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Abstra t

In this paper we des ribe a novel generative model
for video analysis alled the transformed hidden Markov
model (THMM). The video sequen e is modeled as a set of
frames generated by transforming a small number of lass
images that summarize the sequen e. For ea h frame, the
transformation and the lass are dis rete latent variables
that depend on the previous lass and transformation in
the sequen e. The set of possible transformations is dened in advan e, and it an in lude a variety of transformation su h as translation, rotation and shearing. In
ea h stage of su h a Markov model, a new frame is generated from a transformed Gaussian distribution based
on the lass/transformation ombination generated by the
Markov hain. This model an be viewed as an extension
of a transformed mixture of Gaussians [1℄ through time.
We use this model to luster unlabeled video segments
and form a video summary in an unsupervised fashion.
We also use the trained models to perform tra king, image stabilization and ltering. We demonstrate that the
THMM is apable of ombining long term dependen ies in
video sequen es (repeating similar frames in remote parts
of the sequen e) with short term dependen ies (su h as
short term image frame similarities and motion patterns)
to better summarize and pro ess a video sequen e even
in the presen e of high levels of white or stru tured noise
(su h as foreground o lusion).

1 Introdu tion

Classi al video analysis algorithms are based on
short term pro essing, su h as video summarization
based on shot ut dete tion, image stabilization based
on opti al ow omputation and image denoising by
ltering out high frequen ies in time and spa e. In
spe ialized appli ations, espe ially in HCI and reently in image databases, resear hers have often used
more elaborate models that ombine high level onepts with low-level observations, su h as Bayesian
nets and Hidden Markov Models (HMM) (e.g., [2℄

and [3℄). We believe that general video analysis algorithms should use similar learning te hniques in order to gain global knowledge about a video sequen e
before performing analysis and pro essing, in luding
even lo al stabilization te hniques and ltering.
We are interested in developing algorithms that an
learn models of di erent types of obje t from unlabeled frames in a video sequen e that in lude ba kground lutter, o lusion and spatial transformations,
su h as translation, rotation and shearing. For example, Fig. 1 shows some 44  28 grays ale frames from a
video sequen e (Movie 1) of a person walking a ross a
luttered ba kground while hanging his pose. Traditional video summary algorithms based on s ene ut or
large motion dete tion would fail to extra t interesting frames from the sequen e as the amount of motion
is roughly equal everywhere in the sequen e.
We would like to form a di erent type of video summary that onsist of models for di erent head poses
and the hara teristi s of the global motion of the fa e.
Instead of using solely short term hanges as the riterion for summarizing the video, we hoose to de ne
video summarization as the task of parameter estimation in a generative model that is apable of randomly
generating a sequen e of similar hara teristi s. Generative models also allow estimation of the likelihood
of a new sequen e and thus they an be used to re ognize new sequen es similar in appearan e or in motion pattern. The stru ture of the generative model
should be hosen in a way that minimizes the number
of parameters to be estimated and redu es han es of
sti king into a lo al maximum during training. It is
likely that su h a stru ture would parallel the interesting stru ture in real s enes, and thus the inferen e in
di erent stages of a generative model would result in
performing some of the typi al image pro essing tasks.
In this paper, we illustrate this approa h and develop a general video analysis tool that extra ts long
and short term similarities in video using a novel gen-

Figure 2:

Figure 1:

A subset of frames from a video sequen e of a
head whi h appears at di erent positions and has di erent
poses.

erative model, alled the transformed hidden Markov
model (THMM). In the next se tion we des ribe the
parameters and hidden variables in this model, and
des ribe how to infer the hidden variables when the
parameters are known. Then, in Se tion 3, we show
how to learn the optimal parameters of the model for a
given sequen e using the EM algorithm [4℄. We ompare THMM with other lustering approa hes on a
tough toy problem in Se tion 4 and illustrate joint
learning of obje t appearan es, tra king, stabilization
and ltering on natural outdoor sequen es in Se tion
5.
2 The Transformed Hidden Markov
Model

