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Abstract

The problem addressed in this paper concerns the representation of human
movement in terms of atomic visuo-motor primitives considering both
generation and perception of movement. We introduce the concept of
kinetology, the phonology of human movement, and five principles on which
such a system should be based: compactness, view-invariance, reproducibility,
selectivity, and reconstructivity. We propose visuo-motor primitives and
demonstrate their kinetological properties. Further evaluation is accomplished
with experiments on compression and decompression. Our long-term goad is to
demonstrate that action has a space characterized by a visuo-motor language.

Keywor ds. visuo-motor primitives, motion synthesis, compression.



I ntroduction

Motion synthesis is the generation of movement for animation characters with arealistic
appearance. Mostly, redlistic motion synthesis is based on real examples coming from
motion capture. Human motion capture usually corresponds to a very large amount of data.
Therefore, a compact representation of the motion is necessary for efficient storage,
transmission, editing, browsing, indexing, and retrieval of the data. Segmentation, the
extraction of key postures or motion primitives, summarizes the motion content and results
in the compression of motion data.

The precise exemplar movements are constrained only to the ones stored in a database
library. Novel redlistic movement either needs to be captured or adapted from previously
recorded motion. Adaptation involves the reuse of motion segments, manipulation of
motion attributes, and sequencing (concatenation) of movement according to physics laws.
This way, any representation should assist in those tasks and be able to reconstruct the
original and adapted movement.

On the other hand, motion analysis is related to perception and involves the parsing of
visua information into action representations ranging from optical flow to stick figure
models. These representations are used to uniquely identify the action performed in a video.
Therefore, an action representation should be able to select among different activities and to
reproduce the same structure for different performances of the same action. Furthermore, an
action representation should be based on primitives robust to variations of the image
formation process. In this sense, camera view-invariance is a desired property for

representations dealing with motion analysis.



Automatic segmentation is the decomposition of action sequences into movement
primitives. These primitives are meaningful atomic elements with characteristic properties,
which stay constant within a segment.

Applications for motor primitives or action representations include activity detection and
recognition (surveillance), video or motion retrieval (video annotation), motion synthesis or
composition (computer animation), athletic performance analysis and medical diagnosis
(kinesiology and biomechanics), human-computer interaction, virtual and augmented
reality, robotics, and dance.

The existence of mirror neurons in humans suggests that the same representation for
motor information related to body movement is aso used in the brain for perceptual tasks.
Mirror neurons would activate when a subject performs a specific action. The same neurons
will also fire when the subject observes the same action [1].

Adequate primitives and segmentation must consider both generation and perception of
movement. One reason is that motion synthesis involves the generation of animation
satisfying a redlistic criteria based ultimately on perception. Furthermore, an integrated
approach would allow imitation, an important component of an artificial cognitive system
[2]. Therefore, the research problems of motion synthesis and motion analysis should be
combined and based on common representations. The segmentation of human movement
into a sequence of sensory-motor atoms has been studied in many fields: computer graphics
[3, 4], computer vision [5], robotics [2, 6, 7], and neuroscience [8, 9, 10, 11, 12]. A
linguistic framework for a common representation is a reasonable approach since there is
evidence that language could have evolved from movement and that language is

semantically grounded also in action [13, 14].



A first process in our linguistic methodology is to find structure in human movement
through basic units akin to phonemes in spoken language. These atomic units are the
building blocks of a phonological system for human movement which we refer as
kinetological system. The problem addressed in this paper concerns the representation of
human movement in terms of atomic visuo-motor primitives. We introduce the concept of a
kinetologica system and five principles on which such a system should be based:
compactness, view-invariance, reproducibility, selectivity, and reconstructivity.

The compactness principle is related to describing a human activity with the least
possible number of atoms. Compactness is achieved through segmentation which reduces
the number of parametersin the representation.

View-invariance regards the effect of projecting a 3D representation of human
movement into a 2D representation according to a vision system. A view-invariant
representation provides the same 2D projected description of an intrinsically 3D action
captured from different viewpoints.

