an object image set with
10,000 images where each image includes, say,
128 x 128 pixels. In contrast, the manifold-is de -
scribed by, 10000 Adiscretr pointsdmea cigesopaace
that has, say; ' alimensions. In thiix 2ace; dne
manifold representation yields a 1,600:1 com-
pression ratio. Of course, the 10 eigenvectars

age set. The individual coeflicients g, _are the
coordinates of the point g,,.
el NpuLEs are composed’ ot only k£ eigenvec-
tors. Since thesevipsormuassrorasan ‘e ak
idrgesteigenvalies, they represent the most sig-

mfican vavigiony widhir die Iinage set. Hence,

A GAT S dpproxXimated’ By the Hrst & terms in’
the above summation:
(16)

k
Xm ~ E Im€ + ¢
i=]

As a result of tie Brightness normalization
described in section 2.1, X, and x, are unit

vectors. The sifmiiarity Between thic two images

can be determined by finding the sum-of-squared-
difference. (SSI0), hatewasn. hrightaessalues i dne
wiidges. 1§ measure 18 extensively used in ma-
:hrjrw-’.iekmﬂfm*acﬂrr_fi-dre"match‘iﬁg,; esTAnsnIng,
CETEAARANINE T STITRUIYT sTereq., and taatiea,

tracking in mrovioIreSHINAUON. 1Y 15 Known (hat

SSIT“Can he relat H

corresponding to the largest eigenvalues also
need to be stored as' ditey represent e aimen-
sions ofrihtacigenspace:

ddcn' eigenvector how-
ever is only th EEEEES

2.4 Correlation and Distance in FEigenspace

Before we proceed to describe recognition and
pose estimation, it is worthwhilg-te-diseuss-senre
relev&:‘,i--propwﬁmns{"ﬁ.bﬂeigtmpate“m:arﬁg& -
tation. We shoW i tnis section that the distance
between two points in eigenspace is a measure
of correlation hetween. thie cnmaspradiag Bright-
ness images. Consider two images x,, and x,._
that belong to the image set used to compute
an eigenspace. Let the points g, and g, be
projections of the two images in eigenspace. It
is well-known in pattern recognition theory (Oja
1983) that each of the images can be expressed

% — Xh”&= & — xu)\Tl(xm — Xz} (17)

=2-2x!'x,

where, xI x, is the correlation.

Maximizing
correlation, therefore, corresponds to minimizing
SSD and thus maximizing similarity between the
images. Alternatively, the SSD can be expressed
ar ey o e e geTTS e POINTS g, and g, using -

'\l_'v(}}[:,‘\

k k 2
-Zamw‘Zafnw]

=1

Hx’m_ ‘.‘1“'2 "N"I

i=1

The right hand side of the above expression can
be simplified to obtain:.

k
E gm,-e'i

\2

k k
- S‘gn,-ei T(an — Jn )21

Note that our.

Cas -

=

»
*

in terms of its-profeetom

Ar
Xm = ngiei +¢
i=1

where ¢ is once again the average of the en-
tire“image set.” ITie above expression states that
the image x,, can be exactly represented as a

(15)

g 1
‘rk

k
=2 Y efe

i=1 j=1
x (gm,- = gn_,)z
—_— -
= 8m —gnl

3 2 " 1
=M = | [

(19)

The last simnlification Lesults.from-th v:bw”vv

weighted suTF T am cigenvectors of the im-

tors being GTTHOROMAT €, €; = I when 1 = 7, ana.
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0 otherwise. From (18) and (19), we get:
(20)

% = %ul* ~ llgm — &nl*
The above relation implies that the square of
the Euclidean distance between points g,, ana’
2. IS an appresimasizancdile=SSD Losrrenmiar
ages x,, and x,, . In other words, the closer the
projections are in eigenspace, the more highly
correlated are the images. This property of the
eigenspace makes-itappeatingfronTie perspec:
tive of machine vision; wittre; correidrion is very
often used as a measure of similarity between
images.