We assume the following generative model (Fig. 2)
for a video sequen e. Ea h frame orresponds to one
of the nite number of lusters ( = 1; :::; C ) whi h are
hara terized by a Gaussian distribution with a diagonal ovarian e matrix (Se tion 2.1). It is assumed
that when forming an image in a sequen e, a latent
image is rst drawn from this distribution and then it
is transformed by one of the nite number of possible
transformations , ` = 1; :::; L.
Although the true transformation variables are realvalued, real-valued latent variables introdu e ompliated integrals (instead of summations) into the inferen e problem. So, we will assume there is a xed set
of possible transformations and that this set is spe i ed beforehand. Also, the algorithm is simpli ed by
assuming that the ve tor of pixel values for the transformed image is obtained by multiplying the ve tor
of pixel values for the latent image by a matrix ( ).
For most transformations, ea h pixel in the observed
image will depend on only a small number (say, 4)
`

`

The THMM model

of pixels in the latent image. So, is a sparse matrix with a number of olumns equal to the number
of pixels in the latent image and a number of rows
equal to the number of pixels in the observed image.
This permits a broad lass of transformations, in luding translation, s ale, in-plane rotation, and shearing.
In the sequen e in Fig. 1, for example, the lasses
should represent di erent head poses, and the set of
transformations f g an be the set of possible translations de ning where the fa e appears in the image.
Ea h frame t an be des ribed by a state s = ( ; l )
ontaining the lass index and the transformation index. The a tual frame x is generated randomly from
the distribution p(x js ) = p(x j ; l ) asso iated with
the state. For this distribution, we use the transformed mixture of Gaussians (TMG) model [1℄ whi h
we des ribe next.
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Observation Likelihood

The probability density of the ve tor of pixel values
z for the latent image orresponding to luster is
p(zj ) = N (z;  ;  ):

(1)

 is the mean of the latent image and  is a diagonal
ovarian e matrix that spe i es the variability of ea h
pixel in the latent image. The data we are interested
in here is high dimensional, so we use a diagonal ovarian e matrix instead of a full ovarian e matrix. In
general, di erent lusters will represent di erent types
of latent image and the orresponding noise varian e
maps will spe ify whi h regions are not well modeled
| e.g., ba kground lutter.
The probability density of the ve tor of pixel values
x for the image orresponding to transformation ` and
latent image z is
p(xj`; z) = N (x; z; );
`

(2)

where is a diagonal ovarian e matrix that spe i es
the noise on the observed pixels.
The varian es  of the pixels in the latent image
are quite di erent from the varian es of the pixels
in the observed image.  models the noise in the
pixel values for luster and this oheres to the latent
image under transformations. In ontrast, models
noise in the observed pixels and this noise does not
depend on the transformations.
The joint distribution of the observed and latent
image, given the state of the Markov Chain at the
time t is then:
p(xt ; zt j` ; ) = N (xt ;
t

t

`t

zt ; )N (zt ;  t ;  t ): (3)

The latent image z an be integrated over in losed
form [1℄:
p(x j` ; ) = N (x ; t  t ; t  t 0 t + );
where \ 0 " indi ates transpose.
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Transition probabilities

(4)

