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Abstract. This pap er in tro duces a no v el probabilistic mo del for repre-

sen ting ob jects that c hange in app earance as a result of c hanges in p ose,

due to small deformations of their sub-parts and the relativ e spatial

transformation of sub-parts of the ob ject. W e call the mo del a pr ob a-

bilistic montage . The mo del is based up on the idea that an image can

b e represen ted as a mon tage using man y , small transformed and cropp ed

patc hes from a collection of laten t images. The approac h is similar to

that whic h migh t b e emplo y ed b y a p olice artist who migh t represen t

an image of a criminal susp ect's face using a mon tage of face parts cut

out of a "library" of face parts. In con trast, for our mo del, w e learn the

library of small laten t images from a set of examples of ob jects that are

c hanging in shap e. In our approac h, �rst the image is divided in to a grid

of sub-images. Eac h sub-image in the grid acts as windo w that crops

a piece out of one of a collection of sligh tly larger images p ossible for

that lo cation in the image. W e illustrate v arious probabilit y mo dels that

can b e used to enco de the appropriate relationships for laten t images

and cropping transformations among the di�eren t patc hes. In this pa-

p er w e presen t the complete algorithm for a tree-structured mo del. W e

sho w ho w the approac h and mo del are able to �nd represen tations of the

app earance of full b o dy images of p eople in motion. W e sho w ho w our

approac h can b e used to learn represen tations of ob jects in an "unsup er-

vised" manner and presen t results using our mo del for recognition and

trac king purp oses in a "sup ervised" manner.

1 In tro duction

In this pap er w e address the problem of learning represen tations of ob jects

that c hange in app earance as a result of small non rigid deformations and c hanges

in app earance arising when ob jects with rigid sub-comp onen ts are translated

in relativ e p osition. This pap er in tro duces the pr ob abilistic montage , illustrates

some v ariations of the mo del, presen t a comp ete algorithm for a tree structured

mo del and presen ts some results using a tree structured mo del for recognition



tasks applied to full b o dy images of p eople in motion. Imp ortan tly , the pa-

rameterization of the probabilistic mon tages presen ted in this pap er enco de few

assumptions sp eci�c to h uman �gures. As suc h, probabilistic mon tages are ap-

plicable to v arious learning and classi�cation tasks.

Fig. 1. (left to righ t) (a) A still image of a p erson w alking, carrying a cup and a

b o ok. (b) The image is brok en up in to a grid. (c) A mon tage constructed from four

p ossible laten t images p er grid cell r andomly sele cte d from di�eren t images in a set of

similar images. (d) A mon tage constructed from four laten t images le arne d from a set

of images.

In our approac h, w e learn a collection of small laten t images from a set of

examples of ob jects that are c hanging in shap e. First the image is divided in to a

grid of sub-images. Eac h sub-image in the grid acts as windo w that crops a piece

out of one of the collection of sligh tly larger images p ossible for that lo cation in

the image. Additionally a rotation of the image for the patc h can also b e applied.

Figure 1 illustrates our approac h. Figure 1 (a) and (b) sho w an 80 � 90 image

and a grid of sub-images. Figure 1 (c) and (d) sho w mon tages appro ximating the

image using the b est (in the maxim um a p osteriori or MAP sense) cropping and

transformation of the b est image from a small subset of sligh tly larger images.

Figure 1 (c) sho ws ho w ho w a mon tage migh t b e created in a simple mo del where

the collection of sligh tly larger laten t images for eac h grid cell w as gathered b y

randomly sampling four di�eren t frames of a video sequence. The frame in (a)

w as then reconstructed using the b est cropping and transformation p ossible from

the collection of p ossible laten t images for eac h lo cation. Figure 1 (d) illustrates

the MAP mon tage when four laten t images for eac h grid cell w ere learned from

an image sequence. Notice that when laten t images are selected randomly , the

mo del often has "no c hoice" but to use a p o or appro ximation (e.g. near the legs

and the b o ok).

