
Quantification and classification of locomotion
patterns by spatio-temporal morphable models

M.A. Giese and T. Poggio

Center for Biological and Computational Learning
Massachusetts Institute of Technology, E25-206 / 218
Cambridge, MA 02142, USA
Tel.: 617 253 0549 / 5230, Fax: 617 253 2964

E-mail: giese@mit.edu
tp@ai.mit.edu

Third IEEE Workshop on Visual Surveillance,
July 1, 2000, Dublin, Ireland

1



Quantification and classification of locomotion patterns by spatio-temporal
morphable models

M. A. Giese and T. Poggio
Center for Biological and Computational Learning

Massachusetts Institute of Technology, E25-206 / 218
Cambridge, MA 02142, USA

Abstract

Morphable models have been applied successfully in the
context of computer vision and computer graphics for the
representation of classes of stationary images. In this pa-
per, we develop a similar technique for the representation of
classes of complex movements that we call space-time mor-
phable models. This technique permits to approximate new
complex movement patterns by linear combinations of few
learned prototypical example patterns. The weights of the
linear combination provide a low-dimensional description
of the patterns that can be exploited for the classification of
the underlying actions, and also for the estimation of con-
tinuous parameters that quantify characteristic properties
of the movement. (Examples are the direction of locomo-
tion and the style with which a certain movement is exe-
cuted.) We demonstrate the applicability of the technique
for the classification and quantification of properties of lo-
comotion patterns. Several possible applications of space-
time morphable models in the context computer vision and
surveillance are discussed.

Keywords: recognition, prototype, linear superposition,
learning, correspondence

1 Introduction

The analysis of complex movement patterns is an impor-
tant problem for automatic surveillance systems, but also
for other computer vision applications, like multi-media in-
terfaces. The recognition of actions and gestures has been
a popular theme in computer vision for the last few years.
Many known methods permit a classification of different
complex movement patterns (see [9] for a review). Dif-
ferent approaches have been proposed, like the direct ex-
traction of spatio-temporal features from image sequences
(e.g. [17, 6, 7]) or the combination of 2D or 3D models for
the human body or face with predictive filtering techniques
[18, 7, 23] or Hidden Markov Models (e.g. [20]). A broad

literature exists also on the tracking of nonrigidly moving
objects. Most of these methods are model-based, and use
either predesigned models, or they construct such models
by learning of example images of the tracked object (e.g.
[3, 1, 4]).

Even though many methods exist that allow a classifi-
cation of visually observed action patterns, not much work
has investigated the recognition of more subtle aspects of
observed movements. For surveillance purposes, it may for
instance be interesting not only to recognize that a person
is walking, but also to estimate in which direction the per-
son is walking. Similarly, it might be interesting to quantify
the style of movements, and to estimate e.g. if a person is
walking very dynamically, or in a rather hesitating way. The
method that is presented in this paper permits to determine
such information from video tracking data. It is based on
a technique that we call spatio-temporal morphable mod-
els which permits to approximate complex spatio-temporal
patterns by linear combinations of learned example patterns
which are defined by feature trajectories. Linear combina-
tions are defined by spatio-temporal morphing between the
learned examples. Based on the linear weights that deter-
mine the contributions of the examples to the linear com-
bination, complex movement patterns can be classified and
continuous parameters that characterize the movements can
be estimated.

The paper is structured as follows: We first develop
the concept of spatio-temporal morphable models (section
3) by generalizing morphable models for stationary image
classes (reviewed in section 2). The central theoretical prob-
lem for the construction of morphable models is to establish
correspondence between spatio-temporal patterns. Section
4 sketches an algorithm for the calculation of such corre-
spondences. In section 5 we discuss how morphable models
can be used for the classification of movements and for the
estimation of continuous parameters that characterize their
properties. Section 6 describes the tracking data that we
used to test the method. The results of our evaluation are
presented in section 7. Finally, we discuss possible applica-
tions and extensions of our method in section 8.



