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Abstract

This paper describes a probabilistic decomposition of
human dynamics at multiple abstractions, and shows how
to propagate hypotheses across space, time, and abstraction
levels. Recognition in thisframework is the succession of
very general low level grouping mechanisms to increased
specific and learned model based grouping techniques at
higher levels. Hard decision thresholds are delayed and
resolved by higher level statistical models and temporal
context. Low-level primitives are areas of coherent motion
found by EM clustering, mid-level categories are ssimple
movements represented by dynamical systems, and high-
level complex gestures are represented by Hidden Markov
Models as successive phases of simple movements. We
show how such a representation can be learned from train-
ing data, and apply it to the example of human gait recog-
nition.

1 Introduction

This paper addresses the problem of learning and rec-
ognizing human and other biological movements in video
sequences of an unconstrained environment. We attack
this problem with a compositional framework consisting
of statistical models at various levels. Starting at raw pixel
valuesof aninput video sequence, we show how hypotheses
at various abstraction level s can be propagated probabilisti-
cally through space and time, and can be used to recognize
complex movements. We demonstrate how to learn such
multi-level decompositions from training data and use it
for recognition of human gait categories in unconstrained
cluttered environments.

Segmentation and recognition is treated as the same
problem: Recognition is a succession of very generd
low level grouping mechanisms to increased specific and
learned model based grouping techniques at higher lev-
els. Hard decision thresholds are delayed and resolved
by higher level statistical models and temporal context.
Speech recognition is a prime example where multiple lev-
elsof abstraction, likespeech features, phoneme categories,
word models, and language model sare integrated in a prob-
abilistic way and estimated from large training corpuses.
Although the domain of speech recognition is much more
structured and simplified, recent trends in the field of sta-
tistical learning, and its application to low and mid-level
computer vision provide abasic substrate for our ambitious
goal to treat the visual domain with similar principles.

Section 2 describes the framework, which includes a
low-level layered representation, mid-level temporal group-
ing using simple dynamical categories, and high-level

recognition of complex movements. Subsection 2.3 de-
scribes how such an architecture can be estimated from
training data. In Section 3 we describe learning, segmenta-
tion, and recognition experiments on human gait data, and
in Section 4 we relate our approach to previous work.

2 Probabilistic Compositional Framework

Whileperforming an action or gesturemost of the human
body segments are in motion most of the time. Thisisa
very strong cue that we wish to exploit. The image region
that belongsto arigid body segment contains one coherent
motionfield. Two body segments can be disambiguated by
detecting two different coherent motion areas in theimage.

Over multiple frames, characteristic motion sequences
can be detected. Simple movements (for example arm or
leg swings) can be modeled with linear dynamical systems,
whereas more complex movements like a walk cycle can
be represented as a sequence of simple movements. While
aleg has ground support, acertain linear dynamical system
hasvalidity, and whilethelegis swinging above the ground,
another linear dynamical system can describe the motion
history.

Noisy input images, spatial and temporal ambiguities,
occlusion, cluttered environments, and large variability call
for a probabilistic framework. Guiding principles are, (a)
no early commitment to specific hypotheses, (b) besides
bottom up flow, higher level hypothesis should be able to
disambiguate lower level estimates, (c) low computation
and representation costs, (d) mid and higher level models
should be learnable.

Figure 1 shows the 4 level decomposition. Each level
represents a set of random variables and probability distri-
butions over hypotheses. The lowest level is a sequence
of input images. For each pixel we represent the spatio-
temporal image gradient and optionally the color value as
a random variable. At the next level are blob hypothe-
ses. Each blob is represented with a probability distribu-
tion over coherent motion (rotation and tranglation or full
affine motion), color (HSV values), and spatial “support-
regions’. In the third level, temporal sequences of blob
tracks are grouped to linear stochastic dynamical models.
At the highest level, each dynamical model correspondsto
the emission probability of the state of a Hidden Markov
Model (HMM).