In this pap er, w e discuss ho w the distribution o v er laten t images and whic h

transformations and cropping lo cations to use can b e c haracterized using dif-

feren t probabilistic represen tations. W e then deriv e an EM algorithm for a tree

structured mo del and presen t some results of mo delling h uman �gures w alk-

ing while carrying and manipulating ob jects. W e will assume that the ob jects

of in terest ha v e b een coarsely cen tered within the image. Figure 2 sho ws some



80 � 90 pixel greyscale images of a p erson w alking to the left and to the righ t

while carrying a b o ok and drinking a cup of co�ee. W e shall presen t results in

whic h our mo del has clustered images of the w alking h uman sub ject in to p oses in

an "unsup ervised" fashion and w e shall presen t some "sup ervised" classi�cation

results. In this pap er w e are not fo cusing on the task of capturing the dynamics

Fig. 2. Examples of images used to train the mo del.

of h uman w alking motion. W e are in terested in the general task of c haracterizing

di�eren t con�gurations of an ob ject (e.g. p oses of a mo ving p erson or deforma-

tions of a face) and mo delling sub-t yp es of ob jects for whic h there ma y not b e

a single ob ject undergoing a dynamic c hange of its sub-parts (e.g. the tops of

buildings in aerial imagery). In this pap er w e ha v e used video sequences but

w e wish to construct a mo del that could b e used to learn represen tations from

static images. Ho w ev er, suc h a mo del should allo w images generated as a result

of the motion of h uman b o dy parts to b e to b e e�cien tly c haracterized despite

the fact that no highly sp eci�c assumptions ab out h uman motion are built in to

the structure of the mo del.

2 Other Approac hes

W e are in terested in learning mo dels for the sub-parts of image ob jects in

addition to the w a ys in whic h these sub-parts undergo relativ e translation and

transformation from example data. Lo calized image transformations in examples

of ob jects o ccur when ob jects undergo deformations, when classes of ob jects

naturally v ary in con�guration and also o ccur when fairly rigid sub-parts of an

ob ject are able mo v e in relativ e p osition. Here w e describ e some examples of

approac hes to these problems that ha v e b een describ ed in the literature.

One w a y to mo del c hanges in an ob jects app earance within an image is to

directly mo del image transformations suc h as translations, rotations, shearing

and w arping. In [1], these transformations are mo delled using random v ariables

indicating glob al image transformations. Extending this approac h to allo w m ulti-

ple pre-transformation latent images allo ws these metho ds to b e used to extract



meaningful data clusters from images in the presence of bac kground clutter.

Ho w ev er, these tec hniques cannot easily mo del the fact that n umerous spatially

lo calized transformation of an ob ject often o ccur sim ultaneously .

In [2], rigid and non rigid facial motions w ere represen ted based on lo cal

parametric mo dels of of image deformations and transformation. Here it w as

sho wn that mo delling the ma jorit y of the face as a plane pro vided a reasonable

mo del. The parameters of the deformation and translation of lo cal image masks

sp eci�ed for eac h lo cation w ere then found using robust regression tec hniques and

gradien t descen t optimization. In related w ork [3], this mo del w as extended to

a cardb oard p erson represen tation for articulated image motion suc h as h uman

w alking. Here again, the lo cal images that w ere used to represen ts the sub-parts

of the mo del w ere sp eci�ed a priori. In con trast, in our approac h, w e learn lo cal

images.

In con trast to Activ e Con tour Mo dels [4] and Activ e App earance Mo dels

[5], our approac h requires less h uman in terv en tion for the initialization of pa-

rameters enco ding shap e information. In Activ e Con tour or Activ e App earance

mo delling approac hes relativ ely sp ecialized parameterizations are used to enco de

con tour and shap e information. In our approac h, app earance is mo delled within

spatially lo calized laten t images. Information concerning an ob ject's shap e is

enco ded within the parameters of a probabilit y mo del that sp eci�es the distri-

bution for allo w able spatially lo calized transformations of lo cal laten t images

and this parameterization do es not need signi�can t hand adjustmen t for new

shap es.

