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Model-Based Temporal Object Verification
Using Video

Baoxin L1, Rama Chellappa, Fellow, JEEE, Qinfen Zheng and Sandor Z. Der

Abstrace—An approach to model-bazed dynamic object verifi-
cation and identification uzing video iz propozed. From image ze-
guences contaimmg the movinge object, we compute 1tz motion tra-
jectory. Then we estimate itz three-dimenzional (3-D) poze at each
fime ztep. Poze estimation 1= formulated az a zearch problem, with
the zearch space conztrained by the motion trajectory information
of the moving object and azzumption:z about the zcene structure. A
generalized Hauzdorff metric, which iz more robust to noize and
allows a confidence interpretation, 1= suggested for the matching
procedure uzed for poze estimation az well az the identification and
verification problem. The poze evelution curves are uzed to azzizt
in the acceptance or rejection of an object bypotheziz. The models
are acqguired from real image zequences of the objects. Edge maps
are extracted and used for matching, Rezultz are prezented for both
infrared and optical zequencesz containing moving objects imvolved
in complex motions.

Index Terms—Hauzdorff matching, moving object recosnition,
object recosnition, video processing.

I. INTRODUCTION

OF. many vears, object recognitien algonthms have been

based on a single image or a few images acquired from dif-
ferent azpects. While advances have been made m simple con-
siramed situations such as indoor emvironmentz, object recog-
niticn in natural scenes remains a challenging problem. Among
the many difficulties, a prominent one 15 that in real applica-
tions, theoretically there exist mfimitely many poses (onenta-
tions) for a given object. Therefore, two-dimensional (2-D) ap-
proaches, which are largely bazed on 2-D matching under some
simphfied fransformation group, will not zolve the three-dimen-
zsional (3-D) object recogmition problem. To overcome the need
for search m the viewpomnt space, approaches based on geo-
mefric imvanants have been proposed (for example, see [16] and
[158]). Although the mvanance approach 15 theoretically attrac-
trve, 1t would be difficult to apply it to complex objects in natural
scenes. Appearance-based recognition schemes (for example,
zee [11]) trv to tackle the viewpoint pru-blem by usmg visual
leaming. In[11], the authors reported promising results for a test
data set. Although appearance-bazed approaches do not require
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explicit feature extraction their success relies on visual learning
from a tramming set. A good fraining set 1= not always easy to ob-
tamn. Besidez, due to shape vanaboens, training images alwavs
contain some backsround repon. Although when traming, one
can sef the background to a uniform value (as m [11]), 1f 13 not
alwayz possible to black cut the background at the recogmtion
stage—one needs to know the object type and 1tz exact cnenta-
fion m order to do so, which i1z what a recognrbon algorithm iz
attempting to do. Backprounds can greatly affect the projection
of an input image onto the eigenspace. In addriion, when the
camera sensor 13 nfrared, as in most surveillance applications,
the object signature becomes foo vanable fo be characterized
by cnly a few mmages even at a fixed poze. In [9], some recogni-
fion algenthms including several leamning algorthms were com-
pared, usng a large database contaimng over 17000 mages of
ten object classzes. It was reported that even the best recopni-
fion results were unsatisfactory for this infrared database. One
possible explanation for the results m [9] 13 that when objects
have zbundant pose variations, the appearance manifolds be-
come heavily overlapped. making recognition harder. In such a
sifuation, one may have to rezort to some gecometnic (shape) fea-
fures, which, unforfumately, are agan dependent on viewpomt.
An interesting observation is that when the object 1s moving,
human beings can quickly puess its pose, and then verify some
featurez umique to that pose. This sugpests that addibonal mfor-
mation can be exploited to make object recognibion more fea-
zible when a video sequence 1z available. This paper presents a
techmque for model-based temporal object venficabon/identifi-
cation. In a zenze_ venfication and identification are constramed
cazes of recognition. To be specific, m thiz paper, idenfification
refers to the following problem: given an image sequence con-
tammg a moving object, to identify the object as one of a few
hypotheses; or, to 1dentify the desired object in a sequence con-
tammg multiple objects. Identification 1z dynamme m that we
have a time-evolving scene due to object motion and peszible
senzor mohion. Venficafion iz used in a shightly different situa-
fion, which answers the followng questions: Is this the object
zeen In the previous frames? and How confident of thiz am I7
This 13 especially interesting in situations of temperary loss of
frackang due to, for example, ccclusion by other objects. Ven-
fication 15 In a sense similar to the tracking problem but here it
emphasizes the acceptance or rejechion of a certain object hy-
pothesis, rather than just traclang by using some features. Obvi-
ouzly, model-based venfication/identification has many appli-
cations. For example, m vizual autonomous surveillance as in

following a face i the crowd, the recognition problem can often
be reduced to the venficahion/identification problem.
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Fig. 1. Tvpical identificationverification setup using vidze from a moving
camera platform.