2 Morphable models for stationary images

Morphable models have been originally introduced for
the representation of classes of stationary images. It was
shown that appropriately defined linear combinations of few
prototypical images of a three-dimensional objects can ap-
proximate another view of the object very accurately. This
method has been used for the synthesis of new virtual im-
ages from example images (e.g. [13, 22, 21]). Meanwhile,
morphable models have been used in a broad spectrum of
technical applications. Examples are the recognition and
synthesis of face images [2, 22], the synthesis of new facial
expressions [5], or the simulation of talking faces [8].

Morphable models approximate new images by linear
combinations of learned prototypical images. If one defines
”linear combinations” by morphing between the prototyp-
ical examples one obtains a learning-based representation
with very efficient generalization properties. This makes it
possible to represent classes of natural images on the basis
of a small number of learned prototypical images. This dis-
tinguishes morphable models from other methods, like the
linear combination of principle components of the bright-
ness distributions (”eigen faces”) [19], which require typi-
cally a larger number of prototypes to achieve accurate ap-
proximation.

How can the linear combination of a small number of
prototypical images be defined in a way that ensures good
generalization ? If the linear combination of two images is
defined by linearly combining the brightness values, like in
the case of ”eigen faces”, the combined image looks like the
superposition of multiple transparent scenes. Such linear
combinations can not be used for an accurate approximation
of natural images. A better approximation can be achieved
when the brightness distributions of a larger number (e.g.
50 or 100) images are linearly combined.

Vetter and Poggio [22] have shown that linear combi-
nations of few prototypical example images, that approxi-
mate similar images very well, can be obtained when the
linear combination is defined by morphing. For this pur-
pose, correspondence is calculated between the prototypi-
cal images and a (similar) reference image using a standard
optic flow correspondence algorithm. This calculation re-
sults in a vector field of displacements that maps the points
in the reference image onto the corresponding points of the
learned prototypical image. If the feature positions (e.g. of
the pixels) in the learned image are given by the the vec-
tor � , and if the positions of the same features in the ref-
erence image by the vector ��� , the result of the calculation
of correspondence is the spatial shift vector

��� �����	�
that maps the corresponding feature points onto each other.
To define linear combinations of images, Vetter and Pog-
gio proposed to combine the correspondence vector fields

linearly rather than the brightness values of the images1. If
the calculation of the correspondence between the prototyp-
ical image 
 and the reference image yields the spatial shift
vector

���
� � � ����� , the linear combination of the � pro-
totypical images is defined mathematically by the equation:

������������� � � � (1)

The linearly combined shift vector
�

specifies the shifts of
the feature positions in the linearly combined image relative
to the reference image. Given the reference image, the lin-
early combined image is obtained by warping the reference
image with the spatial shift vector

�
. Such warps of the ref-

erence image provide typically very good approximations
of natural images. This permits the definition of learning-
based representations using only a small number of learned
prototypical patterns. The price for the good generaliza-
tion properties of morphable models is a high computational
cost by the necessity to calculate the optic flow.

Given a new image, one can calculate the correspon-
dence of the image with the reference image yielding a shift
vector

�
. Using equation (1), one can then approximate this

shift vector by a linear combination of the prototypical shift
vectors

���
in order to fit the morphable model to the new

image. This permits to characterize the new image by the
low-dimensional linear weight vector � ��� � � � �"! ��# # # � � ��$&% .
On the basis of this vector, the image can be classified. Ad-
ditionally, nonlinear mappings between the vector � and in-
teresting parameters that characterize the images, like the
pose of faces, can be learned using neural networks [2].

3 Spatio-temporal morphable models

Analogous to the ideas discussed in the last section, mor-
phable models for complex movement patterns or actions
should allow to represent classes of similar movements by
linear combination of a small number of learned prototyp-
ical patterns. Again, we define the linear combination of
patterns by the linear combinations of the correspondence
fields between the patterns and a reference pattern. In this
case, the patterns are not simply stationary images, but im-
age sequences or spatio-temporal trajectories of feature po-
sitions. This leads to the theoretical problem to define cor-
respondence between spatio-temporal trajectories. The so-
lution of this problem is the major theoretical contribution
of this paper. Spatio-temporal correspondence should be
defined in a way that ensures optimal generalization prop-
erties of the resulting morphable model.