In [6] a decomp osition w as prop osed to mo del h uman dynamics in video se-

quences. In this w ork blobs of pixels corresp onding to coheren t ob jects in motion

are found using mixtures of Gaussians applied to spatio-temp oral image gradi-

en ts and optionally , pixel color v alues. The motion of the blobs is then mo delled

hierarc hically , �rst using a Kalman-Filter and then using Hidden Mark o v Mo d-

els. In con trast to this and other blob based tec hniques w e learn a n um b er of

laten t images, their transformations and cropings for spatially lo calized p ositions

in the image.

F urther, n umerous approac hes ha v e b een describ ed in whic h stic k �gure mo d-

els are em b edded in to underlying mo dels of h uman �gures [7{9]. The explicit

mo delling of the h uman form used in these tec hniques allo w few er images to

b e required to estimate the parameters of these mo dels. In con trast to these

approac hes w e are in terested in mo dels that are more generally applicable to

images that are not of h uman �gures. But, w e wish to b e able to learn parame-

ters c haracteristic of prop erties suc h as b o dy join t lo cations.

3 Mon tages of T ransformed Mixtures of Gaussians

In our approac h w e extend the T ransformed Mixtures of Gaussians (TMG)

mo del in a n um b er of w a ys. W e brie
y review the TMG mo del as w e describ e

these extensions. First, w e break an image up in to a grid of smaller images or

patc hes. W e shall use i and j to denote the lo cations of these smaller images

within the ro ws and columns of the grid. Within eac h cell of the grid there exists



a TMG mo del. Eac h grid lo cation has a mo del with C

ij

clusters that consist of

discrete v ariables indexed b y c

ij

� f 1 ; :::; C

ij

g . F or a basic TMG form ulation of the

mo dels in eac h of these grid cells, eac h cluster c

ij

w ould ha v e mixing prop ortions

P ( c

ij

) = �

c

ij

. Eac h class c then indexes a probabilit y distribution o v er a laten t

image z

ij

p ( z

ij

j c

ij

) = N ( z

ij

; �

c

ij

; �

c

ij

) (1)

Th us, one can consider eac h mean �

c

ij

as a p ossible laten t image for this grid

p osition in the mon tage, with �

c

ij

represen ting a diagonal co v ariance matrix

sp ecifying the v ariabilit y of eac h pixel in the laten t image. Eac h p osition in

the grid also has asso ciated a transformation index l

ij

� f 1 ; :::; L

ij

g represen ting

a set of sparse transformation matrices �

1

; :::; �

L

. These matrices mo del the

transformations and cropping from the sligh tly larger laten t image clusters �

ij

.

W e shall only enco de v ertical and horizon tal translation transformations prior to

cropping of the laten t image. Ho w ev er, other more complex transformations suc h

as rotation and shearing can also b e enco ded using these sparse transformation

matrices. The conditional densit y of the observ ed image x

ij

giv en the laten t

image z

ij

and transformation l

ij

can then b e written as

p ( x

ij

j z

ij

; l

ij

) = N ( x

ij

; �

l

ij

z ; 	

ij

) ; (2)

where 	

ij

is a diagonal co v ariance matrix that sp eci�es a noise mo del on the

observ ed pixels for the patc h at lo cation i; j . These transformation matrices shall

b e held constan t. Finally , a uniform probabilit y distribution is assigned to eac h

of the p ossible transformation l . W e shall use the follo wing notation p ( l

ij

) = p

l

ij

.

In this simple mon tage mo del, the join t distributions for eac h lo cation in the grid

are indep enden t and tak e the form

P ( x ; l ; z ; c )

ij

= ( p ( x j l ; z ) p ( l ) p ( z j c ) p ( c ))

ij

= �

c

ij

p

l

ij

N ( z

ij

; �

c

ij

; �

c

ij

) : N ( x

ij

; �

l

ij

z

ij

; 	

ij

)

(3)

Figure 3 illustrates the TMG mo del as a Ba y esian net w ork [10] and con trasts

this with a mon tage of TMG mo dels.
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Fig. 3. Ba y esian Net w orks for a single TMG mo del vs. a mon tage of indep enden t TMG

mo dels.