3. Nhjact.Peecegaitisa-candPeos-Totimmta-

A brute force approach to appearance-based
recognition is to compare an unknown input
image with all images (corresponding to dif-
ferent poses and illumination directions) of all
objects of interest to the recognition system.
Such an appevasts 9~ cquivelagt: ton cxbaeutves
template matching. Clearly, this is impracti-
cal from. a. caompusiiond! ogruciiv. yiea e
large number of images involved. The para-
metric eigenspace representation enables us to
accomplish essentially tha camactaskebus im ereryy
efficient manner. Since the eigenspace is opti-
mal for computing correlation between images,
we can project an input image to eigenspace and
simply look for the closest manifold (object).
Consider an image of a scene that incitides
one or more of the objects we have learned.
We assume that the objects are not occluded
by other objects in the scene when viewed from _
the sensor direviivir, and’ vlar te 1mage regions
corresponding to objects have maar segmantd’
away from the scene image. Each segmuited
image region is tarmediced: jm seale ank srigine
ness as.described.in, csctino. Lty TRi~caosste~
that (a) the input image is of the same size as
the eigenvectors (dimensions).of.the universal

fixed, invariance to object magnification is valid

only when image projiiinir canr B dpproxXimensos
by the weak-perspective model, i.e. scaling fal-
lowad: by anthegroghic: prejeetemy Tvsadndens,
and Ullman 1990).

Since the universal eigenspace is tuned to dis-
criminate between different objects, the input
image y is first. rajpatad. te, this, spaca:.

= “21 1€2. ‘gt'lf(tv_ cl, (21)"
The recognition problem then is to find the ob-
ject p whose manifold.z lieswomuuDusute o ebero s
such as image noise, aberrations in the imaging
system, and digitization effects; & may imn* ife ex-
actly on an odject mamiiold. [Heretore, we tind
the object p that yives e ntnturariiscianesd”
between its manifold g(*)(6;,6,) and z:

a4 = minjz — g, 8)  (22)

If dg’)) is within some pre-determined threshold
vuide; Wt conTlae s ARtk ARG inage- -
object p. If not, the input image is not of any
< uiEsotinstdamar by afl sysam oy an-
portant to note that the manifold representatinn.
results in more reliahle. recognitian. than.weing..

justtie cristér ot ‘the ponts gi“'l}"ui eigenspace.
Manifolds of different objects can intersect each
other or even be intertwined, in which cases, us-
ing nearest cluster algorithms could easily lead
to incorrect recognition results.

Once the object p in the input image y is rec-
ognized, y is projected to the object’s eigenspace.
This space is tuned to variations in the appear-
GHROCHI T R A B AR R AN TS
priate for pose estimatione Megrimp o e
image to this space gives the point z(#). The
pose estimation probleim may-Ceas s o
lows: Find the rotation. parameter. A, and. the
IiNTIManwon parametér ¢5 that minimize the dis-
tance d'” between z(® and the manifold £();

and object eigenspaces; (b) the recognition sys-
tem is invariant to fluctuations in the intensity
of illumination; and (c) the recognition system
is invariant to magnifcatiny iue e discance oi
objects from the sensor. Since the current imple-
mentation assumes that the viewing direction is

&P = 3‘%‘3”’ —1)(6,,6,)|| (23)

THe o] vaile ovtaied s the.pnse.af tha.ahjscho.
in=the~impoe-inrage- Figure 54y SHowWs @i mput
image of thenbinctwbass.az samstris.siaenspace. «
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Fig. 5. (a) An input image. (b) The image is mapped to a point in object eigenspace. The location of TRE pomt on (e

parametric curve determines the pose of the object in the image.

was shown in Figure 4. The pose of the object in
this image lies in between two consecutive poscs
used in the learning stage. In Figure 5(b), the
input image is mapped to the object eigenspace
and is seen to lie” citwe o dife paramenric curve
of the.ohiento...

Mappmg an mr.utumwge Y@ wititversdl and ob-
jeCL usguoyauca 15 Uy gu.npe.qa.u.lunu\( -uu."gr . NG
mentioned earlier, the cigenspaces are typically
less than 20 in dimensions. The projection of an
input image to a 20-dimensional space requires
20 dot products of the~impai-aregs= Wil igsyme
thogonal eigenvectors that constitute the space.
This procedure can easily be done in real-time
(frame rate of a typical image digitizan). using
simple and inexpensiveslardwares

Once the image has been projected to an
eigenspace, we need to find the manifold point
that is closest.touit.. Qg 2pproach. is.to, 1680
an exhaustive search algorithm that computes
the distance of the input point from a large
number of pnints. wnifnrmly, sampled. fram. the
parametrized manifolds. This is clearly ineffi-
cient both in memory and time; ol hesafrplods~
manifold points need to e stiad and dre o
clidean distance of the input point with respect
to each manifold point must be computed. The

.. - We hayg imnlemented two.alternative schemes

computational complexity,is.Nkn) whare » i,
the number of manifold points and k is the di-
mensidmalty or tle eigenspace.