1After rewarping the images using the spatial shifts, the brightness val-
ues can be additionally linearly combined without causing ”transparency
effects” (e.g. [22]).
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A simple way to define correspondence between image
sequences is to calculate usual spatial correspondence be-
tween the image pairs that occur at the same points in time.
In fact, this strategy has been used in the context of com-
puter animation (e.g. [13, 8, 5]). It leads however not to
optimal generalization properties. Natural movement pat-
terns often vary slightly with respect to their timing. It is
therefore important to be able to compensate for variations
in timing in an efficient way. A simple combination on a
frame-by-frame basis does not capture temporal variations
in an optimal way, as illustrated schematically in figure 1:
Assume two arm movements with the same spatial trajec-
tories, but different timing. At the time � � the arm has two
different configurations for the two movements that are in-
dicated in white and gray in the figure. If a linear combina-
tion of the two movements with equal weights is defined on
a frame-by-frame basis an arm configuration arises that is
indicated by the dashed line in the figure. The geometrical
structure of the arm is strongly distorted, and in particular
the upper arm is contracted.

By using more prototypical patterns that are less dissim-
ilar the geometrical distortions could be diminuished, but
also the storage cost for the prototypes would incrase. By
defining linear combinations through time warping between
the prototypes the necessity to introduce more prototypes
can be avoided. I this case, the linear combination at time� � then correspond to a natural configuration of the arm (il-
lustrated by the dotted line in the figure) which appears in
both sequences at a time that is different from � � . All frames
of this linearly combined movement correspond to natural
configurations of the arm, and the combined pattern has an
intermediate timing between the original movements. This
motivates a definition of correspondence between move-
ment patterns that also also temporal shifts between the cor-
responding frames in the two image sequences.

Patterns with different timing

Sequence 2, t0

Sequence 1, t0

Linear combination, t0
(frame by f rame)

Linear combination, t0
  ( t ime warping)

Figure 1: Frame-by-frame correspondence

Mathematically, this can be captured as follows: The first
image sequence can be characterized by a trajectory of fea-
ture positions � ��� ��� and the second by the trajectory vector� ! � ��� . At each point in time � , we define not only spatial
shifts

� � ��� (as in the last section) between the correspond-
ing frames, but also temporal shifts � � ��� . These shifts are
defined by the following pair of equations:

� ! � ��� � � ��� �����
	 � � ��� (2)� � � �
	�� � ��� (3)

The correspondence field consists thus of a spatial and a
temporal component which transform the first feature tra-
jectory into the second by spatial warping and time warp-
ing.

Having defined what we mean by correspondence be-
tween complex movement patterns, we can now construct
morphable models analogously to section 2. The linear
combination of movement patterns is defined by the linearly
combining the spatial and temporal shifts between the pro-
totypical movements and a reference pattern using the same
linear weights for spatial and temporal shifts. Let the spatial
and temporal shifts of the prototype 
 be given by

� � � ��� and� ��� ��� . Then the morphable model is defined by the equa-
tions:

� � ��� � ��������� � ��� � ��� (4)

� � ��� � ��������� � � ��� ���
4 Correspondence Algorithm

Correspondences between two images sequences that are
characterized by the feature trajectories � �
� ��� and � ! � ��� are
calculated by minimizing the spatial and temporal shifts.
Additionally, it is necessary that the calculated correspon-
dences map the patterns in a unique way onto each other
according to equation (2). The correspondence algorithm
minimizes the following quadratic error functional:

��� � � � � $ ������� � � ��� � ! 	���� � ��� !���� � (5)

The positive constant � specifies the trade-off between spa-
tial and temporal shifts and was chosen in order to achieve
good interpolation between time-warped sequences, and be-
tween sequences with different spatial structure. For the
uniqueness of the solution, it must be ensured that the tem-
poral shifts � � ��� define a smooth one-to-one mapping be-
tween the corresponding times � and � � . In addition, for
the applications discussed in this paper it will be required
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that the first and the last frame of one image sequence are
brought into correspondence with the first and the last frame
of the other. These conditions lead to the following addi-
tional constraints for the optimization problem:

� ��� � ��� ��� (6)� ��� � � � � �	��

� � � �
(7)

This constrained optimization problem is most efficiently
solved using dynamic programming techniques. The details
of the correspondence algorithm exceed the scope of this
paper and are described in [10]. The algorithm is very
fast and can be easily implemented in real-time when the
dimesnionalioty of the feature vector � is not a extremely
large.