For example, the movement of one leg during a walk
cycle can be decomposed into one coherent motion blob for
the upper leg, and one coherent motion blob for the lower
leg, one dynamical system for all the time frames whilethe
leg has ground support, and one dynamical system for the
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Figure 1: 4 level decomposition of human dynamics.

case thelegisswingingabove ground, and a“cyclic’ HMM
with 2 states. The state space of the dynamical systems are
thetrangl ation and angular vel ocities of the blob hypothesis.
The HMM staysin thefirst state for as many frames as the
first dynamical system is valid, and transits to the second
state once the second dynamica system is valid, and then
cycles back to the first state for the next walk cycle.

Given a sequence of images I, I, ...1;, corresponding
blob estimates, linear dynamical systems, and HMMs for
a set of different gaits or gestures, we can perform a high-
level classification in computing the following posterior:

PHMM;| I, Iy, ... 1) (1)

The Hidden Markov Model (HMM;) with the highest
score is the most likely complex gesture performed in the
image sequence. |f more than one gesture is performed,
several HMM s corresponding to several blob tracks should
have high score.

In the following subsections we describe the various
levels and the multilevel estimation process.

2.1 Mixtures of Coherence Blobs

The likelihood that a group of pixel belong to the same
blobis based on motion (and color) similarity, spatial prox-
imity, and groupingsin earlier time frames. For each pixel
location (x,y) we need to estimate a “hidden variable”’
S(z,y) that tells usto which blob it belongs, and we need
to estimate for each blob the motion, color, and spatial
distribution. If the number of blobsis K, the domain of
S(z,y) € {1,2,..., K}. Thisleadsto arepresentation that
is aready used in so called “layered motion” approaches
[29, 17, 1]. Simultaneously the labels S(x, y) and the mo-
tion, color, and spatial parameters can be estimated using
the Expectation Maximization (EM) maximum likelihood
[9]. There are various ways to determine the number of

layers K as well [1, 29]. Our approach differsin the way
it also incorporates past histories of groupings in earlier
frames, and how it encodes spatial proximity.

The set of blob hypothesesfor a givenimage frame ()
arerepresented as amixture of multivariate Gaussians 6 (¢).
Each single Gaussian 6, () encodes the coherent motion of
that blob (either 2D trandation and rotation, or affine mo-
tion), optionally the coherent HSV color values, and the
center of mass and second moments of the (z, y) pixel co-
ordinatesin each blob. An additional outlier or background
layer fo(t) is defined, that has uniform distribution.

The likelihood of animage frame I(¢) given a“mixture
of blobs” hypothesisé(t) is defined as:

P(I(t)]0) = [T PUI(t,2,y), 2, yl6(1)) 2

Y
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wy,(t) are the mixing coefficients of the mixture model
which should add up to 1. As we will see later, they are
useful for “track-elimination” as well.

P(x,y|0x(t)) is the spatia proximity prior for blob &
(Gaussian distribution using the mean and second moments,
or uniform for background).

P(I(t,z,y), 2, yl0(t) =

2.1.1 Motion Model

P(I(t,z,y)|z,y,0,(t)) is defined using the spatio-
tempora image gradient and optionally the color values
hsv(t, z, y). The standard gradient formulation for optical
flowis:

VIt z,y) v(z,y) + L(t,z,y) =0 (@]
whereV isthespatial gradient operatorin« and y direction,
and ; isthe temporal derivative. v(z,y) is the motion at
point (x, y).

In case of an affine motion model:

+y - 51,2 +dx ) (5)
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where S = [ s21 1+ 522 ,[ d, ] is the affine

warp. In case of rotation and translation only, S is con-
strained to be orthonormal.

The term in (4) can be modeled with a zero-
mean Gaussian distribution ([27]). This defines
P(VI(t, T, y) |8171, 51,2, 82,1, 52,2, dx, dy) which we use for
P(I(t, z,y)|e, v, 0:(1)).

212 EM algorithm

Maximizing (2) is done using the EM algorithm. The E-
step is the estimation of the support layers for each blob.



The support layer for blob & at pixel (x, y) isthe posteriori
probability:

Sk(t,z,y) == P(S(t, 2, y) = kI(t,2,y,),2,y,0())

(6)
o wi Pz, y|0x () P(I(t, 2, y)|z, y, 0k (1)) (7)

The Gaussian distribution P (i, y|0 (¢)) diesoff quickly
beyond a certain region-of-interest, which allows pruning.
We only maintain the support map of thisregion-of-interest.