4 Extending an Indep enden t TMG Mon tage mo del

Here w e discuss a n um b er of w a ys to relax the indep endence assumption

for the TMG mo dels in the image grid. W e w ould lik e to couple the TMG

mo dels in eac h cell of the image grid so that the transformations and classes are

not dra wn from indep enden t distributions. Suc h prior mo dels are necessary to

enco de constrains on the global shap e of an ob ject. F or this pro cedure, one could

think of grouping the class and transformation index in to one comp osite v ariable

( c

ij

; l

ij

) as w ell as in tegrating out z

ij

, within eac h p oin t on the grid. Additionally ,

to reduce the n um b er of free parameters in the coupling w e prop ose in tro ducing

a "coarse scale" v ersion of ( c

ij

; l

ij

) lab elled ( c

ij

; l

ij

)

0

. W e use a con v olution of a

smo othing �lter

Additionally , to reduce the n um b er of free parameters in v olv ed with repre-

sen ting relationships b et w een classes and transformations within di�ering grid

lo cations, w e in tro duce v ariables ( c; l )

0

ij

represen ting c o arse sc ale spatial trans-

lation v ariables for �ner scale ( c; l )

ij

. In our mo del w e hold the conditional

distribution p (( c; l )

ij

j ( c; l )

0

ij

) �xed so that this distribution acts as a smo othing

�lter enco ding a Gaussian or some other �nite exten t windo w. One can think

of this op eration as sub-sampling l

ij

, the v ariables indicating the p osition of the

sift in v arian t feature c

ij

. In this w a y , few er parameters are needed to enco de

the conditional distribution p (( c; l )

0

ij

j t ) as opp osed to a conditional distribution

p (( c; l )

ij

j t ) on the �ner scale v ariables ( c; l )

ij

requiring more parameters. This

strategy th us reduces the n um b er of images needed as examples to estimate the

parameters in the mo del. Figure 4 illustrates graphically (a) the initial TMG

form ulation, (b) an illustration of the mo del used for inference in a standard

TMG, (c) the in tro duction of a coarse scale v ariable and (d) a simpli�ed form

of (c) that shall b e used to more clearly presen t our illustrations of ho w the

indep enden t mon tage mo del ma y b e coupled spatially .
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clearer presen tation of subsequen t coupling tec hniques.



Our approac h of using a shift in v arian t, spatially lo calized mo del follo w ed

b y a sub-sampling of the "lik eliho o d" for the p osition v ariable l

ij

for eac h c

ij

is

similar to the approac h tak en in [11]. Ho w ev er in [11], spatially lo calized feature

detectors and the sub-sampling of the feature detector's outputs are emplo y ed

within a m ultila y er p erceptron arc hitecture. Similar tec hniques emplo ying this

smo othing approac h ha v e also b een used in the earlier w ork of [12]. Our approac h

di�ers in that w e use formally de�ned, graphical probabilit y mo dels [13] as the

underlying arc hitecture. This allo ws partial computations in the graph to b e

in terpreted as lik eliho o ds.

There are a n um b er of w a ys to link the hidden v ariables of indep enden t TMGs

arranged in a grid using a graphical mo del. Figure 5 illustrates some p ossible

t yp es of mo dels. The upp er righ t corner of Figure 5 illustrates the coupling as a

Mark o v Random Field (MRF) [14]. The lo w er left and righ t corners of Figure 5

illustrate tree structured coupling with v arious degrees of sub-structure. In the

next section w e deriv e the up date equations for an EM algorithm in a tree

structured mo del.
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Fig. 5. A graphical comparison of an indep enden t TMG mon tage mo del with v arious

prior mo dels coupling the indep enden t TMG mo dels.