5 Classification and estimation of continuous
parameters

For the classification and the estimation of continuous
parameters that describe properties of movements, first the
correspondence between a new pattern and the reference
pattern is calculated. This results in a correspondence vec-
tor field consisting of the spatial shifts

� � ��� and the tem-
poral shifts � � ��� . Using equation (4) the correspondence
vector field is approximated by a linear combination of the
correspondence vector fields of the prototypes. The linear
weights of the superposition were estimated by minimizing
the quadratic error function:

��� � � � � ������� � � ��� � ��������� � ��� � ��� �����
! � �

	�� � ��� � � ��� � ��������� � � ��� ���	� ! � � (8)

� � � �
specifies the trade-off between temporal and spa-

tial errors for the linear approximation. It was chosen in a
way that ensures a good approximation of the spatial and
the temporal shifts by the linear combination. The solution
of this minimization problem is found by solving a simple
linear equation system (for the details see [10]). The es-
timated linear weights � � were then used for classification
and for the estimation of continuous parameters.

For classification a discriminating function was con-
structed. Let � � be the weight vector that is estimated when
the prototypical patterns 
 is used as test pattern itself. Let� be the estimated weight vector of a new pattern, and if���

the index set that contains all indices of prototypes for

the locomotion pattern � (for instance walking or running).
Then a discrimination function for the pattern � is given by:��� � � � ����� �"!	#%$ &(' � � � � � � � � ! �*)*+ ! �� � , ��� $ &(' � � � � � � , � ! �*)*+ ! � (9)

+ is a positive parameter that determines the sensitivity of
the discrimination. The quantity

�-�
is always between zero

and one.
To estimate parameters that characterize the movement

pattern, like the locomotion direction, a mapping is learned
between the linear weight vector � and the interesting pa-
rameter . . If the mapping is a smooth function it can be
approximated by a radial basis function network (e.g. [11])
with the form:/. �10 � � � � � � 0 � $ &(' � � � � � � � � ! �*)*+ !2 � (10)

Such networks were constructed separately for each class of
locomotion patterns. The networks were trained with exam-
ple patterns for which the true parameter values (locomotion
direction, strength of marching) were known. By solving a
simple linear equation system this leads to the values of the
weights

0 �
of the network. (For details see e.g. [11]). Fi-

nally, the estimates of the subnetworks were combined by
choosing the estimate of the subnetwork of the locomotion
pattern that corresponds to the classification result.

6 Tracking data and preprocessing

We tested the morphable model for movement patterns
by trying to classify and to quantify different forms of lo-
comotion. The patterns were recorded with a Kodak DCX-
VR1000 camera in a seminar room. Different types of lo-
comotion were performed (walking, running, limping, and
marching). Walking and limping were executed in five dif-
ferent directions relative to the camera axis (

�
, �"� # 3 , )") # 4 ,3"3�# 5

and 6 4 deg relative to an axis orthogonal to the view
direction of the camera. For the

�
deg condition the walking

person is seen exactly from the side.) Five different styles of
marching were executed that were supposed to cover a con-
tinuum with different degrees of ”marching-like” appear-
ance, starting with usual ”walking”, and ending with a kind
of Russian ”goose-step”. For each locomotion pattern mul-
tiple repeats were recorded in order to obtain a measure for
the reliability of the classification and parameter estimation.

Twelve characteristic points of the figure were ”tracked”
by hand-marking them with an interactive program. An ex-
ample video sequence and the tracked feature points are
shown in figure 2. The average translatory movement of
the walker was estimated by fitting a linear function of time
to the hip positions with a least squares fitting procedure.
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The estimated translation was then subtracted from the fea-
ture positions such that the hip position coincided with the
center of the coordinate system. In addition, variations in
scaling that resulted from the variable distance of the sub-
ject from the camera were compensated by normalizing the
distance between hip and head to one. Occluded feature
points were added by smooth interpolation of the feature
trajectories. To reduce the noise level of the feature trajec-
tories, we normalized the cycle times of the movements to
21 discrete frames, and fitted each individual feature trajec-
tory by second order Fourier series.