M-Step is maximizing the expected log-likelihood
which can be decomposed into minimizing the following
three independent terms:

=Y O Sk(t,z,y)logwy 8)
> Sk(t,x,y)log P, y|0k(t)) (9)
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Minimizing (8) with to the constraint »", w, = 1is

uivalent to assignin o ey S0y Mini
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mizing (9) is equivalent to computing the weighted means
and covariances for support layer. (10) can be minimized
using an extension of the Lucas-Kanade motion estima-
tion described by Shi and Tomasi [26]. Our experiments
have shown that with just afew E and M steps, we already
converge to a stable estimate.

The initialization of the EM algorithm is done by split-
ting up the image into equal tiles. These are the initial
support maps. The M-step then computes so-to-speak opti-
cal flow onthesetile” super-pixels’. Thenext E-step refines
the support maps, and the next M-step refines the motion
parameters for the new support maps. It has been proved
that the likelihood (2) is non-decreasing at each iteration
[9]. If it does not increase, itisat a convergence point.

Figure 2 shows two example support maps of two blob
models covering the lower and upper leg of arunner. The
support map has high probability for the motion model
(black ink) at regions with high gradients, because these
areas can be uniquely matched to the specific motion mod-
els. At non-textured regions, more than one motion model
matches the data, and during the E-step, equal probability
to several motion models is assigned. In some sense this
approach isimplicitly a edge based tracker at regions with
high edge gradients, and a region based tracker at regions
with high texture.

2.1.3 Incorporating past estimates

Taking into account that in a physical world objects can’t
changetheir motion in an arbitrary manner, we can compute
prior distributions for the blob parameters using previous
time frames. Kaman filters [2] are the obvious choice
for computing such priors in a recursive way. The state
space of the filter are the blob parameters ¢(¢). Based on
the Gaussian distribution of #(¢t — 1), the Kalman update
computesthe predicted mean and covariance of 6(t), which

t=39 support layer for blob #49 support layer for blob #53

i) o v

Figure 2: Two support maps for two coherent motion re-
gions. The posteriori probabilities that a pixel location
belongs to a coherent motion area is higher at areas with
large image gradients (e.g. boundary of the legs)

we use as priors P(8(t)|6(t — 1), ...6(1)) for the new EM
iterationst.

EM isshownto converge to alocal maximaonly. There-
fore it is sensitive to the starting point. The Kalman filter
provides an elegant solution in allowing for an “innova-
tion” measurement relative to the predicted state ([2]). In
this case the EM starting point is the predicted Kalman
state.

Another interestingfeature of the Kalman filter istheuse
of ameasurement noise covariance. Thisisvery important
incase of motionaperture. For example alongtheboundary
of a non-textured leg, the motion can only be estimated
realiably perpendicular to the boundary line. Perpendicular
to the boundary the covariance should peak sharply, and
along the boundary it should have a large extent. The
measurement noise covariance is computed using results
from ([27]).

Besides viewing this method of blob segmentation as
a MAP-EM estimate, where the Kalman filter provides
the priors, we aso can present this method as propagating
a multinomial distribution (mixtures of Gaussians) of the
“system state” 0(¢) through time. This has relationships
with the recently proposed “ condensation tracker” [16].

Making only generic assumtions about the domain, the
dynamical system equation of the Kalman filter is chosen
to be a constant velocity update of the motion and spatial
parameters. If it is known a-priori what specific motion
is been tracked, better choices would be domain specific
dynamical models learned from training data. The good
performance of such models has been shown on spline
based tracking of edge segments [4]. In our case, we don't
know yet at thisabstraction level which blob performswhat
specific motion. For example the lower leg segment during
a certain phase of a running cycle complies to a different
linear dynamical model then the upper arm segment during
a different gesture. It is too early to commit to a certain
motion model and this|eads to the next higher abstraction
level.