Reproducibility requires an action to have the same description even when a different
performance of this action is considered. Intra-persona invariance deals with the same
subject performing the same action repeated times.

Selectivity assumes that different activities should correspond to unique distinct
representations. In other words, selectivity enables to discern or distinguish between
distinct observed behaviors.

Reconstructivity is associated with the ability to reconstruct the original movement

signa up to an approximation factor from a compact representation. In this paper, we



propose a reconstruction method based on a novel interpolation algorithm which considers
the kinetological structure.

We propose visuo-motor primitives and demonstrate their kinetological properties.
Further evaluation is accomplished with experiments on compression and decompression.
In order to represent human movement satisfying the above requirements, we consider
whole body movement associated with genera human actions. An initial 3D geometric
representation for human movement is assumed as input towards the computation of our
visuo-motor representation. Actua movement data is analyzed in the process of evaluating
the proposed kinetological system according to its principles.

Related Work

We review related work to motion capture data compression and movement segmentation.
The simplest way to reduce the size of data is by sampling the original data with frames
equally spaced. Naka at al. [15] present a method for uniform sampling in the time axis and
further quatization in the floating-point byte representation of values.

Togawa and Okuda [16] perform key frame detection in the positions of the jointsin 3D
space (trandlational data). The less important frames are decimated iteratively according to
acost function. The frame with the lowest cost is the less important and decimated.

Non-uniform (adaptive) sampling involves the identification of pointsirregularly spaced
in time. Cheneviere and Boukir [17] propose a non-uniform segmentation approach using a
deformable model and active contour fitting. Initially, the contour has only the extremities
of the motion trgjectory. New vertices are inserted iteratively through an optimization step

which minimizes energy cost in the contour segment with highest approximation error.



Curve fitting approaches for motion data compression find representative points that
characterize the motion trajectory. Polygonal approximation [10, 18] is a method of curve
fitting where a curve is represented by a piecewise-linear polygona line. Lim and
Thalmann [19] use a batch curve simplification agorithm to identify key postures in human
motion data modeled as high-dimensional curves of rotational data. A simplification
algorithm generates an approximation of a curve as a smaller number of line segments.
Another curve fitting technique is polynomia interpolation [20, 21], which approximates
the low frequencies of an input signal using spline or B-spline curves.

Another approach towards motion data compression is dimensionality reduction. Assa at
a. [22] embed the high-dimensional motion curve in a low-dimensional Euclidean space.
The dimensionality reduction is performed in affinity matrices by a non-linear optimization
process:. Replicated Multi-Dimensional Scaling (RMDS) [23]. Barbi! at al. [24] consider
the intrinsic dimensionality from Principa Component Analysis (PCA) of alocal model of
the motion and the local change in the distribution of poses.

The previous techniques lack the intuitive interpretation for the extracted segments.
Intuition appears in segmentation when characteristic features are used. In general, these
features are spatio-temporal features, such as the curvature of 3D tragjectories [9, 25], and
kinematic features.

Mori and Uehara [11] use kinematic motion primitives to discover association rules
representing dependency between body parts during movement. Their segmentation is
based on the velocity of joint points in the Cartesian space.

llg at a. [3] extracts movement primitives based on key events defined by zeros of the

velocities in selected degrees of freedom. The movement primitives are characterized by



the angular displacement between key events. The algorithm aligns the features obtained
from a search window to a prototypical movement primitive learned previously.

Kahol at al. [26] use inertial factors derived from velocity, acceleration, and mass. These
factors are integrated according to the hierarchy of the human body. The local minimum in
total body force is used to detect segment boundaries.

In Nakazawa at a. [12], similarities of the motion segments are measured according to a
dynamic programming distance of the trgjectories in 3D space and clustered with a nearest-
neighbor algorithm into groups.

Wang at a. [27] present a segmentation which finds the local minima of velocity and
local maxima of change in direction. The segments are hierarchically clustered into classes
by using Hidden Markov Models to compute a metric.