The frames in a video sequen e should not be
treated as independent. For example, if several head
poses are used to represent all frames in the video
sequen e, then onse utive frames are likely to have
the same head pose, and when the pose hanges in
the next frame, not all the poses are equally likely.
Also, the transformations in two onse utive frames
are likely to be similar.
There are several types of temporal dependen ies
that an be in orporated into the THMM. To redu e the number of parameters, we an assume that
the state at time t 1 ontains all the ne essary information about the past, i.e. p(s js 1 ; s 2 ; ::::) =
p(s js 1 ). Also, in most ases it is reasonable
to assume that while the motion (transformation
transition) may or may not depend on the image lass, the lass transition is independent from
the urrent transformation index, i.e., p(s js 1 ) =
p( j 1 )p(` j` 1; 1 ). Su h a model would have
C 2 + L2 C transition probabilities to be estimated in
the training pro edure. The number of parameters
is dominated by the term L2 , sin e there is typi ally
many more possible transformations than lasses. To
further redu e the number of parameters, we limit the
probabilisti model to relative motion de ned by a
mapping m(` ; ` 1 ).
For example, in the ase of image translations, this
mapping would simply orrespond to the relative shift
between two global translations. If a total of M vertial and M horizontal shifts are possible, then the total
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number of transformations is L = M 2 and the transformations an be sorted so that ` = iM + j , where
i; j denote indi es of the appropriate verti al and horizontal shifts. pThen, we an de ne the mapping as
m(` ; ` 1) = (i i 1 )2 + (j j 1 )2 , if we are
interested only in the intensity of the relative motion,
or as the ve tor m(` ; ` 1 ) = (i i 1 ; j j 1 ), if
the dire tion of the motion is also important. In a
similar fashion the distan e measure for other types of
transformations an be de ned. Then, we an de ne:
p(s js 1 ) = p( j 1 )p(m(` ; ` 1 )); or; (5)
p(s js 1 ) = p( j 1 )p(m(` ; ` 1 )j 1 ); (6)
depending on whether or not we want to allow di erent motion hara teristi s for di erent image lasses.
By assuming small motion between onse utive frames
and setting p(m) = 0 for jmj > thr, the number of parameters and the omputational load of the inferen e
pro edure an be drasti ally redu ed.
Another useful variation to de ning the transformation transition is the use of an autoregressive model to
apture higher order dynami s in a sequen e.
The full Transformed Hidden Markov Model has
the following parameters:  , for = 1; :::; C - the
mean images for C lasses;  , de ning the levels
of un ertainty for di erent pixels for ea h lass; ,
the diagonal ovarian e matrix des ribing the sensor
noise;  where s = ( ; `), the prior probabilities of
di erent states; and nally the transition probabilities a 0 = p(s = s0 js 1 = s), that an be fa torized
as shown above. The hidden variables in the model
are the states s and the latent images z .
In this generative model, given the previous
state, the luster index
and the transformation index ` are drawn randomly from a 1 =
p( ; ` j 1 ; ` 1). Then, a latent image is drawn
from p(z j ), and then the nal frame is drawn from
p(x j` ; z ). The pro ess is repeated until the end of
the sequen e.
If we have the optimal THMM parameters for a
given sequen e (and they an be learned as we will
show later), several interesting image pro essing tasks
an be de ned simply as inferen e of the hidden variables in THMM (Fig. 3) Inferring the mean of the
Gaussian in Eq. 2 orresponds to the removal of sensor
noise. Inferen e of the transformation index is equivalent to obje t tra king. Sin e the model assumes that
the latent image z was produ ed before applying the
transformation, inferen e of z (most likely image given
in Eq. 26) results in image stabilization (a frame an
also be stabilized by applying an inverse of the most
likely transformation). As a probabilisti model, the
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trained THMM an also be used for video oding and
re ognition of similar video sequen es.
In the next two se tions we des ribe how to infer
the states in this model and how to train the model
using the EM algorithm.
2.3

Inferring states and omputing the
likelihood of the observed sequen e

The joint log likelihood of a video sequen e X =
and the state sequen e S = fs g =1

fx g =1
is:

t

t

;:::;T

t

log p(X; S ) = log  0

T
X

s

=0

(log p(x js ) + log a
t

t

t

;:::;T

+1 ):

st ;st

Figure 3: Video analysis as learning and inferen e in a
THMM model

t

(7)
The likelihood of the video sequen e X is omputed
by summing over all possible state sequen es S :
p(X) =

X

p(X; S ):

(8)

The uniform initialization in the ba kward re ursion
makes no assumptions about the unobserved images
beyond the end of the sequen e.
It an be readily seen that:

S

When the model has C lusters and L transformations,
the number of possible state sequen es S is equal to
(CL) and thus omputing the likelihood a ording
to the previous equation is impra ti al. However, it is
possible to infer the states and ompute the sequen e
likelihood for given parameters in a mu h more eÆient way using the forward-ba kward algorithm.
The \forward probability distribution" is de ned
as:
(s) = p(x1 ; x2 ; :::; x ; s = s);
(9)
whi h an be omputed eÆ iently using the re ursion,
(10)
1 (s) =  p(x1 js);
T

t

t

+1 (u) =

hX
t

(s)a

i
s;u

p(x +1 ju):
t

(11)

s

The observation probability density p(x +1 ju), where
u denotes a parti ular ombination ( ; `) is given in
Eq. 4.
Similarly, the \ba kward probability distribution"
de ned as,
(s) = p(x +1 ; x +2 ; :::; x ; s = s);
(12)
an be omputed using the re ursion:
(s) = 1:
(13)
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a p(x +1 ju) +1 (u)
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(15)

t

Thus, after omputing forward and ba kward probability variables, the likelihood of a sequen e an be
omputed as,
p(X ) =

X
T

(s);

(16)

s

or ompute the probability of ea h state at time t:
P (s = sjX) =

t

s

t

p(X; s = s) = (s) (s):

t

P
u

t

(s) (s) :
(u) (u)

(17)
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We an also ompute the distribution over two onse utive states given the observations as:
P (s = s; s +1 = u; X) =
t

t

t

(s)a p(x +1 ju) +1 (u) :
p(X)
(18)
s;u

t

t

Computing the onditional likelihood p(x js = s)
for all possible states s takes O(CLN ) time where
N is the number of pixels in the frame [1℄, and the
omputation of forward and ba kward variables takes
O((CL)2 T ) omputations for the full transition model
whi h an be further redu ed by assuming small relative motion as dis ussed in the previous se tion. Summing over the states in the forward algorithm an also
be repla ed by maximizations (Viterbi algorithm) if
the goal of the inferen e is the sequen e that maximizes the total likelihood, as opposed to the most
likely state for a given time frame.
t

t

3 The EM Algorithm for a
Transformed Hidden Markov Model

In this se tion, we des ribe an iterative expe tation
maximization (EM) algorithm for estimating the maximum likelihood parameters of a THMM. In the E step
the expe tations onditioned on the urrent parameters and the observed data are omputed (for example,
the distributions over hidden states s and latent images z are inferred from the given data). While the E
step keeps the model parameters onstant, the M step
uses only the suÆ ient statisti s from the E step to
nd the parameters that maximize the log likelihood
of the data. The hange of model parameters requires
re- omputation of the statisti s in the E step, and thus
the need for iterating. This pro edure onsistently inreases the likelihood of the training data.
In spee h pro essing literature, the EM algorithm
for HMMs with mixture of Gaussians as observation
distributions was proven to onsist of omputing relative frequen ies of state transitions (just as for the
fully dis rete HMMs in [5℄, [4℄) and re-estimating the
observation mixture parameters using the state responsibilities similar to Eq. 18 (see [6℄, for example). Our observation distribution is also a Gaussian
for ea h state s (Eq. 4), but the parameters for different states are tied. For example, for a xed lass
, all observation means are the transformed versions
of ea h other. The way to handle this was des ribed
in [1℄, and for THMM we just need to ompute state
responsibilities using the forward-ba kward algorithm,
instead of treating the frames independently.
t

t

3.1


~ = diag hE[(x
z) Æ (x
z) X℄i :
(22)
The prior distribution of the states for the rst frame
an also be estimated if the training is performed on
multiple sequen es. Otherwise, we an just assume a
uniform prior. In order to avoid over tting the noise
varian es, it is sometimes useful to set the diagonal
elements of  and that are below some  equal to
. When the transition probability distribution is fa torized as suggested in Se tion 2.2, the re-estimation
formula in Eq. 19 an be simply adjusted to do appropriate averaging of the eviden es of the transitions
that are treated as the same in the model. For example, to estimate the relative motion distribution in Eq.
5, we ompute:
hP +1 P (s ; s +1 ; X)Æ(m(l ; l +1 ) m)i
p~(m) =
;
hP P (s ; X)i
(23)
where Æ(0) = 1 and Æ(m) = 0 if m <> 0.
t