5 An EM Algorithm for a T ree Structured TMG

Mon tage Mo del

Consider the Ba y esian net w ork in the lo w er left corner of Figure 5 describing

a tree mo del. Suc h a mo del describ es a join t distribution and in this particular

tree w e shall write this distribution as:

p ( X ; z

ij

; ( c; l )

ij

; ( c; l )

0

ij

; t; d )

=

Y

ij

p ( x

ij

j ( l ; z )

ij

) p ( z

ij

j c

ij

) p (( c; l )

ij

j ( c; l )

0

ij

) p (( c; l )

0

ij

j t ) p ( t j d ) P ( d ) :

(4)

In this mo del there is a discrete v ariable d at the ro ot of the tree enco ding

the idea that the en tire comp osite image comp osed of the lea v es of the tree could

b e assigned the class d . The v ariable t enco des the notion that there can b e sub-

classes or v ariations of this main class. F or example, left, righ t fron t and bac k

pro�les of a h uman sub ject. W e shall use X to denote the complete image and

use x

ij

and z

ij

to denote the observ ed and laten t images or v ariables for a patc h

at lo cation ( i; j ) in the grid. ( c; l )

ij

is a comp osite class and p osition v ariable. c

ij

can b e though t of as the indices for the p ossible laten t images at eac h lo cation

( i; j ). While the v ariables l

ij

enco de the lo cation of the windo w that crops a

view out of the laten t images enco ded within �

c

ij

, the mean parameters for

p ( z

ij

j c

ij

). Finally , ( c; l )

0

ij

are the coarser scale v ersions of ( c; l )

ij

as describ ed in

the previous section. W e shall no w deriv e the Exp ectation Maximization (EM)

equations to up date the v ariables in this mo del.

5.1 The E Step

It is helpful to think of the tree mo del in terms of a Ba y esian Net w ork, so that

the E-step of an EM algorithm can b e though t of as an instance of probabilit y

propagation within the graph. The resulting computations can then b e decom-

p osed as follo ws. F or eac h patc h on the grid w e can compute the lik eliho o ds

p ( x

ij

j ( c; l )

ij

) =

Z

z

ij

p ( x

ij

j ( c; l )

ij

; z

ij

) d z

ij

=

Z

z

ij

N ( x

ij

; �

l

ij

z
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; 	

ij

) N ( z

ij

; �

c

ij

; �

c

ij

) d z

ij

= N ( x

ij

; �

l

ij

�

c

ij

; �

l

ij

�

c

ij

�

0

l

ij

+ 	

ij

)

(5)

Giv en an image and a lab el d

k

w e can then compute p ( t; d

k

; X

k

)

p ( t; d

k

; X

k

) =

X

( c;l )

0

ij

X

( c;l )

ij

p ( t; d

k

; X

k
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ij
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0

ij

)

= p ( t j d

k

)

X

( c;l )

0

ij

p (( c; l )

0
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j t )

X
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ij

p (( c; l )

ij

j ( c; l )

0

ij

)

Y

ij

p ( x

ij

k

j ( c; l )

ij

)

(6)



Using probabilistic message passing [10], one can also e�cien tly compute

p (( c; l )

0

nm

; t; d

k

; X

k

) for eac h p osition ( i; j ) = ( n; m ) in the grid.

p (( c; l )

0

nm

; t; d

k

; X

k

) =

p ( t j d

k

) p (( c; l )

0

nm

j t )

X

( c;l )

0

ij 6= nm

p (( c; l )

0

ij

j t )

X
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p (( c; l )

ij

j ( c; l )

0

ij

)

Y

ij

p ( x

ij

k

j ( c; l )

ij

)

(7)

W e can also compute p (( c; l )

nm

; X

k

) e�cien tly using message passing as fol-

lo ws:

p (( c; l )

nm

; X

k

) =

X

t

p ( t j d

k

)

X

( c;l )

0

ij
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(8)

F rom (8) w e can obtain:
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l
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; X

k

) ;
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k
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k
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k
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k
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k
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) =p ( X

k
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Additionally , in the M-step w e shall need to compute 


( cl )

ij

the co v ariance

matrices of z giv en ( c; l ) and x for eac h grid lo cation. Imp ortan tly , these matrices

are indep enden t of X and can th us b e computed once b efore eac h E-step.
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W e then compute the follo wing exp ectations:
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5.2 The M Step

Using the h : i notation to denote

1

K

P

k

( : ) w e can up date the parameters of

the tree mo del in the follo wing w a y .
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The up dates of the other parameters follo w in a similar manner to the regular

TMG mo del.
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T o a v oid o v er�tting it is sometimes useful to let en tries in 	

ij

and �

ij

that fall

b elo w some � b e equal to � . Similarly , one can also let en tries in the conditional

probabilit y tables that fall b elo w some �

0

b e equal to �

0

and then re-normalize

the conditional distribution.