2.2 Mixtures of Dynamical Systems and Motor-
program HMMs

Following the same principle of “soft-commitment” as
we did in the blob segmentation with the hidden variables
Sk (t, z, y), we introduce another set of higher level hidden
random variables D,y, (¢, k), that group a sequence of blobs
0r (1), Bk (t41), ... b, (t+d) tosimpledynamical categories.
The mid-level grouping into dynamical categories is done

1[14] have shown astraightforward method, how to extent EM for max-
imum a-posteriori (originally EM isonly defined for maximum-likelihood
without model priors).



Figure 3: Footage of arunning subject. The white cross close to the front foot shows the center of mass of one blob track.
Asyou see the Kalman filter can cope with the short occlusion at time¢ = 72 by the runners hand.

acrosstimet for each blob track separately. (Potentially we
also can merge different blob tracks if they comply to the
same dynamical category, and are in spatial proximity to
each other.) The dynamical categories are represented with
aset of M second order linear dynamical systems. Example
categories are hand-waving or certain phases during a gait
that can be approximated with a linear system. We call
these categories movemes’ inrelationship to phonemes. A
complex gesture “word” should be composed out of simple
movemes.

To compute the probability D, (¢, k) that acertain blob
6x (t) belongs to one of the dynamical categories m, the
following notation of a discrete 2nd order stochastic dy-
namical systemis used [4]:

Q)= AL, -Q(t—2)+ A0y, - Q(t — 1)+ By, -w (11)

Thestatevariable(t) isthe motion estimate of the specific
blob 6y (t). w isthe system noise, and C,,, = B,,, - BL is
the system covariance.

Our final goal is to classify complex gestures that are
composed of simple dynamical categories. If these sim-
ple phases follow in sequential order, like for example
during a gait cycle, we can use Hidden Markov Mod-
els (HMM). Each HMM state corresponds to one phase,
and the emission probabilities are represented by the cor-
responding stochastic dynamical system. The probability
that blob & isin HMM dtate ¢,,, at time ¢ corresponds to
the hidden variable D,,, (¢, k). The top of figure 1 showsan
example HMM topology of a 3 phase cyclic model. The
transition arcs that loop back to the same state encode the
prior probability of staying in the same phase across time,
and the transition arcs to the next state encode the prior
probability that a “ phase-transition” occurs.

Unlikeinthelower level groupingsacrossspace (z, y) in
which we only compute alocal maximum, we can compute
across time ¢ the global best segmentation using dynamic
programming. The forward-backward [23] procedure pro-
videsarecursive (linear complexity over time) estimate that

a complex motion model HMM; fits atrack:

P(HMM;[YmDy, (t, k), ... Din(1, k) = > a(m, )

(12)
where
a(m,t) = P(Dn(t,k)|VnD,(t—=1k),...Ds(1, k), HMM)
(13)

a(m,t) = P(Dp(t k) - Y My ma(n,t—1)  (14)

P(D, %, k) is the probability that dynamical system
m fits blob % at time ¢ as defined in (11), and tr, ,,, iS
the HMM transition probability between state n and m
(transition matrix TRynm)-

We do this for each complex category HMM; and an
outlier model HMMg (HMMg could be asingle state HMM
withaconstant vel ocity dynamical system). Comparingthe
likelihoods across the different HMMs allows us to do the
final high-level gesture classification.

2.3 Inducing Hybrid Dynamical M odels

Although there exists a huge body of literature about
models of human and biological motion dynamics includ-
ing data from physiological studies, we believe that the
parameters of the dynamical representations should be esti-
mated from example data. Hand-coded domain knowledge
is useful for model selection and initial values, but should
be fine-tuned by statistical estimation techniques.

Given the number of linear dynamical systems A/ and
the HMM topol ogy, we present an iterative nonlinear train-
ing technique that is able to estimate the system parameters
of each dynamica model ¢, := [AO,,, Al,,, B,,], and
the entriestr,, ,, of the HMM transition probability matrix
TRHMM: o

Given example motiontrajectories)(1), Q(2), ... Q(T)
and apartitionintosubsequencesQ(¢),Q (¢t+1),... Q(t+d),
where each subsequence belongsto exactly one dynamical



model m, it is straightforward to estimate the parameters
¢m using a linear maximum-likelihood system identifi-
cation procedure. For example a training sequence of a
walking subject could be partitioned into the time inter-
vals while the leg has ground support (dynamical model
m = 1), and into time intervals while the leg is swinging
intheair (dynamical mode m = 2). Inthiscase, following
log likelihood function is maximized for each interval (i.e.
dynamical model) separately (using the notationin [4]):