For testing the reliability of the method with larger
data sets, we generated an additional artificial data set by
simulating a three-dimensional stick figure that performed
the three locomotion types: walking, running and limping.
The time course of the joint angles of the figure was
specified by second order Fourier series with parameters
that were adjusted such that the movement looked natural.
The pattern for limping was created by time warping
the pattern for walking using a monotonic distortion
function. This pattern was also used to test whether the
correspondence algorithm can recover correctly the applied
temporal warping function. Using parallel projection, the
three-dimensional stick figure was then projected onto a
two dimensional image sequence. Different view angles of
the camera relative to the figure could be specified for this
projection (camera axis rotated to the side between 	 ) 4
deg and � ) 4 deg, and up and down within the same angle
regime). In total, over 150 such patterns were generated to
evaluate the performance of the method.

Figure 2: Example image sequence

For the calculation of the correspondences we used a
centered reference pattern that was obtained by first calcu-
lating correspondence between all prototypes and one pro-
totype (walking orthogonal to the view axis of the camera).
The resulting correspondence fields were then averaged to
define a ”centroid” of all prototypes, that was used to adjust
all spatial and temporal shifts for this centered reference.

We tested that the correspondence algorithm correctly
determines shifts that transform the corresponding trajec-
tories into each other by spatio-temporal warping. We also
tested that for patterns that are created by time warping the
algorithm recovers the applied warping function.

7 Results

7.1 Classification

Figure 3 shows the classification results for 108 simu-
lated test patterns. In this simulation, we used fifteen dif-
ferent prototypes for the locomotion patterns walking (W),
running (R), and limping (L) with different view angles of
the camera. The figure shows the obtained values for the
discrimination functions

�-�
for walking (solid line), run-

ning (dashed line), and limping (dashed-dotted line). With
a threshold of value for

�-�
of

��# 4
all test patterns would

be classified correctly. The classification seems to be very
robust.

6



0 20 40 60 80 100
0

0.5

1

W R L

example no.

di
sc

rim
in

at
io

n 
fu

nc
tio

n Classification for test data

Figure 3: Classification results for synthetic data

The results for real video tracking data are shown in
figure 4 for the four locomotion patterns walking (W),
running (R), limping (L), and marching (M) for twelve test
examples of real video sequences. All test examples were
from trials that were not used for the training of the system.
A threshold value for

�-�
of

��# 4
(dashed line in the figure)

would again lead to correct classification of all patterns.
The variability of the discriminating functions is higher in
this case than for the simulated data. The discrimination is,
however, still very robust.
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Figure 4: Classification results for real data

7.2 Estimation of continuous parameters

Our method allows not only the classification of move-
ment patterns, but in particular also to estimate continuous
parameters that characterize the locomotion. This can be
simple geometric parameters, like the locomotion direction
relative to the camera, but also more abstract continuous di-
mensions that describe locomotion patterns. We describe
first the estimation of geometric parameters since here an
evaluation of the accuracy of the estimation is possible by
comparing the estimated with the known true geometrical
parameter values.

Figure 5 shows the view direction of the camera relative
to the locomotion (side rotation

�
and top/down rotation . )

for 108 simulated locomotion patterns that all realized dif-
ferent view angles. The system was trained with only fifteen
prototypical patterns (walking, running and limping and
with the angles � ) 4 � ��� ) 4 deg for the rotation to the side,
the up-down rotation being zero, and with the same angles
for the up-down rotation the side rotation being zero). The
black curves indicate the true view directions and the gray
curves the estimates obtained from the radial basis function
network. The estimates were obtained with fifteen different
prototypes with the three locomotion styles walking, run-
ning and limping. The estimates are relatively accurate ( ���
deg), which would be sufficient for most surveillance appli-
cations.
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True and estimated φ for test data

Figure 5: Estimation of the view direction

Figure 6 shows the estimated locomotion direction for
”walking” patterns (crosses) and ”running” patterns (disks)
from real video sequences. Here the network was trained
only with the three angles