The first is an efficient technique for binary

scdrtirin munipie timensions {iveéte wma - Nayar 7

—

TY94). This algorithm uses a caretullv desgmed .

OAL Y GUNGE \."\:"iﬂhiﬂla‘iu”\il‘ﬂﬂn“‘ﬁﬂﬂf [ ST ‘i.\l-g!ln
the multi-dimensional eigenspace in O(k log, n).
This approach is particularly effective when the
number of manifold points is relatively small.
i e gpprenet GReddiantee geed | Myuer
1990) uses three-layered radial basis function

(RBF) rewwerrks proposeu sy 'i"uggi(r"ami‘ GArusr

Magpic: sads Tirzsd 1200 ‘@ leoone the mepping
[ELLTR G LT 1) I U T AT N A YL TR PATI NG Gy
(object number and pose), The complexity of

this method depends on.the number.of Netwotie—

used_and_their.sizes. and_isin.nractice camnara..
ble to that of'the binaryseanch.apprinnah.. hudi
network implicitly interpolates, or reconstructs,
manifolds from. the discrete eigenspace neinte
giﬂ’) and fr(}’) and therefores doese uek” 1 cquive”
! ‘haB"?Jf"Cu;Ui‘C‘"Spi'hRf"iufEpr‘ia‘fhﬂl‘"fuﬁt}Wli"“
vy die resampiting of imamtoiy: - Tils duvamige
however comes with a slight sacrifice in pose
estimation accuragsy.
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(a) Object Set 1

(b) Object Set 2

Fig. 6. Two object sets used in the learning and recognition
experiments... 13k Sst.d incdudecfautbisctssvith. e oifeoum,
reflectance but similar shapes. (b) Set 2 includes objects
with complex reflectance and geometric properties.

4 Experiments

The setup used to conduct experiments was de-
scribed in section 2.1. The object is placed on
a computer-cantralled, turntahle fsee Fioure, 1)

that the object is illuminated by the ambient
lighting of the environment that is not exnected
to change between the learning and recognition
stagess- Thio~cabigat luninatiomdo~cbrolatinelyy
low intensity. The main source of brightness is
an additional light sourra whass direction. can.
vary. Illumination. is, varied, nsing 2. & degraa-ofc
freedom robot manipulator (see Figure 1) with
a_light source mounted an._its end-effector. Im-
ages of the object are sensed using a 512 x 480
pixel CCD camera and are digitized using an
Anclegies frame-grabben beard: Thic setup am-
atlow-ys oo routomatisaliy acguire imepa es g«
Since hundreds of images are obtained for each
object, a substantial amount of storage memory
is required. Note that an eigenspace can be
computed only after the complete image set is
obtained. We have used a 1.6 Gbyte ha* disi
to store the imaga safs.. Thasa imageas. of. cyursa
can be discarded once the objects have been
learned, i.e. after the low-dimensional paramet-
ric manifolds are constructed.

Experiments were conducted on two sets
of” oBjects that are stown 1 Figuoe-Siae-aag:
Figure: 44 Seb b includes shjestowitin aniferan
reflectance but shapes that appear very similar
for certain poses. We will see that for_such.
poses, subtle differencas.in.shadingana aranias
ing contours are sufficient for the recognition
system to correctly identify the objects. Set 2
includes objects with complex appearance char-
AOTISHeYT TSt e goad amcarlas oh S
whose shape and reflectance properties are very
difficult 16 moael Wit 'any reasonaoie’ precision.
Ifaaaitivh, tnéfr images inciude $trong specular’
reflections as well as complex interreflections,
physical processes that are known to be difficult
to analyze. Again, we will see that appearance-
hassd sraeagitinm Aeas samankakln, wall n idene-
tifying and estimating the poses of such complex
objects..Tahle L siummarsizes, the nosas. and. light.
source directions used.fascquize hiemo g
sets. For each object, we have used 5 different
light source directions, and 90 poses for each
source direction. This gives us a total of 1800
images in the universal image set and 450 im-
ages in each object image set. Each of these
images.ic, avtematicaliunermalizad.in seelR oo g

and its pose is varied about a smg}imly—bngmwmmgﬂrﬂﬂfﬁﬁ—

the axis of rotation of the tuntahle. We assune

nixels. in. size.
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Table 1. Image sets for each of the two object sets shown
in Figure 6. The 1080 test images used for recognition are
different from the 1800 images used for learning.

