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Abstract

In the last decade speech processing has been applied in
commercially available products. One of the key reasons
for its success is the identification and use of an underlying
set of generic symbols (phonemes) constituting all speech.
In this work we follow the same approach, but for the prob-
lem of human body gestures. That is, the topic of this pa-
per is how to define a framework for automatically finding
primitives for human body gestures. This is done by consid-
ering a gesture as a trajectory and then searching for points
where the density of the training data is high. The trajecto-
ries are re-sampled to enable a direct comparison between
the samples of each trajectory, and enable time invariant
comparisons. This work demonstrates and tests the primi-
tive’s ability to reconstruct sampled trajectories. Promising
test results are shown for samples from different test persons
performing gestures from a small one armed gesture set.

1 Introduction

In the last decade speech synthesis and speech recognition
have transferred from only being research topics into core
technologies in commercially available products. One of
the key reasons for this transfer is the identification and
use of an underlying set of generic symbols constituting all
speech, the phonemes. Phonemes are basically small sound
samples that put together in the correct order can generate
all the words in a particular language, for example English.

It is widely accepted that more than half of the informa-
tion transmitted in a human-human interaction is done by
other means than speech, and that the human body language
is responsible for most of this information. Furthermore, for
better human-computer interfaces to be build the computer
might need to be equipped with the ability to understand the
human body language [14]. Since automatic recognition of
human body language is a desired ability research has been
conducted in this area. Much of this research is based on
defining a subset of the human body language, normally

denoted ”actions”, and then building a classifier based on
some kind of learning scheme applied to some training data.
The result of the training is a sequence of values in some
state-space for each action. The different learnt sequences
are compared to the input data during run-time and a classi-
fication is carried out.

In some systems, however, a different approach is fol-
lowed1. This approach is based on the idea that an action
can be represented by a set of shorter (in terms of time dura-
tion) primitives. These primitives take different names such
as movemes [4], atomic movements [5], activities [2], be-
haviors [11, 16], snippets [8], dynamic instants [15], states
[3], and examplars [13].

Besides the different names used to describe the notion
of motion primitives, the approaches also differ in another
way, namely whether a primitive is dependent or indepen-
dent on time. The approaches based on independence find
their inspiration in key-frame animation. Key-frame anima-
tion is based on the idea that animating an articulated object
in a time sequence is a matter of defining the configurations
for a number of distinct frames (key-frames) and then inter-
polate all in-between frames using e.g., inverse kinematics.
Mapping this concept to the problem of recognizing human
body language converts the problem to a matter of recog-
nizing a number of single configurations and ignoring all
in-between configurations. This concept is sound but intro-
duces a number of problems including the problem of defin-
ing which configurations (or key-frames) that best represent
an action.

In the work by Raoet al. [15] the problem of recogniz-
ing dynamic hand gestures is addressed. They track a hand
over time and hereby generate a trajectory in 3D space (x-
and y-position, and time). They search the trajectory for
significant changes, denoted dynamic instants, which are
defined as instants with a high curvature. In the work by
Jordi [7] the problem of finding key-frames for cyclic ac-
tions, like walking and running, is addressed. They capture

1These approaches are sometimes motivated directly by the notion of
finding ”phonemes” in the human body language.

1



the joint angles using an optical motion capture system and
compactly represent a time sequence of such data using a
point distribution model. Since the actions are cyclic they
argue that the likelihood of a configuration being part of an
action can be measured as the Mahalanobis distance to the
mean. The key-frames are then defined as configurations
where the Mahalanobis distance locally is maximum, i.e.,
key-frames are the least likely configurations!

The alternative to the key-frame approach is to represent
the entire trajectory (one action), but doing so using a num-
ber of smaller sub-trajectories. That is, the entire trajectory
through a state space is represented as opposed to only rep-
resenting a number of single points. Several problems are
associated with this approach, for example, how to define
the length of the sub-trajectories. If too long then the primi-
tives will not be generic. If too short the compactness of the
representation is lost.