Fod at a. [28] segment according to angular velocity at points where more than one
DOF has a zero velocity crossing. Primitives are found by k-means clustering the projection
of high-dimensional segment vectors onto a reduced subspace. While they are more
interested in the definition of basic movements which serve to compose movement through
linear combination, we focus on atomic representations. They introduce two kinetological
principles, consistency and completeness, referred in this paper as reproducibility and
reconstructivity, respectively. However, the evaluation of action representations according
to them and the other principles introduced here are origina results of our work.

Compactness

In order to segment the movement, we consider each actuator independently. An actuator is

a 3D point or ajoint angle describing the motion in an external or internal representation,



respectively. The segmentation process assigns one state to each instant of the movement
for the actuator in consideration. Contiguous instants assigned to the same state belong to
the same segment.

A measure for compactness is the total number of segments. We define a state according
to the sign of derivatives of a representative function specifying the origina 3D motion of
the actuator (see Fig. 1). The derivatives used in our segmentation are velocity (first

derivative) and acceleration (second derivative).
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Fig. 1: A compact representation for human movement.
View-Invariance
In this paper, the representative functions considered for an externa and internal
representation are the curvature of a 2D spatio-temporal curve and the identity of the Euler
angle position, respectively.

The view-invariance evaluation requires a 2D projected version of the initia
representative function according to varying viewpoints. For an external representation, we
project the 3D trgjectory of an actuator point into a plane using a pinhole camera model
(see Fig. 2). Thisway, a 3D point [Xi(t) Yi(t) Z(t)] in the actuator’s 3D trajectory is mapped

to a 2D point [x(t) yi(t)] in the projection plane of the camera. The spatio-temporal



curvature function k; of the 2D point trgjectory is used to compute the states in the point

movement.

(a) 2D Trajectory. (b) Curvature.
Fig. 2: 2D projected version of the knee point trgjectory from a single viewpoint during walk.

For the internal representation, the 3D joint angle is projected according to the two angle
sides corresponding to the adjacent body parts (see Fig. 3). For example, the knee joint 2D
angle is formed by the axes of the thigh and shank. These axes are determined by the
segments from the knee to the hip joint and from the knee to the ankle joint. These 3D

joints are projected and the 2D joint angle is computed in the projection plane.

(a) 2D Trajectory. (b) Angle.
Fig. 3: 2D projected version of the knee joint angle trajectory from a single viewpoint during walk.

In order to evaluate the view-invariance of our representations, a circular surrounding
configuration of viewpoints is used. A viewpoint consists of the camera position, specified
by the camera center; and the camera orientation, described by a look-at vector and an
upward vector. In our viewpoint configuration, the camera center trajectory corresponds to

acircle in 3D space centered at the target point. The look-at vector is oriented from the



camera center towards the target point, which is the center of the axis-aligned
parallelepiped containing the trajectories of the movement in 3D space. The upward vector
has the same orientation as the z-axis vector. The camera center circle is defined as a

parametric curve v( ) [r cos( ) ¢, r sn() c,c,], where isa parameter

representing a direction in degrees from O to 360, r is the radius of the circle, and
[c,.c,,c,] isthetarget point.

A compactness/view-invariance (CVI) graph shows the states associated with the
movement (see Fig. 4). For each time instant (horizontal axis) and for each viewpoint in the
configuration of viewpoints (vertical axis), the movement state is computed and each state
is associated with a different color. We considered two examples of CVI graphs. The first
one concerns a two-state system using only first order derivatives of the joint angle
function: positive velocity (blue) and negative velocity (red). The second CVI graph
concerns a four-sate system using first and second derivatives. positive velocity/positive
acceleration (blue), positive velocity/negative acceleration (green), negative

velocity/positive acceleration (yellow), and negative velocity/negative acceleration (red).

(a) Two-state system. (b) Four-state system.
Fig. 4: Compactness/View-Invariance Graph.



From the CVI graph, we can extract numerical measurements to evaluate the degree of
compactness and view-invariance for the interna and external representations. The
compactness measurement consists in the number of segments when the movement varies
with time. A segment corresponds to a time interval where the movement state is the same.
For each viewpoint, the number of segments is computed and the compactness
measurement is plotted on the left side of the CV1 graph.