Liinear (@), Q1+ 1), ..., Q(t + d)|¢pm) =

d
—% > 1B7HQn — A0nQn_2— AL, Qn_1)[?
n=t+2
—(d—-2)log|B| (15)

Not knowing such a partition a-priori, we apply an iter-
ative system identification technique, that is an extension
of the Baum Welch HMM estimation algorithm [23] (an-
other incarnation of EM). It will maximize the total log
likelihood of a set of M dynamical systems and the corre-
sponding HMM:

Lhybrid(Q(l)a ceey Q(T)M)la ceey ¢M’ TRHMM) =

partition
-P(partition TRypm))  (16)

Asshownin[23], we don’t need to sum over al possible
partitionsin (16) to converge to alocal maximum of thelog
likelihood. Instead, at each iterationa“soft” partition D is
computed using the current guess of the model parameters
(E-step), and the partition is used to compute a new model
parameter estimate (M-step).

A soft partition D of the training set is equa to the
previously described hidden variables D,,, (¢, k). (For con-
veniencewedropthe & parameter, whichwasused inrecog-
nitionmode asan index to the blob hypothesisk). D, (1) is
the probability that training example @ (¢) was " generated”
by dynamical system ¢, .

In the E-step the pos-
terior P (D, (t)|Q(1)..., Q(T), ¢1..., oar, TRyMM) €
computed with the forward-backward recursion (dynamic
programming with linear complexity of the length of the
training set). Given these probabilities, it turns out that
the M-step is equal to maximizing following expected log
likelihood for each model m:

E{Luecightea(Q(1), Q(2), .., Q(T)[6m)| D} =

T
23 D IBH@n — A0, Q2 — AL, Q)
n=3

T

~(>_ D (t))log|B| (17)

n=3

Thisterm can be maximized by solving alinear equation.
The new estimate of the HMM transition probability
matrix TR\ v 1S computed with the conventional Baum-

Welch update.

Thisis an iterative procedure, that has to start with an
initial guess of the model parameters, or an initial soft
partition 1. In case we have an intuition about the present
dynamics, we could provide this knowledge with initial
model parameters, and let our procedure “fine-tune” these
parameters. As we will show in the next section, it is
also possible to converge to good model parameters with a
random initialization of a partition D.

3 Experiments

Although the described techniques are very general, we
demonstrate its feasibility in this paper on the domain of
human gait categories.

Our training and validation data are 33 seguences of
5 different subjects performing 3 different gait categories:
running, walking, and skipping. An independent test
set of two additional subjects was set aside for recognition
experiments. The training sequences contained tracked
MLD markers or were hand-labeled at the limb joints, so
we can use detailed “ground-truth” data for the training
process. The independent test set did not contain markers.
Figure 3 and 7 shows three test sequences. Asyou can see,
the test sequences are recorded in cluttered environment.
The running sequence (sub-sampled from a slow motion
recordings of the Olympic Games) contains many other
moving objects, including the background, which makes
this data set a hard segmentation and tracking problem.

3.1 Training and validation of gait models

The training process was done with the “ground-truth”
data set (translation and angular velocities of the limb seg-
ments computed at the center of the lower or upper leg),
but no labels were given that indicate at which phase the
trajectory was during a gait cycle (partition). Different se-
quences started at different parts of the walking, running,
or skipping cycle.

We experimented with different number of dynamical
models, and concluded that 4 dynamical models(and HMM
states) per gait isareasonable choice (e.g. askippingcycle
has 2 ground support phases and 2 non-support phases).

Half of the ground-truth data was used for training, and
the other half was used for validation (the set of “training
people” and “validation people” was digunct).

The training procedure was started with a partition,
where each D,,, (t) was assigned to 3 (each 4 models are
equal likely for each training sample). We added a very
small random value (4+0.001- white noise). The random
component was necessary; otherwise the iterative learn-
ing procedure would induce the same parameters for all 4
dynamical models.