Learning Samples Test Samples for Recognition

4 Objects 4 Objects

5 Light Source Directions 3 Light Sewsae Ditartians...
90 Poses 90 Poses

1800.Tmages.. 10R0. Images...

4.1 Appearasc-lispreasriabiainn

The STA algem
1992) was used to compute 10 eigenvectors cor-
responding to the 10 largect-cigcnvalucs for cach

of the above universal and object sets. The al-

gorithm is implemented and executed on a Sun

SPARC 2 workstation. Once the eigenspaces

are computed, individual images are projected

onto the universsingadushitet-cigenspaseer—"Lhion
process is efficient since it only requires the dot

product of cach learnimyg sampit- wiiit Jdie=1d"
dimensions of the eigenspaces. The spline inter-

polation algorithm outlined in (Press et al.
was used to construct parametric manifolds from

the discrete points.

Figure 7 shows parametric manifolds com-
puted for all objects in Figure 6. Once
again, the manifolds are displayed as sur-
faces in three-dimensional eigenspaces. Since
three dimensions are not sufficient to illustrate
the object discriminating power of the uni-
versal eigenspace, we have siewir oy siject
eigenspaces. The parameters of the surfaces are
pose (0;) and illumination direction (8. Tha.
surfaces are narrow since we have used calyvS»
light source positions in the leurming st

4.2 Recognition and Pose Estimation Results

These experiments were coni@mit ieT
dently for object sets 1 and 2. For each set,

1988).crs

this process takes approximately G0~ mscT=rr ==
Sun SPARC workstation.

We define recognition rate as the percentage
of test images for which the object in the im.
age is corrcctly recogmzed Figures d{a) and’ (o)
selmruaiize,ne. recgeninan rests"ror set 1. "le-
ure ¥(a) iliistrates thé sensitivity or fecognition -
rate to the number of eigenspace dimensions.
Clearly, the discriminating power ot thé univer-
sal space is expected to increase with the number
of dimensions.. The recogpition rate is found to
be poor if less than 4 dimensions are used but ap-

10.

Fiaure R('h\ chowe the relationchin hetween
rccogmtmn ‘rate and the number of object poses
used for learning. If the pose increments used
in the learning stage are_small. we obtaim.=. *
larger number of learning samples and hence a
lagger.number. of discrete. ppints.op.the_para-
metric. manifod.. Since the manifo)d. is. ohtained.
U lntesposeinge those~ ddosrete- pointiyx hee ao-
curacy of the manifold representation increases
with_the number of learning Qgsg&usedL For W&
the fouistjuvis ur s iy, 56 oy o awede sljietr =
(12 degres. increments. of_the. tirntahle. positinn),
are sufficient to obtain recognition rates close to
unity. If a lesser number of learning poses are
used, recognition tends to be unreliable when
the test images correspond to poses that lie in
between the learning poses.

The 1088uscat~immrgas-<ithad €hjcatmbos St
wara alsaused. to datarming the accracy, of nnse.
estimation using object eigenspaces. Since these
imaggs were taken using_the controlled turntable. |
the actnalnpse.in.each.image, is knawn._ Figyres. .
Kz aads ad)i chew hitegrames sh pe5es smdns e -
degrees) computcd for the 1080 testeimagess=—lmmm——
Figure 8(c), 450 learning samples (90 poses amr
5 source dircctions) were used to computc each

object elgcnspaces used were S-dlmenmonal In

a total of 1080 test images were used™ THESE

images are detailed in Table 1 and were taken

at object poses that lie in between the ones used
to obtain the learning samples. Each test image
is first normalized in scale and brightness and
then projected to universal eigenspace. The bi-

Figure 8(d); 90 tearning samptes (1% poses and 5
saurce directions) were used. The pgse estima-
tion results in both cases are found to be very -~
accurate. In the first case, the average absolute
pose error computed using all 1080 images is