6 Results and Analysis

In this section w e examine the b eha vior of a tree structured mon tage trained

using EM as describ ed in Section 5. W e illustrate MAP reconstruction images un-

der v arious conditions so as to insp ect the qualit y of the represen tations learned

b y the mo del. W e compare MAP reconstruction images for the tree mon tage with

MAP reconstruction images obtained from a transformed mixture of Gaussians

mo del applied to the en tire image. W e then examine the MAP reconstruction

images for the mon tage applied to test data of the same p erson w alking with

di�ering articulation of the b o dy parts, sligh tly di�eren t ligh ting and coarse

alignmen t of the underlying �gure. W e presen t results for a simple p ose recogni-

tion task and illustrate the use of the mo del for trac king p eople within cro wds

p ossessing signi�can t bac kground activit y . W e sho w ho w the approac h could b e

used to automate the con trol of an activ e securit y camera.



6.1 Comparing Mon tages with Large T ransformed Mixture of

Gaussians

In Figure 6 w e compare our tree mon tage using four laten t images p er patc h

with one large TMG trained on the same data using six, global laten t classes. The

top ro w of Figure 6 sho ws a sequence of 5 images of w alking motion. The middle

image sho ws the MAP TMG appro ximation. The b ottom ro w sho ws the MAP

TMG mon tage with a tree structured prior. F or this segmen t of the sequence the

single large TMG mo dels the images with t w o of the six laten t classes, coarsely

appro ximating the underlying c hange in shap e. Figure 6 also illustrates ho w the

classes found b y the single large TMG su�er for com binatorial problems when

mo delling the complex motions of the sub-parts of an ob ject.

Fig. 6. (top ro w) Fiv e images from an image sequence. (middle ro w) The single, large,

six class TMG MAP appro ximation. (b ottom ro w) The four class p er grid cell TMG

tree mon tage, MAP appro ximation.

6.2 Beha vior of the Mo del Using T est Data

The top ro w of Figure 7 illustrates images from the test sequence of a �gure

w alking to the righ t. The articulation of the b o ok and cup are di�er from the

training data. The global alignmen t of the �gure in the image v aries di�eren tly

from the training data. F urther, the ligh ting conditions also ha v e b een v aried

sligh tly . The middle ro w consists of the MAP reconstruction of the testing data

using the tree mon tage with parameters �t using the di�ering training data of

�gures w alking to the righ t. The b ottom ro w illustrates the MAP reconstruction

images of the �gure w alking to the righ t illustrated in the top ro w. Ho w ev er,

in this b ottom ro w the tree mon tage w as trained on images of �gures w alking



to the left. This ro w th us illustrates the w a y in whic h the mo del attempts to

"explain" the righ t w alking p ose using features that w ere learned from the left

w alking p ose. The fact that these MAP reconstruction images do not �t the data

w ell and indeed lo ok more lik e pieces of a left w alking �gure is a p ositiv e sign

that the mo del has not o v er-generalized. Notice that the MAP images in the

Fig. 7. (top ro w) Examples of righ t facing images used to test the mo del. (middle ro w)

the MAP image for the TMG tree mon tage mo del trained on di�er ent righ t facing

images. (b ottom ro w) The MAP image for the TMG tree mon tage mo del trained on

left facing images.

b ottom ro w are, in almost all cases missing a head, with dark er p ortions of the

image appro ximated b y small feet templates p oin ting in the opp osite direction.