t

st ;st
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3.2

E-Step: The Expe tations

The forward-ba kward algorithm is used to ompute for ea h time instant t the state responsibilities P (s jX). These are then marginalized for ea h
value of and normalized for ea h value of to obtain P ( = jX) and P (` = `j = ; X). Then, the
suÆ ient statisti s are omputed from [1℄:
= COV(zj ; `; x) = ( 1 + 0 1 ) 1 : (24)
0 1 x +  1  ; (25)
E[zj ; `; x ℄ =
t
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~ =diag hP ( = kjX)E[(z  ) Æ (z  )j = k; X℄i ;
hP ( = kjX)i
t

k

k
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(21)
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P (`j ; X)E[zj ; `; x ℄: (26)
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t

`



 (E[zj ; `; x ℄  ) Æ (E[zj ; `; x ℄  )
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z)jX℄ =

E[z j ; `; X℄) Æ (x
0) :
+ diag(
t

zj = k; X℄i ;
~ = hP ( =hkPj(X)E[
= kjx )i
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hi
=1 () indi ates a statisti suÆ ient for
the M-Step, whi h is omputed by averaging over the
training set as des ribed in the next se tion; diag(A)
gives a ve tor ontaining the diagonal elements of matrix A; diag(a) gives a diagonal matrix whose diagonal
ontains the elements of ve tor a; and a Æ b omputes
the element-wise produ t of ve tors a and b. We denote the updated parameters by \~".
hP (s = s; s +1 = u; X)i ;
(19)
a~ =
hP (s = s; X)i

t

k

M-Step: The Maximizations

= 1
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C
L
X
X

=1 =1

t

(27)

P ( = ; ` = `jX)
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E[z j ; `; X℄)
t
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4 Extra ting Shapes and Learning
Motion Pattern From Syntheti
Data

(28)

Fig. 4 shows 30 11x11 frames from a 200 frames
long 'pa -man sequen e'. Ea h frame ontains one of

Figure 4:

30 frames from a 200-frame sequen e of a pa man game on an 11x11 grid
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Figure 5:

Cluster means resulting form MG, TMG and
THMM training; the relative motion patterns for di erent
lusters in the trained THMM (last row) and the lass
transition matrix of the THMM (right)

the four basi 3x3 pa -man shapes dis ernable by the
orientation of the mouth. The levels of ba kground
noise and sensor noise make it diÆ ult to re ognize
the shapes when the frames are studied individually.
However, the pa -man's motion is highly regimented:
it always moves by at most one pixel in the dire tion of
his mouth (probability of staying put is 0.2), and o asionally (with probability 0.75) it makes a left turn
by appropriately hanging the mouth orientation.
A model that does not allow image transformations,
su h as an ordinary mixture of 6 Gaussians shown in
the rst row of Fig. 5 will fail to luster the data.
Even using a tranformation invaraint lustering algorithm that treats frames as independent, it is diÆ ult
to tell the lasses apart, as the basi shapes di er in
less than 2% of the number of observed pixels. For
example, in the se ond row of Fig. 5, we show the
six lasses learned by training a TMG (until onvergen e) assuming a uniform prior over all 11x11=121
possible translations. While the lasses are no longer
blurred over the whole image, the ba kground lutter
is still not suÆ iently suppressed and the shapes are
not ompletely separated. In fa t one shape is missing
entirely (mouth looking down).
We re ned the learned lasses by training a
THMM to see if it an dete t the regimented
lass/transformation transition and use it to better
luster the data and estimate the luster means. We

initialized the THMM model with learned lusters
from TMG training and assumed the transition model
of Eq. 6. In the se ond row of Fig. 5 we show the
learned luster means after 14 iterations of EM. The
ba kground lutter is further suppressed, and one of
the ambiguous TMG lasses was re ned into the missing 'down shape.' In the third row of the gure we
show the motion distribution for ea h luster as a
gray level image in whi h the intensity is proportional
to the probability of the orresponding relative shift.
These motion likelihood images show the orrelation
between the dire tion of the mouth in the shape and
the dire tion of the motion. The lass transition probability matrix (shown as a gray level image) aptures
the left turns in the data as the transition between
appropriate appearan es. Sin e 6 lasses were used
in the model and there are only 4 distin t shapes in
the data, 2nd and 6th mean are similar and there is a
high probability of swit hing between them; and the
4th lass is estimated to be very unlikely, as the 4 olumn of the lass transition matrix idi ates that none
of the lasses are likley to hange into the 4th shape.
5 Extra ting Stru ture from Outdoor
Video Sequen es with Cluttered
Ba kground and Foreground
Obstru tions