0.5 degrees, while in the second case the av-

nary search algorithm (Nene and Nayar-t99#=————crrpe=crror-fr—i-f-degreey—Simrirr-—recogmitior—

is used to search for the closest manifold point,

and pose estimation experiments were conducted



Visual Leamning and-Razsgriticn. sf 22 Ohjasie framn Axpoeazmace

-
-3

(a) Object Set 1

(b) Object Set 2
Fig. 7. Appearance manifolds in object eigenspace fof 2t -voféce ui-(d7 Sec L ana (8} ser 2™
most important dimensions of each eigenspace are shown. The manifolds are reduced to surfaces in three-dimensitrsigaree=

using object set 2. In this case, the arwnape=hr==
solute pose error is 0.5 degrees when 90 learning
poses are used, and 1.2 degrees wheir '8 poses™
are=:08éy The-ssnoiivityy obrrecgpitinmiariae-
age noise and segmentation error is analyzed in
(Murase and Nayar 1994).

4.3 An Example Application

Figure 9 shows recognition and pose estimation
results for an image sequence of a moving car.

rGr ‘adpidy, oniy uik udlee

Trurairderiritanes Thcdtedr @ e e
Figure 9(a). A simple segmentatien.algntthm ...
Wds “ITpIRNTentéd™ 10~ extract e maving, amgcr”
Tremr e L AR T DR RN ATATR G A
rithmrsiinreres 4R 2oing Turage 1 cgion { witfie~
box) by subtracting an image of just the sta-
tionary backgrou nmL.e2choimages in .tha
sequence. The moving image region is nor-
malized with respect to scale and brightness and
then projected to universal eigenspace.. Thessns
model is fdenTiiea-andeitn Tesm InapItEIL g
the manifolds shown in Figure 7(b). Figure 9(b)
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Fig. 8 Recognition and pose estimation results for object set 1. (a) Recognition rate plotted as a function of the number of

universal eigenspace dimensions used. (b) Recognition rate plotted as a function of the number of discrete poses of each

object used in the learning stage. In both cases recognition rates were computed using ali® \f st linages @i on. Fhik
1. Histogram of error in computed object pose when (c) 90 nases are. nsedl. fo, learning:, and. 118 pssss e fan "aoting,,
The. average. absaiiiel nass. Aarrrs 5 U Ry aas T i S1ch 3360 Anb advdgacear ar dRe SR vanve:

shows the learning samples with poses closest to
the computed poses. '

4.4 Automated Recagnitioa.Sysisiven

Based on the above ress,.vscrplamantiod.
a recognition system with 20 objects in its

databasc (see Figure 10). These obiects vary,
ffom smoothly curved shapes with uniform re-

flectance, to fairly complex shapes with intricate

textures and spe iti i

models of such objects could prove extremely

cumbersome and time-consuming. Both learn-

ing and recognition are done in a laboratoryvo.-
vironment where illumination remains more or

less unchanged. As a result, appearance mani-

folds are reduced to curves parametrized by just

object pose. Each object image set includes 72

learning images (5 degree increments in pose),

resulting in a universal saf. of, 1440, ‘megan The

object appearance curves were constructed in

a 20-dimensiona} wivesss? cigeangmees e
case, both recognition and pose estimation are
QOB B G S PG LE separdie objet
eigenspaces were not computed. The entire
legrning D938 3t sl dingy v inageracyuisitivign
comnutatian_ .of _eigenvectors, sand.construcsion
of. appparance. wunes, was .amnlatad o ase thone..
12 hours using-2.Suya. SPARG mesketasioay

The recognition system automraricuity"ueictis'”

scene to stabilize, and then digitizes an im-
age. In the present implementation, objects are
rotesaizdo lTo thae SYURIAT UARS alT a” (NI afit a”
dark backgroaudrigcusedioralivoiate-vbfecrsegs
mentation. The complate. recognition. nrecasss.
including, segmentation, scale and brightness
normalization, image projection in universal
eigenspace, and search for the closest object™"
d pese 1% ARRAMPIIRAG ir-iess-fhan--saaand-—
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(&) ()

3) C))

(a) Automatic segmentation of the-mevingabjess

@

(b) Learning sample with closest pose.

3) 4

Fig. 9. Appearance-based recognition and pose assimatinn, applirch fas thes ‘meges cogquonos- af zmoving car.

on the Sun workstation. The robustness of this

ing and recogmtlon w1thout any mgmﬁcant
] Il
! eveher Tl il Totacs I i

system was tested using 320 testimages.ofthe
20 objects taken at randomly selected suir winswir
poses of the objects. All test images were cor-
rectly identified by the system. A histogram of
the atsvilte pose error 1§ stiown 1h Figure 1U(c);
the average and standard. deviatinn. of. tha ahsa-
lute pose error were found to be 1.59 degrees
and 1.53 degrees, respectively.