�
, )") # 4 and 6 4 deg. All other es-

timates were generated by the generalization properties of
the basis function networks. Again all test patterns were
new, and none of them was used during the training of the
system or as prototype. The variability of these estimated
angles is higher than for the simulated data, but the accuracy
is still sufficient for obtaining a coarse estimate of the loco-
motion direction, for instance, in order to detect whether a
pedestrian walks toward a street or away from it.
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Figure 6: Estimation of walking direction

Another interesting application of our method is the es-
timation of more abstract parameters that characterize com-
plex movement patterns. As example, we investigated dif-
ferent forms of military marching. By executing different
styles of locomotion with increasing ”militariness”, rang-
ing from regular walking to marching with extensive move-
ments imitating a Russian ”goose step”, we created a data
set with movements that would be assigned different de-
grees of ”militariness” or ”intensity of marching” by naive
observers. We were interested if our learning-based system
would be able to provide a coarse estimate of this abstract
dimension: ”militariness of marching”.

For this purpose we trained the system with walking (W),
an example for marching with medium strength (MM), and
with an example of Russian ”goose step” (SM). These pro-
totypes were associated with the values

�
,
��# 4

and � of an
abstract ”degree of marching” parameter . . Figure 7 shows
the data from 20 test sequences. During recording, five dif-
ferent degrees of militariness were executed that are ordered
along the horizontal axis. Along the vertical axis, the esti-
mated ”degree of marching strength” . is displayed. Re-
mark that the system not only assigns approximately the
right parameter values to test patterns that reproduced the
locomotion patterns that were used as prototypes and for
training of the neural networks (W, MM and SM). It also
assigns intermediate values of marching strength to the two
other intermediate locomotion styles that were not used dur-
ing training. Again none of the test patterns was part of the
training data. Our method is thus able to recover relatively
abstract properties of complex movement pattern, at least
if they covary with sufficient reproducible variations in the
spatio-temporal structure of the visual patterns.
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Figure 7: Estimation of the ”degree of marching”

8 Conclusions and outlook

In this article we have presented results for a new method
for the generation of learning-based representations for
complex movement patterns based on a small number of
learned prototypical examples. Contrary to many known
methods for the recognition of actions, our method allows
not only the classification of patterns, but also the estima-
tion of parameters that quantify the spatio-temporal prop-
erties of movements along continuous dimensions. Such
dimensions can describe simple geometric properties of
movements, like the locomotion direction, but also much
more abstract properties of movements, like the style of the
execution of a certain action.

In the context of surveillance applications, the extraction
of continuous parameters seems to have a broad spectrum
of applications. The estimation of the locomotion direction
could be used to detect if a person is starting to move in the
direction of a critical object or a dangerous place (e.g. a
street). Information about the specific style of locomotion
could be used, for instance, to obtain information about the
intention of a walking person (e.g. if it is following another
person or planning to attack somebody).

To obtain a system that can be integrated in automatic
surveillance systems, major technical improvements still
have to be made. A central aim of further work is to link the
existing algorithm to a robust method for automatic track-
ing. Such methods have been proposed in the literature (e.g.
[4, 23].) An interesting alternative strategy is motivated by
a recent results on the recognition of facial expressions [15].
In this system, the mapping between the outputs of a Gabor
filter bank onto low-dimensional weights of a morphable
model for stationary images was learned using support vec-
tor regression. Using such low-dimensional weights instead
of tracked feature position as input for our algorithm would
permit to build a system that works in real-time.
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For many other technical applications, e.g. in psy-
chophysics, medicine and sports, tracking data from com-
mercial tracking systems are available. The method in the
present form can immediately be applied, e.g. to evaluate
and to correct complex movements in sports and physio-
therapy. In addition, future work is also planned that will
investigate if even more subtle information of movements
can be extracted. It is known from psychophysical experi-
ments (e.g. [14]) that humans are able to perceive the gender
and sometimes even the identity of walkers based on their
movements. Compared to other preliminary solutions for
this problem (e.g. [17, 16, 12]) our method may not only al-
low to classify individual according to their mavements, but
also to extract more subtle psychologically relevant param-
eters, like whether a person is in hurry, walking in a very
relaxed way, or if it has a male or female walking style. We
presently test technical system that can extract such subtle
information from video tracking data based on the method
described in this paper.
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