In the work by Howeet al. [8] the problem of captur-
ing the 3D motion of a human using only one camera is
addressed. The main body parts are tracked in 2D and com-
pared to learned motion patterns in order to handle the in-
herent ambiguities when inferring 3D configurations from
2D data. The learned motion patterns are denoted ”snip-
pets” and consist of 11 consecutive configurations. These
are learned by grouping similar motion patterns in the train-
ing data. In the work by Bettingeret al. [1] the problem
of modeling how the appearance of a face changes over
time is addressed. They use an active appearance model to
represent the shape and texture of a face, i.e., one point in
their state-space corresponds to one instant of the shape and
texture. They record and annotate a number of sequences
containing facial changes. Each sequence corresponds to a
trajectory in their state space. The states with the highest
densities are found and used to divide the data into sub-
trajectories. These sub-trajectories are modeled by Gaus-
sian distributions each corresponding to a temporal primi-
tive.

The different approaches found in the literature that uses
the notion of motion primitives more or lees follow the
structure below.

Temporal content Either only a single time instant define
a primitive or a primitive is based on a consecutive
number of temporal instants.

Motion capture In order to find the primitives the motion
data needs to be captured. This could for example be
done by an optical system or electromagnetic sensors.

Data representation What is measured by the motion cap-
ture system is normally the 3D position of the different
body parts. These measurements are often represented
used normalized angles. Furthermore, the velocity and
acceleration might also be considered.

PreprocessingThe captured data can have a very high di-
mensionality and can therefore be represented more
compactly using, e.g., PCA. Furthermore, the data
might be noisy and is therefore often filtered before
further processing.

Primitives It needs to be decided how to define a primitive.
Often this is done via a criteria function which local
minima/maxia defines the primitives.

Application The chosen method needs to be evaluated.
This can be with respect to the number of primitives
versus the recognition rate, but it can also be a com-
parison between the original data and data synthesized
using the primitives.

Our long term goal is to find a set of generic primitives
that will enable us to describe all (meaningful) gestures con-
ducted by the upper body of a human. Our approach is to
investigate different data representations together withdif-
ferent criteria functions. We seek to find primitives for both
recognition and synthesis, and evaluate the relationship be-
tween the two.

This particular paper presents the initial work towards
our goal and the focus of the paper is to obtain experi-
ences with all the topics listed above. Concretely we de-
fine a number of one-armed gestures and for each gesture
we evaluate a method used to find primitives. The criteria
function is based the density of a trajectory. We then use
these primitives to reconstruct the complete gestures. Fi-
nally, the reconstructions are compared to reconstructions
made without use of our density measure, and an optimized
version of our approach.

The paper is structured as follows. In section 2 the ges-
ture data and the applied motion capture technique are pre-
sented. In section 3 we describe how the data is normalized.
In section 4 the concept behind the primitives is given. In
section 5 we present the density measure used in the criteria
function, and in section 6 we combine this with a distance
measure and defined how the criteria function is evaluated
in order to select the primitives. In section 7 the test results
are presented and in section 8 a conclusion is given.

2 The Gesture Data

The gestures we are working with are inspired by the work
of [12] where a set of hand gestures are defined. The ges-
tures in [12] are primarily two-hand gestures, but we sim-
plify the setup to one-hand gestures in order to minimize the
complexity and focus on the primitives. Some of the ges-
tures were exchanged with other more constructive ones.
The final set of gestures are, as a result of this, all com-
mand gestures which can be conducted by the use of only
one arm. The gestures are listed below.
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Stop: Hand is moved up in front of the shoulder, and then
forward (with a blocking attitude), and then lowered
down.

Point forward: A stretched arm is raised to a horizontal
position pointing forward, and then lowered down.

Point right: A stretched arm is raised to a horizontal po-
sition pointing right, and then lowered down.

Move closer: A stretched arm is raised to a horizontal po-
sition pointing forward while the palm is pointing up-
wards. The hand is then drawn to the chest, and low-
ered down.

Move away: Hand is moved up in front of the shoulder
while elbow is lifted high, and the hand is then moved
forward while pointing down. The arm is then lowered
down.

Move right: Right hand is moved up in front of the left
shoulder. the arm is then stretched while moved all the
way to the right, and then lowered down.

Move left: Same movement asMove right but back-
wards.