5 Discussion

In this section, we briefly discuss several issues
related to the proposed learning and recognition
technique. Some of these may~LeEviewed ‘s~
merits while others as limitations leading to opeir
research problems_for.the_futuze,

e Appearance Based Approach: Both learning
as well as recognition. are. dane using.just..
two-dimensional brightness images. This is in
strong contrast to traditionar recognition algo-
rithms that require the extractlon of geomctrlc
features such a ;
variants. Such features are often difficult to
compute with robustness, and reliable algo-
rithms for extraviiimg drem ffom images are
still being actively researched. Our approach
of using raw image data directly for learn-

advanrayee o dhe [mqn&:rﬁii QUrsach. IR~

esting research directions include the use of

processed, or filtered, input images, and the

integration of the present appearance based

Prach Wil pradenrely deneleped: gesmatogy

based recognition techniques.

Shape and Reflectance: An appealing feature

of the proposed approach is that it does not

require any knowledge of the shape and re-

flectance properties of objects. By varying

object pose and illumination, we capture the

combined effect of both intrinsic properties of

an object. In addition, the appearance foraiy
IVEI puse ana filiminauon may mnclude’ specu-

war ngidiglny and camsiarnsrelinhonsins

triget poimdas oan thee Shject sxofaace  Adi o
these phenomena together produce the over-

all appearance of the objiet: Sunze we ave

TARRASARAIRG 0 DG 2 PPERFREE = TOREC it ha
above phenomena need be mpdeled. o anac

lyzed.’

¢ Segmentatiorr anu’ Gtuiision: Cearning ana’

regions. In structured environments, the back-
ground can be controlled, in which case, simple
thresholding. 18, sutficient tar rabust, ssgmanta-..a-
tion: T tie™ Cas€ o1 moving oBjects, simplc
background subtraction algorithms such as the
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(a) Object set

(b) Real-time recognition

Test images

Pose error (deg.)

2 4 6 8 10 12 14 16 18 X
(c) Pose estimation accuracy

Fig. 10. An automated recognition system with 20 objects in the database. A complete recognition cycle takes less than 1

second on a Sun SPARC workstation.

one used for the moving_car seayence_(Figs
ure 9) can be effective for segmentation. In
the context of general scenes, however, seg-
mentation pRsRS LseriGue prellen and gap e
viewed as a limitation of the proposed method.
The method also requires that the objects not
be occhadedh~Sifice=the" technique 1s “based
on direct appearanca. matehing it smply war
not hanédle substariul dtgees of occiusions,
This is a second limitation of the parametric
eigenspacssagpruacin- dégmentation and oc-
clusion therefore present challenging research

Aine CLARMNan SO mRn T CA Jasea™ ECORNTION,
Dimensionality of the Eigenspace: The num-
ber of eigenspace dimensions needad. far. TR
resentation depends on the appearance char-
acteristics of the objécts as well as the number
of obiegts of interest to.th . COGRIION 81 5B
If the objects have complex textures, a larger
number-vfulimamims woit Ae. neadrdd s 1.
curate representation. Further, as,the numbss
of obiects increases. .3 larger rumher of dimaw -
sions may be needed for robust recognition.
The exact number of dimensions required for
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any given set of objects is difficult to quan-
tify since there are no simple relationships
between an object’s intrinsic properties and
{i$~cigenspace representatieRe—3ue-neidte@n=
ships need to be explored before eigenspace
representations can be optimized with respect
to storage space.

learning process poses large memory require-
ments and is computationally intensive, it is
doin oifsifime.  THe nime taken to Iearn an
sijet i gareraily ot b U aeiaTad The dnte— -
needed to recognize it. In contrast to learning,
recognition and pose estimation are simple and

computatitanoly: veay- sofiiaiany, LB, GIIIE'i

Parameters of the Manifold: In our exper-
iments, we have used only two parameters
for object representation, one for object rota-
tion and the other for illumination direction.
A single rotation parameter is sufficient for
objects that have a finite number of stable
configurations. In general, however, three pa-
rameters are needed to describe the pose of
an object in three dimemsionss An uwddriooar
WO paramretersswoaid~ Ue~required  16T=vary=
ing illumination in three dimensions; only two
parasmirescareas aifieient sinte rommbiny ke
the source direction need not be considered.