The view-invariance measurement concerns the fraction of the most representative state
among all states considering al viewpoints at asingle instant in time. Let s be astate in our
kinetological system, vg(t) is the fraction of the state s among al viewpoints in our circular
configuration at the time instant t. The view-invariance measurement is the maximum value
for vg(t) considering all possible states. For each instant t, the view-invariance measure is
computed and plotted on the top of the CVI graph.

The view-invariance measure is affected by some uncertainty at the borders of the
segments (temporal dimension) and at degenerate viewpoints (spatial dimension). The
border effect shows that movement segments are not completely stable during the temporal
transition from one segment to the next in what concerns viewpoint variability. This is
similar to coarticulation in speech with implications on the recognition tasks for action and
movement. The degenerate viewpoints are special cases of frontal views where the sides of
a joint angle tend to be aligned. In these specia cases, the movement states are not fully
consistent which degrades the view-invariance measure. The compactness measure is also
affected in the degenerate viewpoints.

For the view-invariance and compactness measurements of the wak action, we

computed the mean value for a four-state kinetological system and for six joints (right/left



hip, right/left knee, right/left ankle). The mean value of the measure functions is used to

compare the external and internal representations (see Fig. 5).

Fig. 5: View-invariance and compactness statistics for external and internal representations.

Analyzing the statistics of all joints considered, the externa representation performs
better for some joints concerning view-invariance. However, for the other joints (e.g. knee)
the performance is about the same. On the other hand, the internal representation is clearly
better in al the joints concerning compactness. This way, the internal representation will be
the one used to discuss reproducibility, selectivity, and reconstructivity properties for a
kinetological system.

Reproducibility

An important requirement for a kinetological system is the ability to represent actions
exactly in the same way even facing intra-persona variability. A kinetological system is
reproducible when the same symbolic representation is associated with the same action
performed by different subjects.

In order to evaluate the reproducibility of our kinetological system, we used a human
movement database with 16 subjects covering males and females at severa ages. For each

person, we considered only 12 DOFs associated with the joint angles of the lower limbs:



pelvic tilt, pelvic obliquity, pelvic rotation, hip flexion-extension, hip abduction-adduction,
hip rotation, knee flexion-extension, knee valgus-varus, knee rotation, ankle dorsi-plantar
flexion, foot rotation, and foot progression.

Initially, frequency domain filtering is applied to the gait data. This process eliminates
some high-frequency noise while the main structure of the movement is maintained. For
each joint angle function, velocity and acceleration is computed and the corresponding
atomic states are assigned to each instant. Each segment corresponds to an atom , where
is a symbol associated with the segment’s state. The atomic symbols (R, Y, B, G), caled
kinetemes, are the phonemes of our kinetological system.

The symbol R is assigned to negative velocity and negative acceleration segments; the
symbol Y is assigned to negative velocity and positive accel eration segments; the symbol B
is assigned to positive velocity and positive acceleration segments; and the symbol G is
assigned to positive velocity and negative acceleration segments. This way, a joint angle

function has a compact description which is a sequence of symbols (see Fig. 6).

RYBG BGRYBGRY RYBGBGRYBG
(a) Hip flexion-extension. (b) Knee flexion-extension. (c) Foot rotation.
Fig. 6: Symbolic representation of joint angle functions.

Each segment represented in the symbolic description has a temporal extension t.
Segments with a small extension ( t < , where is a threshold value) are considered

artifacts. These artifacts are filtered out and the remaining adjacent segments associated



with the same kineteme are merged. The resulting segments and the corresponding
kinetemes form the final symbolic description of a joint angle function. This description is

considered for the reproducibility evaluation of our kinetological system (see Fig. 7).

Fig. 7: Final descriptions of all gait files for one joint angle.

A reproducibility measure is computed for each joint angle considering all 16 subjectsin
the gait database (see Fig. 8). Similarly to the view-invariance measurement, the
reproducibility measure of a joint angle is the fraction of the most representative symbolic
description among all descriptions for the database. This way, reproducibility is
proportiona to the maximum number of occurrences of the same description for a joint
angle function. A very high reproducibility measure means that symbolic descriptions

match among different performances and the kinetological system is reproducible.