In applications such as visual autonomous surveillance, the
camera itself 1z often moving during the acqmsrtion process. A
general zetup for this kand of problems 13 illustrated m Fig. 1.
Due to camera motion, a sensor motion compensation process
1z often needed to remove the umwanted camera motion if we
want to detect the object bazed on 1tz mohion.

In thiz paper, from image sequences contaming the moving
object, the 3-D pose of the object is eshmated at each time step.
Pose estimation 13 formmlated az a search problem, with the
search space sinictly constramed by the motion trajectory mfor-
mation of the moving object and assumptions about the scene
structure. A generalized [, version of the Hausdorff metric [1],
which 1z more robust to noize and allows a confidence inter-
pretation 1= suggested for the search problem The pose evo-
lution curves are used to assist in the acceptance or rejection
of an object hypothesiz. Expenments on several sequences are
prezented. The expenments demonsirate how the concepts and
algorithms for model-based temporal 1dentificabion/venfication
could work in rezl apphcations.

II. MATCHING BASED oM THE HAUSDORFF METRIC

The Hanzdorff metnic [7] 13 2 mathematical measure for com-
paring two sets of points in terms of their least similar members.
Formally, given two finite pomnt setz -1 = (a2, ... a,; and
B ={b..... &}, the Hinzdorff metric 1z defined as

HiA, By = max{hid, B), iR, At} (1)

where

AAL MY = snpoud [ o= U (2)
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and || - || 1z an underlying nomm. If a model image and a zcene
mmage are first processed to grve two charactenstic point sets,
then the model-scene matching 15 reahized by comparmg the
point zetz m terms of the Hanzdorff metric. Imbuitrvely, when
there are mmltiple models, recogniion 1z simply dome by
computing the corresponding Hausdorff distances between the
madels and the scene, and then picking out the best match

A Some Mbdified Versions of the Hmosdorff Meiric

Although theoretically atiractive, the Hausdorff meinc H 13
not directly usable in practice, because the sup or max oper-
ation m the definibon makes )t and hence /4 very sensitive to
nolze—a single noisy point can pull the value of i1 far from 1is
noize-free counterpart. Some modifications have therefore been
proposed m the literature. For example, n [9], a2 weighted sum
version was proposed and found to slightly improve the recog-
mition rate; and m [3], a K'th ranked partial “distance”™ i 4. 7
was used to detect 2 model n a static scene. The zame partial
“diztance”™ was also used to track people in [8]. Although these
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modifications 1 e the robusiness in practice, the obtamed
“distances™ (a weighted one m [9] and a /th ranked one m [3])
ne longer possess the properties of a metric. That i3 to say they
are not real disiarces In the sinct sense. We argue that being a
meinic (Le., obeving the axiomatic roles for a metric) 13 Impor-
tant because when doing idenhfication or venfication, generally
we have several bypotheses, and we need to use a measure that
can reflect our confidence i choosing cne over the others. This
13 not like detection or tracking, where one cnly needs to find an
optimal match for 2 grven mask. For example, it's easy to con-
struct examples where a partial distance does not give a mea-
sure of simlanty between point sets. Althouph these examples
are unhkely to occur, one does face difficulties when the models
are relatively simple poimnt sets (with not too many points) while
the scene 1z highly cluttered. Therefore, the above-mentioned
modified versions of the Hausdorff distance do not necessanly
offer zood measures for companzon among different models.

B. L, Fersion of the Hawsdorff Metric
Another equivalent reprezentation of the Hausdorff metric 13
(zee [6])

HIA BY = sup |pls, 21

nEy

alx, B

(3)
with
i, Al 2 inf ol a2t
A1 s

where .Y 1% a zet and p a metnc such that (Y. o) 13 2 metnc
space,and A C X and [t X Inthe image analysis context, X
can simply be the set of all the image gnd points, and o 13 usually
the L norm while A and /7 are two compact setz in the image
plane. In thiz paper, we use edges as the features for matching;
thus, A and 7 are just edge maps denrved from intensity images.
To allesiate the mstability m (3) due to the sup of max oper-
ation, Baddeley [1] has suggested an 7., average as follows:
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where n{_X } 13 the mumber of pointz In X', and 1 < p < oo
50 defined 17 A, 1) 13 shll a metnic, and topologically equiv-
alent to £1{ A, 17), but 13 more robust to noisy data smee the
contribution of a single point has been weighted. Also, by using
the average. (4) has an “expected nzk™ mterpretation- given A,
a zet [7 winch minimizes H¥{ A, 17 1z one which maximzes
the pixelaase hikelihood of i, A1 = pfa, DY} (f A and 7
are treated as random setz). In apphcations, a cutoff fimction
wif, o) = min{f, ¢}, for a fized ¢ > 0, 13 meorporated mio (4)
to give

(4)
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The resultmg H#{A. I}) 1z agamn a meine, and topologically
equivalent to H{ A, [}). Note that in practice it 1z unnecessary to
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compute o:x, A) by itz definthon (Le., by computing 5. 31 =
|| = (/). winch 13 too expensive, especially with the [, norm.
Instead, distance transformations [3] are used. Thus, using 2
supporting set .\’ will not cause significant exira computation,
although X 13 larger than A and £3.