From a practical perspective, the number of

parameters would be too many if arbitrary
rotations and illumination directions are con-
sidered. In general, manifolds with up to
three parameters can be used without much
af & pretiam Tinese dhew purameters can Be
selected depending on the application at hand.
Computations for Learning: In our preseinc*
implementation, we use the universal eigen-
space for object identification. The space is
computed using image sets of all objects. If
a new object is to be learned by the recogni-
tion system, the universal eigenspace must be

the projection of the input image to univer-
sal and object eigenspaces and search for the
closest. manifeld peinte Roessgnitien: zads pese-
estimation can therefore be accomplished in
real-time (frame-rate_of. 20, Hz) ,using. cimpla.
and inexpensive hardware. In contrast, most
model-based recognition algorithms are too
slow for practical applications.

* Appucations: Wé have presented appearance
based “learning and recognition as a general
approash.for.sicnalugercepliz . Iovasmgayer
ufe paramerric eigenspace~i epresentatfon-cam
be used to solve a variety of specific vi-
sion problems, such as, illumination planning
(Murase and Nayar 1994), visual positionimg®
and tracking of robot manipulators (Nayar et
al.  1994), and visual inspection. In many
of these applications, factors such as segmen-
tation and occlusion are not problems, and
high-dimensional manifold representations are
not requiréd.” FSt such applicationy; dne ap
pearance representation presentéd ‘nere oHers,
powerful andr efficicart sutiving

6 Conclusion

recoMpuTet Wit @ UTNiversal image set that in-

cludes the image set of the new object. Since
the universal eigenspace is time consuming to

We presented a new representation for machine
vision called. the.pasamestio S grrgrana i

compute, we would like to avoid recomprrtt VIOUSIY USS&=iR-2enhputieryr—r-

it when new objects need to be learned. One
approach is to project the new object’s learning
sqmpity W dfe previously computed’ universal
cigenspace. Though the resulting manifold is
only an approximation, it would gemaawly e
sufficient for object.idsntificesion A~ mane-
reliable approach is to compute a modified
universal space by orthogonalizing the previ-
ous universal space.and.thararinbincte o
eigenspace. One practical method, among sev-
eral others, to achieve this is Gram.Schmids..
orthogonalization (Householder 1964).
Computations for Recognitions

sion are based on object gcometry, the proposed
one descrihes. nhipat. apgnraranca. Wa paprssds
a method for automaticallv, learning_an_obiect’s..
parametric eigerspaee=Steh=carnimgtecimiqmes——
4re’ findamenral’ to thie advancement of” visual
perLcpiioinwerdeveiopra-eiiicient voiEcr recog:
nitinn. and. nese astimation. dpeRtRR T ar Lars
based on the parametric eigenspace representa-
tenr Thes learniig” afid™ | ECORMTOION™ algoTivhlmS -
were tested on objects with complex shupe and:
rEbacuaeaTspanians LRSI w ey SE Ul
the errors in recognition and pose estiration—
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robust to factors such as image noise and quan-
tization. These results suggest-the-faasibilie-oh
a real-time appearane-oasetr rLcogntadrsysstein
with a very large object databaser

A Computing Eigenvectors of Large Image Sets

Let X bemar ¥ x- 0/ NIrdge sy wirere 0 is
the total number of images and N the number
of pixels in each image. We are interested in
finding the eigenvectors of the covariance matrix
Q = XX", an N x N matrix. The calculation of
the eigenvectors of suuir @ i amaivin iy compu-
tationally intensive. Fast algorithms for salving,..
this problem have been a topic of active research
in the area of image coding and compression.
Here, we briefly describe three algorithms. We
refer to these as the conjugate gradient, singular
value decomposition, and spatial temporal adap-
tive algorithms. Each algortiiinruray ve-viewed™
as a modification of the previous ones. The
first two of these are described in detail in (Oja
1983).

Conjugate Gradient

A practical approach to computing the eigenvec-
tors of large matrices is to use iterative meth-
ods. A reasonably efficient iterative scheme that
suggests itself is the conjugate gradismt.maikodu.
There are several variations to the conjugate gra-
dient approach (Yang et al. 1989). The problem
is formulated as one of finding the eigenvalues
and igenveC TS LAt UraRimT e acall i G aoin..
A function that is often used is the Raleigh quo-

of Q can be summarized as:

Ur=Q7
Q,=Q, 1 — A, 1€, 1€,

(23

The above procedure can be repeated=uniif'u °I

desired number of eigenvectors of Q are com-

. ' Sy n N . I
sutads. Sines:insuw case Plis a2 vary lage matiix -

(N x N), eaciriteraior or-drecomugae gradiem
algorithm can prove expensive.