Fig. 1 shows 25 examples from a 400-frame video
sequen e (video 1) where the individual hanged his
pose. We trained a THMM ontaining C = 5 lusters
and L = 625 translation transformations (25 horizontal shifts and 25 verti al shifts) using 30 iterations of
the EM algorithm. We assumed the transition model
of Eq. 5. Fig. 6 shows how the THMM model summarized the sequen e. In the rst row of the gure we
show the 5 luster means, and the se ond row ontains
the pixel varian es for the lusters, while the last image illustrates the probability distribution of the translational part of the head motion (the larger shifts than
3 pixels turned out to be highly unlikely). For or all
but one luster, the learned luster noise map illustrates that the model learned to segment the obje t
from the ba kground by realizing that the ba kground
is mu h more varying (in ases when the ba kground
is uniform, or when it moves together with the obje t,
this would not be the ase). The luster varian e map
shows how the model s ales the ontributions of different pixels when mat hing a lass and tra king the
obje t.
The motion hara teristi s in this summary are the
statisti s of the obje t motion as opposed to an opti al ow map, for example, that gives lo al motion

c=1

c=2

c=3

c=4

c=5

µ

Φ

Ψ

P(m(l’,l))
relative shift probabilities

Figure 6:

Summarizing the sequen e (Movie 1) by the
learned THMM parameters

estimates. This ri hness and ompa tness of knowledge about the sequen e is the onsequen e of summarizing the video with the global goal of maximizing
the likelihood of the data with respe t to a stru tured
generative model, rather than with lo al motion hara teristi s or pixel histograms in mind.
As illustrated in Fig. 3, the trained model an
be used for a variety of image pro ssing tasks. In
Movie 2, we show the result of image stabilization
performed on the sequen e in Movie 1 by infering the
most likely latent image z , for ea h frame (Eq. 26).
To illustrate THMM as a generative model, in Movie
3, we ontinue the original sequen e with generated
frames from the THMM model with negle ted noise
(the frames ontain transformed means in Fig. 6 and
the lass/transformation transition is governed by the
model estimated from the original sequen e).
Next, we illustrate noise removal using THMM inferen e. In Movie 4, we show three sequen es running
syn hronously. The rst sequen e was produ ed by
adding very high level of white noise to the sequen e
in Movie 1. The se ond sequen e ontains the frames
with removed estimated sensor noise . The third
sequen e ontains the result of removing also the estimated luster nose , whi h means that ea h frame is
repla ed by the transformed mean of the most likely
luster. Finally, the last sequen e shows for ea h frame
the most likely latent image z whi h results in joint
stabilizeation and sensor noise suppresion. The model
used for pro essing was trained on the noisy sequen e
itself, not on the lean sequen e in Movie 1. THMM
was able to suppress the noise and learn lean data
means (as an be seen in the third sequen e in Movie
3). As an be seen in the third sequen e, stabilization
still works most of the time, and as inherent to the
framework, the stabilization error in one frame does
not ruin the stabilization in the rest of the sequen e.
t