The state space of the dynamical models was the trans-
lation and angular velocity of the lower leg limb. The first
plot in figure 4 shows one example sequence of 2 running
cycles. The next 4 plots show the first 4 iterations of the
training procedure. Each plot illustrates the current par-
tition /). Each row corresponds to a specific HMM state
m, and each column to a training sample at time ¢. Black
ink means D,, () = 1 and white means D,,(t) = 0. In
thefirst 2 iterations, the training procedureisvery “uncom-
mitted” to a partition, and in the next two iterations, the
4 models tune into certain phases, and therefore the par-
titions peak sharper. The HMM topology constrained the
partitionto stay for a certaintimewithone HMM state, and
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Figure 4: Top row: The solid line is the x-trandation,
the dashed line is the y-trandlation, and the dotted line the
angular velocity over time. The next 4 plotsare the support
probabilities of the HMM states (4 rows in each plot for 4
states each, black ink means high probability).
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Figure 5: Increasing log-likelihood during 10 EM-
iterations of the training process for the running model.

then transit to the next state. Repeating this experiment
with different random initializations resulted in different
time shifted partitions. But at each experiment, one cycle
throughthe HMM clearly corresponded with onegait cycle.
As you can see in figure 4, HMM state 1 corresponds to
the phase where the x-trandation (full linein top plot) has
a negative minimum, and state 3 corresponds to the phase
wherethe x-translation has a positivemaximum. Therefore
the linear dynamical system m = 1 covers the dynamics
of the trandation and angular velocity at that phase of a
running cycle. Aswe will see later, it actually transcribed
that phase on the independent test footage.

Figure5 plotsthelog likelihood of thetotal hybrid model
(16). From EM iteration 3 to 4 we see a sharp rise of the
log likelihood value, which indicatesthat it was “falling” at
this point into the sharply peaked partition of the training
set, and converged after that to alocal maximum.  The
plotsfor the 2 other gait models look similar.

The increasing log-likelihood is just one indication that
our learning technique estimated a good fitting model. We
also need to make sure that themodel sdon' t overfit thedata,
so that they are able to generalize. Thisis done by testing
the model son theindependent validation set collected from
different subjects. The number of correct classified gait
cycles in the validation set varied between 86% correct to
93% correct, depending on the random initialization. The
performance was measured in computing the likelihood of
each of the 3 gait HMMs after one walk cycle (walking-
HMM, running-HMM, skipping-HM M), and choosing the
highest likelihood as the classification category.

translation and angular velocity of blob track
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Figure 6: Top plot shows the velocities estimated by one
blob track in the winning sequence (track of frontal foot).
The second plot show the HMM transcription of thistrack
by the Waking-HMM, the third blob by the Running-
HMM, and the fourth blob by the Skipping-HMM. The
last plot show the outlier model, which is only one state,
and therefore does not partition the input sequence. The
running HMM has the highest log-likelihood.

3.2 Tracking and recognizing gaitsin video se-
quences

Thefinal experiment wasto apply thelearned dynamical
models and HMMs for the segmentation and classification
task on another set of unseen input image sequences. For
thistask we introduced an additional outlier model HMM g
that had only 1 state and a constant velocity dynamical
model. Thiswas used to discard blob tracks that are very
unlikely to belong to leg segments.

Given atest image sequence containing an unsegmented
and unspecified number of gait cycles (30— 60 frames), we
propagate 96 blob hypotheses (resulting from the tile grid
initialization) and one background layer through all im-
age frames. If the score of a blob (mixing coefficient)
reached a lower limit (spurious blob), the blob hypothe-
siswas discarded. The number of blob hypotheses might
seem very large, assuming the human body could be de-
scribed with only a few coherent motion regions. As you
can see, complex scenes like Figure 3 contains many other
moving objects that potentially could belong to something
recognizable. We found it is better to track too many hy-
potheses than too few. With the help of the outlier model
(HMMo) alarge number of blob tracks could be discarded
as “non-gait” tracks (usually in the order of 75% — 90% of
all tracks). The remaining blob tracks were classified by
one of the three gait-models. The winning model (high-
est likelihood) was the final gait classification. In figure
3 the track following the shoe of the runner had the high-
est likelihood. The velocities and HMM transcription of
thistrack by all three gait modelsis showninfigure 6. The
running-HMM had the highest |og-likelihood and therefore
the sequence was classified correctly with this category.