Fig. 8: Reproducibility measure for 12 DOFs during gait.



The reproducibility measure is very high for the joint angles which play a primary role
in the walking action. Using our kinetological system, six joint angles obtained very high
reproducibility: pelvic obliquity, hip flexion-extension, hip abduction-adduction, knee
flexion-extension, foot rotation, and foot progression. These variables seem to be the most
related to the movement of walking forward. Other joint angles obtained only a high
reproducibility measure which is interpreted as a secondary role in the action: pelvic tilt and
ankle dorsi-plantar flexion.

Our kinetological system performance on the reproducibility measure for all the joint
angles shows that the system is reproducible for the DOFs intrinsically related to the action.
The identification of the intrinsic variables of an action is a byproduct of the reproducibility
requirement of akinetological system.

Selectivity

The selectivity principle concerns the ability to discern between distinct actions. In terms of
representation, this principle requires a different structure to represent different actions. We
compare the compact representation of several different actions and verify whether their
structure are dissimilar.

The representation has a qualitative aspect, the state of each segment, and a quantitative
aspect corresponding to the time length and angular displacement of each segment. The
gualitative aspect is depicted with colors, while the quantitative aspect is represented by the
line segment length and thickness for time length and displacement, respectively.

The selectivity property is demonstrated in our representation using a set of five actions

performed by the same individual. Four joint angles are considered: left and right hip



flexion-extension, left and right knee flexion-extension. The five examined actions are

walk, run, jump, and two manner variations. slow walk and high jump (see Fig. 9).

(a) Slow walk (b) Walk (¢) Run (d) Jump (e) High Jump
Fig. 9: Compact representations of five different actions.

The three different actions are clearly represented by different structures with respect to
the qualitative aspect. However, the two manner variations are only different in the
quantitative aspect. This way, we investigate the quantitative aspect of four manner

variations of the walk action performed by another subject (see Fig. 10).

(8) Slow walk (b) Walk (c) Walk with stride (d) Walk with
exaggerated stride
Fig. 10: Compact representations of four manner variations of the walk action.

Each manner variation has a total of 24 segments for the four joint angles considered.
For each pair of variations, we compute a dissimilarity vector, where each element
corresponds to the difference between the quantitative aspects of the associated segmentsin

the two variations (see Fig. 11).



Fig. 11: Dissimilarity vectors between manner variations of walk.

From these vectors, we can verify the dissimilarity of the manner variations. The closest
variations according time length are Walk with stride and Walk with exaggerated stride
(median dissimilarity 12.0%), and according to angular displacement are Walk and Walk
with stride (median dissimilarity 12.2%). This way, even for the same action, the
representation has enough dissimilarity to select between different manner variations.

Reconstructivity

The compact description is only useful for generation if we are able to recover the original
joint angle function or an approximation. The ideal reconstruction would use only the
sequence of kinetemes representing the action, but further information may be required.

In order to use the sequence of kinetemes for reconstruction, we consider one segment at
a time and concentrate on the state transitions between consecutive segments. Based on a
transition, we determine constraints about the derivatives at border points of the segment.
Therefore, we investigate the possible state transitions that are feasible in our kinetological

system.



We assume that the signs of velocity and acceleration don’t change simultaneously. This
way, each segment can have two possible states for the next neighbor segment. However,
the transition B Y (R G) is impossible, since velocity cannot become negative
(positive) with a positive (negative) acceleration.

From the kinetological rules, each of the four segment states has only two possible state
configurations for previous and next segments and, consequently, there are eight possible
state sequences for three consecutive segments (see Table 1). Each possible sequence
corresponds to two equations and two inequality constraints associated with first and
second derivatives at border points. Other two inequalities come from the derivatives at

interior points of the segment.

Kinetemes Border Point p; Border Point p, Interior Points

Previous Current Next f f f’ f f’ f

Y B G 0 + + 0 + +

G B G + 0 + 0 + +

B G R + 0 0 - +

B G B + 0 + 0 +

G R Y 0 - 0 -

Y R Y 0 - 0 -

R Y B - 0 0 + +

R Y R - 0 - 0 +

Table 1: Possible sequences of neighbor kinetemes.