Raise hand: Hand raised to a position high over the head,
and then lowered down.

Each gesture is carried out a number of times by a num-
ber of different subjects, in order to have both data for inter-
person comparisons, and comparable data for each gesture
by several different subjects.

The gestures are captured using a magnetic tracking sys-
tem with four sensors: one at the wrist, one at the elbow,
one at the shoulder, and one at the torso (for reference), as
shown in figure 1. The hardware used is the Polhemus Fast-
Trac [9] which gives a maximum sampling rate of25Hz,
when using all four sensors.

In order to normalize the data and make it invariant to
body size, all the collected 3-dimensional position data is
converted to a time sequence of four Euler angles: three at
the shoulder and one at the elbow. Besides normalizing the
data, this transformation also decreases the dimensionality
of the data from 12 to only 4 dimensions.

3 Normalizing the Data

In order to compare the different sequences they each need
to be normalized. The goal is to normalize all the gesture
trajectories so each position on a trajectory can be described
by one variablet, wheret ∈ [0; 1].

The first step is to determine approximately where the
gestures’ endpoints are. In this experiment we have cho-
sen to do so by defining a gesture set where all gestures are

Figure 1: Placement of sensors. The figure is adapted from
[10].

considered to both start and stop when the arm is hanging
relaxed from the shoulder. A velocity threshold ensures that
the small movements done between gestures is added to nei-
ther, and simplifies the separation of the individual gestures.

The trajectories are therefore homogeneously re-
sampled in order to enable time invariant comparisons. This
is done by interpolating each gesture, in the 4D Euler-space,
by use of a standard cubic spline function. The time and ve-
locity information is, however, still available from parame-
ters in the new sample points, even though this is not used
in this work. The homogeneously re-sampling allows for
a calculation of the statistics for each gestureand at each
sample point. Concretely, for each gesture we calculate the
mean and covariance for each sample point, i.e., each in-
stant oft. This gives the average trajectory for one gesture
along with the uncertainties along the trajectory represented
by a series of covariant matrices, see figure 2.

Figure 2: Six example trajectories for a fictive gesture. Left:
Input after cubic spline interpolation. Middle: Input includ-
ing the position of the mean points. Right: The sizes of the
mean points indicate the density of the curves.
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4 Defining Primitives of Human Ges-
tures

This section gives an intuitive description of which criteria
define a good primitive candidate. In order to find the prim-
itives we apply the following reasoning. A primitive is a
particular configuration of the arm, i.e., of the four Euler an-
gles. For a configuration to qualify as a good primitive can-
didate the configuration must appear in all the training data,
at approximately the same time. For such a configuration to
exist, all the training data must vary very little at this point
in space and time, which will result in a very high density of
training trajectories at this position in space. The density of
a particular configuration expresses how close the original
sequences passed this configuration. The closer they passed
the higher the density, corresponding to a good candidate.
The logic behind this is very simple: At points on the recon-
structed trajectory where all the training data have very little
variance, we might also assume that future gestures of this
kind will parse very close. It therefore makes good sense to
compare an unknown trajectory to our known reconstructed
trajectory, at exactly the points where all the training data
trajectories laid closest, see figure 2. However, just select-
ing then points with the highest density will result in very
inefficient primitives. The point right next to a high density
point is also likely to have a high density, and might there-
fore also be selected if density were the only criteria for the
selection of primitives. One primitive is enough to direct
the interpolated curve through an area, and also enough to
act as control point when classifying unknown curves. So
selecting more primitives at places where the trajectory al-
ready parses by will offer little to the reconstruction of the
original trajectory. It is therefore also interesting to sehow
well each primitive can improve the reconstruction, even
thou the benefits from the density measure is most visible
in recognition.

In the next two sections we describe how we calculate the
density measure, and how this is used to select our primi-
tives.

5 Measuring the Density

In section 3 the points constituting each trajectory were nor-
malized so that the trajectories for different test subjects can
be compared. That is, each trajectory was re-sampled so
that they each consist of the same amount of points which
are aligned. We can therefore calculate the covariance ma-
trix for each time instant.