Figure 8 shows the same models transcribing the track
withthehighest likelihood inthewalking sequenceof figure
7a. In this case the walk model on a track at the middle
of the lower leg had the highest likelihood. The partition
of the gait cycle a so fits the partition found in the training
example.

In some test sequences the blob track with the highest
likelihood does not cover alower leg track. Figure 7b shows



a) Walking

b) Skipping

Figure 7: Example images of the second subject.
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Figure 8 HMM transcriptions of one blob track in the
walking sequence. Asyou see the walking model (second
plot) has the highest log likelihood.

such acase where the“winning” blob tracked the upper leg
segment. It was classified correctly (skipping-HMM). The
dynamics of a skipping lower leg was the closest mode,
even if the dynamics were measured at the wrong body
part in the test sequence. The second highest likelihood
was a blob that tracked one leg for a while and switched
to the other leg (caused by occlusion). It was classified
incorrectly as running.

We are currently performing more experimentson larger
datasets to further verify this very encouraging classifica-
tion performance.

4 Related Work

One influential paper to many other motion-based ap-
proaches is the classic Moving Light Display experiments
by Johansson [18]. Seeing lightsattached to thejointsof an
actor, human subjectswere able to distinguishhuman gaits,
dance styles, stair climbing, or even can identify gender or
idendity.

The earliest computer vision attempt to recognize hu-
man movements was reported in O’ Rouke and Badler [21]
working on synthetic images using constraint satisfaction
techniques. Systems that deal with real input data and
edge fitting to explicit structural models are reported by
[15, 25, 12, 24, 19]. Techniques that don’t use such ex-
plicit model knowledge are usually estimated from exam-
ple image sequences. Common representations are space-
time curves [20], and appearance based representations
[7, 5, 28, 31]. Some of these techniques use HMMs to
cover thetemporal structure. [22] propose a technique that
looks for appearance based periodicity, and [11] measure
spatio-temporal angle histograms to recognize hand ges-
tures. Motion based recognitiontechniqueswere presented
in[8, 10, 3], and a system based on color blobsis described
in[30].

Some systems ignore the low-level feature extraction
and only focus on higher level representations and recog-
nition strategies [6, 13].

Most explicit model approaches assume certain domain
congtraints, like calibrated cameras, known background,
initial pose, and uncluttered environments that make edge
matching feasible. In contrast, most appearance based tech-
nigques do not impose such constraints but are very special-
ized to the given training data. With the goal in mind to
cover a large set of human actions in unconstrained envi-
ronment, purely appearance based techniquesmightrequire
an immense amount of training data. Combining layered
image representations with dynamical models and Hidden
Markov Modelsin a coherent probabilistic framework, our
approach isan attempt to find the right balance of supplied
structure and learned parameters.

5 Further work and conclusion

We introduced a new method for probabilistic segment-
ing, tracking, and classifying complex dynamics in video
sequences. Our approach is unique in the way it decom-
poses the domain, and incorporates the different levels of
abstraction using mixtures models, EM, recursive Kalman,
and Markov estimation. A feasible computation can be
done by exploiting various conditional independence as-
sumption across the abstraction levels and time, and multi
modal approximationswithinthe levels. We demonstrated
the technique on the domain of classifying human gait cat-
egoriesin cluttered video sequences.

Many domain constraints are not exploited yet. Besides
additional features like texture coherence and more com-
plex shape representations, experiments are in progress to
group blob pair hypotheses together based on kinematic
and further dynamical constraints. Ultimately the system
should also estimate 3D pose and additional dynamical state
variables, like speed. To apply thistechniqueto larger cor-
puses with more categories, a comprehensive “moveme”
decomposition is needed. Speech recognition is currently
applied to vocabularies of more then 20, 000 words and 40
to 70 atomic phoneme categories. In the visual domain we
are &till far away from thisgoal dueto themuch larger com-
plexity of the problem. But we have shown early steps that
follow such principles of coherent probabilistic reasoning
inamulti-level framework.
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