Not surprisingly , the MAP reconstruction images for unseen data signi�can tly

di�eren t from the original training data are reminiscen t of photomosaics [15,

16]. Photomosaics are pro duced b y com bining man y small photographs to form

a single larger image that b ecomes more recognizable when view ed from a dis-

tance. As suc h, these smaller images act as a form of half-toning [17]. More

imp ortan tly , the MAP reconstruction images in Figure 7 pro vide insigh t. W e

ha v e used a shallo w tree for this exp erimen t. Additional sub-structure in the

tree as illustrated in Figure 5 w ould constrain the mo del so as to further reduce

the probabilit y of ph ysically unrealistic con�gurations under the mo del.

6.3 Learning P oses F rom Data

F or the task of learning represen tations for di�eren t activities of p eople from

full b o dy images of p eople w alking, the previous section illustrated ho w our



mo del is able to capture features for arms, legs, feet, hands and the head. Our

mo del also learns lik ely sub-p oses of the underlying ob ject. This information

is em b edded within the highest lev el discrete v ariable of the tree mo del. The

Fig. 8. (left) A sample from the �rst sub-t yp e of the TMG tree mon tage mo del. (righ t)

A sample from the second sub-t yp e of the TMG tree mon tage mo del.

left and righ t �gures of Figure 8 illustrate t w o "sub-p oses" that w ere learned

b y our mo del when 193 training cases from the video sequence of the �gure

w alking to the righ t w ere used to train the mo del. The images w ere of size 80x90

pixels. F our classes w ere used at the highest lev el in the tree and EM con v erged

to t w o degenerate p oses. 16x16 pixel laten t images w ere used with 10x10 pixel

images cropp ed out of the laten t image to comp ose the mon tage. The images

w ere obtained b y sampling from the mo del giv en the highest lev el classes. Here

again, a tree with greater depth w ould lik ely pro duce higher qualit y samples.

6.4 Recognizing P oses

Here w e presen t results on a test image sequences also consisting of h uman

�gures w alking while sim ultaneously manipulating hand held ob jects. The top

ro w of Figure 7 illustrates samples of the test data for the �gure w alking to the

righ t while Figure 9 illustrates samples of the test data for the �gure w alking

to the left. As discussed previously , these test images di�ered from the training

images with resp ect to the relativ e articulation of the �gure, the coarse alignmen t

of the �gure in the image and the ligh ting conditions are sligh tly di�eren t.

Using the test sets of 193 images of w alking to the left and 193 images of

w alking to the righ t the mo dels trained on the left and righ t w alking images w ere

used to compute the marginal lik eliho o d for eac h of test images. T able. 1 sho ws

a confusion matrix for p ose recognition on the test data. Imp ortan tly , when the

errors w ere analyzed further, it w as found that most of the misclassi�cations

o ccurred at the start and end of the image sequence. This e�ect is lik ely due

in part to the higher densit y of example data for direct side sub-p oses v ersus

example data for sub-p oses of the �gure facing sligh tly a w a y from the camera

or sligh tly to w ard the camera. In con trast, for the nearest neigh b or classi�er

the errors w ere the most dense in the second half of the sequence w alking left

sequence. This can b e explained b y the fact that the coarse cen tering of the

data w as sk ew ed to the righ t in the example data, while sk ew ed to the left in

the testing data. This misalignmen t w as less of an issue for the TMG mon tage

mo del.



Fig. 9. Images of a �gure w alking left used to test the mo del.

actual / classi�ed righ t left

righ t .83 ( .92 ) .17 ( .08 )

left .03 ( .25 ) .97 ( .75 )

T able 1. Confusion matrix for p ose classi�cation of the test data using the TMG tree

mon tage and using nearest neigh b ors ( italics ).The v ertical column is the actual p ose

and the horizon tal column is the classi�ed p ose.

6.5 T rac king and the Con trol of an Activ e Camera

Fig. 10. (left) A wide angle view of a surv alence area. (righ t) T rac king a sub ject despite

substan tial bac kground motion and o cclusion.

Consider the task of automating the con trol of a mo v able securit y camera.