The covariance matrices for each time instant express
both how data are correlated but also how they are spread
out with respect to the mean. The Mahalanobis distance ex-
presses this relationship by defining a distance in terms of

variances from a data point to the mean. It is defined as

r2 = (x − µ)T
C

−1(x − µ) (1)

wherex is a data point,µ is the mean for this particular
time instant, andC is the covariance matrix. Ifr is constant
then equation 1 becomes a hyper ellipsoid in 4D space. The
data points on its surface have the same variance-distance
to the mean. The volume of a hyper ellipsoid with fixed
Mahalanobis distance is a direct measure of the density of
the data at this time instant. A big volume corresponds to a
low density where the points are spread out, whereas a small
volume corresponds to a high density as the same amount of
data are located at a much smaller space. The volume of a
hyper ellipsoid which is expressed as in equation 1 is given
as [6]

V =
π2 · r4

2
|C|

1

2 (2)

where|C| is the determinant of the covariance matrix. We
are not interested in the actual value of the volume but rather
the relative volume with respect to the other time instants.

Therefore equation 2 can be reduced toV = |C|
1

2 and is
illustrated in figure 2. Below we give an intuitive interpre-
tation of this measure.

6 Selecting the Primitives

Above we have defined and presented a method for calcu-
lating the density measure, and are now ready to include
this into one criteria function that can be evaluated in order
to find the primitives. The criteria function will combine
the density measure with the distance between the homoge-
neously re-sampled mean gesture trajectory (m) and a tra-
jectory made by interpolating the endpoints and the first se-
lected primitives, using a standard cubic spline function (c)
for each of the four Euler angles. In order to make a direct
comparison, both the mean gesture trajectory and the inter-
polated cubic spline trajectory were given the same amount
of points. This enables a calculation of theerror-distance
(δ) between the curves for each point pair. If multiplying
this error distance at each point with the density (V ), we can
get a distance measure much similar to the Mahalanobis.

Since the four angles might not have the same dynamic
ranges and more freedom to optimize future parameters is
desired, the criteria function (λ) is defined as a weighted
sum of error measures (αi) for each of the four Euler angles:

λ(t) = ω1α1(t) + ω2α2(t) + ω3α3(t) + ω4α4(t) (3)

where the four weightsω1 + ω2 + ω3 + ω4 = 1, and the
error measure:
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αi(t) = Vi(t) · δi(t)
2 (4)

where:

δi(t) =
√

(mi(t) − ci(t))2 (5)

Given the criteria function in equation 3 we are now
faced with the problem of finding theN best primitives for
a given trajectory. The most dominant primitive,χ1 is ob-
viously defined as

χ1 = arg max
t

λ(t) (6)

In order to find the second primitive, the first one is
added to the cubic spline function (c), and the interpolated
trajectory is then recalculated, so new error distance mea-
sures can be calculated, see figure 3. This procedure can be
repeated until the sum of all (λ) falls below a given thresh-
old, or the number of primitives reaches an upper threshold.
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Figure 3: Calculating the error-distance for one angle.
Solid: The mean gesture trajectory. Dashed: Interpolated
cubic spline. Dotted: Variance of training data. Circles:
Selected primitives and endpoints.

6.1 Optimizing the Primitive’s Position

Placing the primitive where the density or error is largest
might be a fairly good solution if the primitives are only to
be used for recognition, but in respect to reconstruction that
solution might be very far from optimal.

By doing a brute force recalculation of the interpolated
trajectory by placing every primitive candidate in every pos-
sible position for each given number of primitives, an op-
timal solution should present it self for the given gesture,
based on the reconstruction criteria. This method demands
a very high amount of calculations and is therefore also very
time consuming, and only valuable for the given data set.

Instead, tests were done with another much faster
method. After each new primitive was selected by the rules
described in the previous section, each selected primitive
was tested in a position one step to each side along the
mean gesture trajectory. Only if they could lower the to-
tal error sum, would they move to this position, and as long
as just one primitive could be moved, all primitives were
tested again. This method should bring the error sum to a
local minimum, but not to a guarantied global minimum.

This method focuses solely on the primitives’ ability to
reconstruct the original trajectories, and might have an un-
wanted negative effect on the primitives’ ability to recog-
nize gestures, a problem that future tests might reveal. See
the following section 7 for test results on both previous de-
scribed methods.