C. Identification Verification with H”

Grven two point sets, 5% provides a similarity measure be-
tween them When thiz measure 1z apphed to the identifica-
tion venfication problem, we are concerned not onlv wath how
good the match 13 but also with where the match happens in
the scene. It would be meanmpless to compute /7" between a
small model and a large scene image. Instead, usually a region
of mterest (FIOI) 1z detected first, and matching 13 carmed out
between the FOI and the model. In particular, in 1dentification
problems, given the edge map A of an RO from the scene image
and m models M, i = 1. .... m, the tazk 15 to find a model M
and a transformation 1" € 7 such that

HN R I —nunnur HYCR, 1000

f—n T

(6)

where T 13 an allowed transformation group for the application.
Such M; will be regarded as the potenhal object appeanng m
the current scene. Since H* 1z a metric, we can also mterpret the
values 1niny- HR, T7AL:, + = 1, ..., m as a measure of
confidence of choosmmg AJ; in the current frame. If i = 1, then
the problem 1z reduced to detecting an object m the scene; in
addrtion, 1f the mode] 13 extracted from earlier frames in the se-
quence, the problem reduces to one of tracking and venfication.

It 1z not hard to search over T when 7 15 the translation group.
However it 1z difficult to consider other transformation groups
such az affine. Even i1f we consider only rotabon and scale, the
search becomes a dammting task. The authors of [2] have pro-
posed an efficient search scheme for rotation using the fact that
the imape takes value only on a digthzed grid. In Section III-B,
motion-based segmentation 13 used to mmimize the need for
search over the scale space.

III. MopEL-BASED POSE ESTIMATION AND
OsECT VERIFICATION

In this section, we present an approach to pose estimation
and verification based on matching using the I, verzion of the
Hauzderff metnc, with the motion trajectory information from
motion analysiz being used as a consiraint to reduce the search
space. The model acquzrtion step 13 discussed m Section ITT-A
Section III-B gives a brief overview of a framework for detec-
tion, trackmg and segmentation of moving objects i video ac-
quired by 2 moving platform. Pose estmation and object 1den-
tification are discussed in Section III-C. Section ITI-D) discusses
methods for excluding clutter from the ROI. The pose evolu-
tion curve 13 defined m Section III-E. Section II-F discusses
the mterpretation of H+ as a confidence measure, and a confi-
dence fizure 13 defined. Expenmental results are presented in
Section IV
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Fig 2. Two angles defming the object orientation with respect to the camara
under the azsumption of l=vel zround (1=, the X -3 plane is horizontal)

A Model Acquisiiion

When a 3-D object 1z subject to complex 3-D mohon
with respect to the camera, m general, multiple views of the
object are needed for adequate modeling of the object. For a
matching-bazed approach imapes from these views constitute
a model base. In general, there are two ways for constructing
a model base: by using computer aided dezign (CAD) models
or by exiractng objects from real images. Three-dimenszional
CAD models allow one to easily manipulate the object cnenta-
tion. However most objects of interest do not come with CAD
modelzs. In this paper, for the idenhfication expenments, the
models are constructed from real mages: model images were
taken at various camera depreszion angles, with the objects
rotating horizontally. This allows the approach to extend to real
applications easily: for any real object of interest, we can build
itz model by acquinng a set of images of the object at different
viewpoimnts, hence relaxing the need for 2 3-D CAD model.

Although in general the onentation of a ngid object has three
degrees of freedom, some assumphions can be made for spe-
cific applications. For example, if the object 1z on nearly level
ground, as in most surveillance apphicabions, 1ts onentation can
be charactenized by only fwo vaniables. If we use an object-cen-
tered coordmate svstem, the object onentation 13 equivalent to
the camera 1:iE11.=1'J:1g anglez. defined by two angles « and & az
lusirated in Fig. 2

Notice that even u.uder the above assumphon, there are zhll
mfinitely mamy onentations in theery. But some observations
can be made to determine the crientations that are characteristic.
For example, with ¢ fixed, although ~ can vary from 07 to 3607
it 1z not necessary to store images at every degree of « zmnce
the object locks very simmilar when « changes only by a zsmall
number (zay, less than 3°). A sumilar arpument 13 valid for o,
which takes valuez m the mterval [(°, 907]. More constramnts
can be included for a specific application. For example, i many
applications, the value of ¢ can only change within a small range
or can even be fixed. Fesearch has shown that 1t seems that the
bhuman vizual system reprezents objects cnlv by 2 few 2-D views
Ee.g [14]). Not much iz kmown, however, about the mumber of
views requred for a specific object. In this work, we represzent
an object with a model baze i which « and ¢ take on only a
finite set of values.