In this task the op erator of the camera wishes to brie
y use the camera to

follo w a particular p erson and then allo w an algorithm to tak e o v er con trol of

the camera and con tin ue to trac k the p erson. F or this task, the sub ject of the

securit y camera migh t b e found within a cro wd of p eople who are also in motion.

W e ha v e gathered image data from v arious realistic lo cations (eg. shopping malls,

busy street corners and train stations) where complex dynamic bac kground are

common.

W e ha v e used high resolution wide angle views to allo w us to sim ulate the

mo v emen t of a smaller �eld of view of an activ e securit y camera. Figure 10 (left)

illustrates one frame from a wide angle view of a high tra�c area outside a



sub w a y station. The sub ject that w e wish to trac k has b een indicated b y hand

o v er the �rst 60 frames leading up to the o cclusion of the sub ject b y another

�gure. The sub ject is indicated using a white rectangle. The four images on the

righ t half of Figure 10 illustrate the results of a simple greedy trac king algorithm

that utilizes a tree mon tage trained on the initial 60 frames prior to the o cclusion.

The mo del has the same structure as in the previous tests. W e use the marginal

lik eliho o d under the mo del to select one of 24 p ossible discrete global translations

in x and y of the complete tree mo del. Our implemen tation of the same greedy

trac king algorithm using v arious metrics of simple template based similarit y all

ha v e di�cult y trac king ob jects in suc h scenes.

6.6 Implemen tation Issues

Our curren t Matlab implemen tation of the tree mon tage with the parame-

ters describ e ab o v e requires appro ximately 45 seconds to ev aluate the marginal

lik eliho o d for a giv en discrete global transformation. The same amoun t of time

is required for our co de to do an incremen tal Exp ectation step (E-step) for one

example of training data. Our incremen tal M-step requires appro ximately 2 sec-

onds. Our Matlab researc h co de is ine�cien t and as suc h w e p erform incremen tal

E-steps and ev aluate marginal lik eliho o ds used in our trac king implemen tation

in parallel using a cluster of net w ork ed computers.

7 Conclusions and Discussion

In this pap er w e ha v e in tro duced the TMG mon tage and presen ted a n um b er

of w a ys suc h a mon tage can b e constructed. W e ha v e presen ted Mark o v Random

Field and T ree structured metho ds of spatially coupling TMG mon tages. W e

ha v e deriv ed and presen ted the EM algorithm for a simple tree mo del with a �xed

structure. W e ha v e presen ted results in whic h our mo del has clustered images

of w alking h uman sub ject in to p oses and extracted features consisting of b o dy

sub-parts in an "unsup ervised" fashion. W e ha v e presen ted some "sup ervised"

classi�cation results and presen ted an activ e camera application for whic h our

mo del is able to deal with signi�can t bac kground mo v emen t and complexit y

where simpler trac king approac hes w ould clearly fail.

The TMG mon tage mo del can do a reasonable job of mo delling bac kground

as observ ed in our MAP images. F or some applications suc h as trac king, this

prop ert y is not desirable. In cases where there is signi�can t c hange in the bac k-

ground relativ e to c hanges in the foreground, a v ariance discrepancy will b e

pro duced and will b e observ able in the noise parameter of the laten t image. The

resulting discrepancy in v ariance can b e used to pro duce an image "mask" in-

dicating the b oundary of the foreground ob ject. This prop ert y allo ws the mo del

to do a b etter job than simpler tec hniques for trac king �gures with complex

bac kgrounds.

Ho w ev er, for some t yp es of data the bac kground v ariance is in trinsically

lo w relativ e to the foreground. This can also arise when little training data is

a v ailable. In these cases, a pre-pro cessing step can b e emplo y ed to iden tify static

elemen ts of the bac kground and the EM algorithm for training the mo del can b e

mo di�ed relativ ely easily to accoun t for the b oundary of the foreground �gure.



T o address the issues of the c hoice of tree structure and size, tec hniques

suc h as Structural EM [18] could b e used to learn trees with arbitrary size

and structure. Random v ariables corresp onding to ligh ting conditions, o cclusions

and foreground vs. bac kground can b e incorp orated in to suc h a framew ork in a

straigh tforw ard manner.
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