7 Results
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Figure 4: Reconstruction and error. Solid: The mean ges-
ture trajectory. Dashed: Interpolated cubic spline. Dotted:
Variance of training data. Circles: Selected primitives and
endpoints. A: With 2 primitives. C: With 8 primitives.

The tests described in this section were made on a train-
ing data set based on the eight one arm gestures described
in section 2. Three tests persons conducted each gesture no
less than ten times resulting in a total of 240 gestures2.

The evaluation of our approach consists of two tests for
each action:

• Investigate how many primitives are required in order
to reconstruct the original gestures.

• Evaluate the optimization step, and determine whether
or not this should be used in our continuous work.

It is our belief that the only reasonable way to evaluate
whether the reconstruction of a gesture is life like enough to
look natural, is to have a robot or virtual human avatar per-
forming the reconstructed gestures before a large number of

2Additional 160 training gestures were made but had to be removed
from the set do to extremely low signal to noise ratio.
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Figure 5: Reconstruction and error (Optimizted version).
Solid: The mean gesture trajectory. Dashed: Interpolated
cubic spline. Dotted: Variance of training data. Circles:
Selected primitives and endpoints. A: With 2 primitives. C:
With 8 primitives.

test persons, and having these evaluate the result. This was
however not within range of our possibilities at this point in
our research. Instead, all reconstructions were evaluatedby
the research group from a large number of graphs such as
those shown in figures 4 and 5, and a number of rotating 3D
curves depicturing the trajectories in three of the four Euler
angles. The graphs show the four angle spaces and error
measure of the gestureMove Left, with two endpoints and
2, and 8 primitives. Figure 4 show the result of the recon-
struction without the optimizing step, where as 5 depicture
the reconstruction of the exact same angle spaces, but with
the optimization.

The total error sum between original and reconstructed
trajectory of each gesture, was collected with the number of
primitives ranging from 1-10. Figure 6 shows four graphs
of the decreasing error sums: One there the primitives are
selected only as the point with the largest distance to the
original trajectory. Second graph shows the same, but where
the density measure have been used in the selection process.
The last two graphs show each of these methods after the
optimization method has been conducted.
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Figure 6: Logaritmic scale of error vs. number of primi-
tives. Solid: Reconstruction error after primitive selection
without the density measure. Dashed: Reconstruction error
after primitive selection with the density measure. Dash-
dot: Reconstruction error after primitive selection without
the density measure, but with optimization. dotted: Re-
construction error after primitive selection with the density
measure and optimization.
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8 Conclusion

In this paper we have presented a framework for automati-
cally finding primitives for human body gestures. A set of
gestures is defined and each gesture is recorded a number
of times using a commercial motion capture system. The
gestures are represented using Euler angles and normalized.
The normalization allows for calculation of the mean trajec-
tory for each gesture along with the covariance of each point
of the mean trajectories. For each gesture a number of prim-
itives are found automatically. This is done by comparing
the mean trajectories and cubic spline interpolated recon-
structed trajectories by use of a error measurement based on
density. Our framework were implemented in two slightly
different versions, were the optimizted but slower version
proved to be superior in repect to reconstruction. Figure 6
clearly shows that the density measure is not only usable for
recognition but will also improve reconstruction by approx-
imately a factor two for four or more primitives, as long as
there position is optimized for the given number of primi-
tives. It is a clear indication that the density measure should
be taken into consideration in the future. Even thou the fig-
ure show that the density measure might result in larger er-
rors in the reconstruction without the optimization, it will
clearly have a large advantage when using the same prim-
itives for recognition. Its is still hard to say exactly how
many primitives are needed to get a natural reconstruction
of a given gesture. But our tests indicate that somewhere
between five and ten should be sufficient.

8.1 Near Future Work

It is my hope that I will be able to collect a larger dataset
and combine the reconstruction scores of the primitives with
some kind of recognition scores as well. Further more, I in-
tend to extend the testing to include comparisons between
personal primitives and none-personal primitives. Hope-
fully, all in time for the presentation at the conference in
August 2005.
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