=
<

Singular. Value. Decomppsition..

It"the number of images M is much smaller l

A

than the numbeir of piscds N ar andr amags @
much mese S nt wigoriimnrurag beuscd Pl
algorithm, developed by Murakami and Kumar
(Murgicaimitarnd RKtiari 982); uses tire Jirpiicic
~OYPEIRGEALEIALY 2 hera .
Q0=X"x (26)
Note that Q is an M x M matrix and therefore
much smaller than Q when the number of im-
ages in X is smaller than the number of pixels
in each image. Using the conjugate gradient
algorithm described above, the M: zigeauastan:
of Q can be computed. Thesa 3aaba.ccmpusace:
much faster than the first M eigenvectors. of.
Q due to the disparity in the sizes of the two
matrices. Using singular value decomposition
(SVTY , Murakami.2ad. Kumaz, (Musskami, ~ad.
Kumar 1982) show that the M largest eigen®

ol

tien ey

T (4]
@, g

Conjugate gradient is used to find the vestorc »-
that maximizes F. The corresponding value of
the Raleigh quotient, F(e;), is the largest eigen-
value A\; of the covariance matrix Q. Once the
largest eigenvalue and the corresponding eigen-
vector are computed in this manner, Q is modi-
fied to remove the dimension associated with the
computed eigenvector. The Raleigh quotient is
then used with the modified covariance matrix to
determine the next largest eigenvalue and. aarra-
sponding eigenvector. The iterative modification

F(e) =

can be determined from the M eigenvalues and
eigenvectors of Q as:

/\!‘-= /K;‘\

1
e, =X ’Xg; (27)
Here, ); and e; are the " eigenvalue and eigen-
vector of Q, while X; and.&.vana thadllt ~iganvalugi.
and eigenvector of Q. Since we are only inter-
ested in the first £ eigenvectors of Q, where
k < M, the SVD algorithm can be used. It is
et sefild, hovavan,. when mers. thaa M sigen-
VECLOTS are neesifii- S

-
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Spatial Temporal Adaptive

Murase and Lindenbaum (Murase and Linden-
baum 1992) have recently developed the spatial
temporal adaptive (STA) algorithm that takes
the above SVD algorithm one step further to
achieve substantial=iiiprovoyaTris $n CImPUIR -
tional efficiency. They observe that the com-
putation of Q from the image matrix X is itself
expensive. Thereltre, cacninrage i A”is Uividea™
into “blocks” and image data in cach block is
compressed using the discrete cosine transform
(DCT) (Chen et al. 1977). Due to spatial cor-
relation within an image, each.image block is..
typicallyrepocesated by stalh numbor of DA
coefficients. Further, blocks at the same locauuii™=
in consecutive images are_often highlv correlated
and have the same DCT coefficients. A set of
such blocks are referrea’ to as a “‘supertrock™
and is represented: b the- ML szefficiente sfi o
single block. In this manner, the image rvauix
X is compressed to obtain a small number of
DCT coefficients. Individual elements of Q can
then be computizch frpm it haeDoTrocadigianti~ob
the blocks and. sunerhlocks.of X _This.pryicanaras
of computing Q saves substantial computations.
Next, the conjugate gradient algorithm is used
to compute the eigenvalues and eigenvectors of
Q. These cigenvalues and eigenvectors are use€d’
to determine the eigenvectoss £ 2ndeigeonalias,
A of the original’ covariance matrix by apply-
ing the SVD technique (see equation 27). This
step also requires the use of X which is now
cempresss acing NOT L ORRaiions. 2 16 SUR
again saved by determining e; in DET Jemmw
and then ‘taneferming ‘6 hack tos spaticl demain
usingy tpesiss AT

Murase and Lindenbaum have compared the
performance of Tné¢ > A ‘aighiuiie wint'anrt war
jugate gradient and SVD algorithms described
previously. Their ressita~shemwtho-S3 ealge-
rithm to be superior in performance to both
algorithms, often 10 or more times faster than
the SVD algorithm.
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