Note that estimation of lo al motion in presen e of
this level of noise would be too unreliable to perform
image stabilization using traditional te hniques.
In the se ond example of noise suppression, we degraded the original sequen e by pla ing a stati dark
bar in front of both the ba kground and the fa e (the
rst row in Figure 7 and the rst sequen e in Movie
4). We then performed 30 iterations of THMM learning assuming a single lass and the set of transformations as before. In Fig. 7 we show the resulting luster mean and varian es and the sensor noise estimate.
The luster mean and varian es show no presen e of
the bla k bar and the observation noise was estimated to be very high in the bar region even though
these pixels had almost onstant intensities in the image! This happened be ause the model xated on the
fa e whi h was the largest obje t of relatively onstant
appearan e, even though it was partially o luded in
many frames. During the training the missing data
was lled in with average appearan e of the fa e in the
rest of the sequen e (whi h was possible as the bar did
not always o lude the same part of the fa e). As the
fa e and the ba kground moved with respe t to the
bar, THMM ould not properly predi t the observed
pixels in the bar using its single lass template and
luster pixel varian es, and thus in reased the sensor
noise in that region. Removing the sensor noise (se ond sequen e in Movie 4 and Fig 7), and stabilizing
the sequen e (the third sequen e and Fig. 7) using
THMM inferen e resulted in suppressing the bar, i.e.,
when inferring the most likely latent image z given the
observed frame, the observed pixels in the bar where
weighted less than the expe ted values from the luster mean, whi h in the denoised sequen e looks as if
the bla k bar was made a transparent.
In the nal experiment, we set up a mo k video
surveillan e system assuming that for the best angle
of view the amera had to look at the street through
the bars and ir ular ornaments of a metal gate. A
short video sequen e (some of the frames shown in
the upper row Fig. 8) shot in this way ontained a
tru k that drove from right to left. We rst trained a
regular 1- lass TMG model (assuming that frames are
independent of ea h other), and the resulting mean
and varian es are shown in Fig. 9 (left). The set of
transformations ontained all possible horizontal shifts
in the 60x29 frames, and ea h translation matrix was
de ned with 'wrap around'. Even though TMG has
the apability of normalizing for the transformations
in the data, it fo used on the stati ba kground and
the gate, simply be ause the foreground bars and irular ornaments o upied too many pixels. In fa t,
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Figure 7: Several frames from a sequen e degraded with a bla k stati obstru tion o luding the obje t of interest, and
the result of suppressing the distra tion (se ond row) and image stabilization (last row) using a THMM model (right)
learned from the degraded sequen e

Figure 8:

Learning the model and tra king an obje t moving between a stati ba kground and an obstru ting stati
foreground obje t (the bar gate)
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Figure 9: Learned means and varian es for a TMG model
and a THMM model with the relative motion distribution
favoring motion to the right

even applying THMM blindly to this problem produ es a similar result, as THMM an also de ide that
there is no global motion in the video. So, we de ned
a prior distribution over the relative motion m(l0 ; l)
that disallows rest and motion to the right and used
it in THMM training. The prior gave equal weights
to the motion to the left regardless of the intensity.
In this way we told the learning algorithm to look for
the obje ts moving to the left. The learned mean and
varian es are shown in Fig. 9 (right). Even though
parts of the tru k were o luded in ea h frame, THMM
was able to integrate the tru k's appearan e over all
frames and suppress the gate parts. In the se ond row
of Fig. 8, we demonstrate tra king in this sequen e
- at ea h time frame the image ontains the luster

mean shifted to the most likely position for that time,
given the whole observed sequen e. As the tru k disappears from the s reen, the tra king slows down, as
the forward-ba kward estimation of the state sequen e
for es the motion to ontinue, but the likelihood of the
data redu es (sin e the assumed transformations wrap
around the verti al edges of the frame, the data does
not o er eviden e for the appropriate shift, as THMM
expe ts to see the missing part of the tru k at the
opposite side of the frame).
6 Summary

We presented a new generative model for video
analysis. Using learning and inferen e in this model we
were able to jointly suppres the ba kgund lutter and
foregorund o lusions, learn obje t appearan es and
tra k the obje ts in the sequen es. The model an
be naturally extended to in lude multiple obje ts in
di erent layers and more omplex appearan e models
su h as fa tor analysis. Our future resear h will also
fo us on fast variational te hniques and multiresolution approa hes to redu e the omputational expense
of the exa t EM algorithm that we used in our experiments (for example, the training for the last experiment took 6 minutes per frame per iteration using our
loop ri h Matlab ode on an older SGI omputer).
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