A simple model for the joint angle function during a segment is a polynomial. However,
lower degree polynomials cannot satisfy the constraints originated from the possible
sequences of kinetemes. For example, a cubic function has a linear second derivative which
is impossible for sequences where the second derivative assumes zero value at the borders
and non-zero values at interior points (e.g. GBG). The least degree polynomial satisfying all

the constraints is a fourth degree polynomial. This way, the reconstruction process finds



five parameters defining this polynomial with the two associated equations for the
particular sequence of kinetemes.

However, this involves an under-constrained linear system and, consequently, additional
constraints are required to reconstruct the polynomial modeling the joint angle function
within a segment. We introduce two more equations using the joint angle value at the two
border points. These values are obtained from the time length and the angular displacement

of each segment (see Fig. 12).

Fig. 12: Data points obtained from compact representation.

With four equations, this linear system is solved up to one variable. This last free
variable is constrained by four inequalities and it can be determined using some criteria

such asjerk (third derivative) minimization (see Fig. 13).

Fig. 13: Reconstruction of joint angle function.

Experiments on Compression and Decompression

An immediate application for a compact representation is compression of motion data.

With this goal, we implemented and evaluated our kinetological system. The compression



efficiency of our agorithm was tested on eight different actions (see Table 2) extracted
from the CMU Maotion Capture Database [29]. The file size ranges from 128Kb to 1024Kb

with increments of 128Kb. Frame rate is either 120 or 60 frames per second.

Action Size (Kb) Frame Rate Compression Average
(frm/sec) Rate Error (deg)

Run/ Jog 128 120 4.075% 0.868
Kick 256 60 3.953% 1.378
Answer Phone 384 60 3.596% 0.363
Walk 512 120 3.625% 0.613
Jump Twist 640 120 3.684% 1.694
Russian Dance 768 120 4.071% 1.804
Weight Lift 896 60 3.657% 0.598
Miscellaneous 1024 120 3.713% 0.778

Table 2: Experimental motion capture data and results.

The median compression rate for all motion files is 3.698%. The best compression is
achieved for the actions answer phone and walk because they consist in smooth movement.
Sudden movement, such as run and the Russian dance, obtained the worst performances.

The compression encoding is not useful without a decoding process. This way, we
implemented the reconstruction proposed and computed the average error of all frames and
all joint angles for each action in our test set.

The median average error is 0.823 degree. The lowest error is obtained in the answer
phone action, while the highest error is in the Russian dance. Again, the intuition about
smooth and sudden movement, surfaces.

We implemented two other online segmentation methods for comparison purposes. The
first method is an online version of the piecewise linear curve simplification. In this
algorithm, each segment grows incrementally until the average error is higher than some
threshold. The variation of this parameter leads to a curve of points associated with

compression size and average error for the algorithm (see Fig. 14). The single point




associated with our method is compared to this curve. In the worst case of the Russian
dance, the point stays just a little above the curve, while in the other actions it is below the

curve. This demonstrates a better compression and error performance.

(a) Answer Phone (b) Russian Dance
Fig. 14: Compression size and average error curve for the piecewise linear method.

The second method implemented for comparison is the uniform sampling. In this
algorithm, equally spaced frames are selected to represent the motion. The compression
size and average error curve is computed by varying the space between representative
frames. Compared to this technique, the single point associated with our method is always
above the curve, which shows a worse performance (see Fig. 15). However, the parametric
space where the sampling outperforms our method is limited. Therefore, a parametric
search is required to guarantee a better compression. Furthermore, our method has other

applications aimed towards perception as well.

(@) Answer Phone (b) Russian Dance
Fig. 15: Compression size and average error curve for the sampling and quantization method.



Conclusions

A kinetological system is the basic structure for an aternative writing/notation system
which enables the movement scripting (registration and specification) of human actions.
This non-arbitrary symbolic representation provides the means to reason and analyze in
terms of movement which enables the understanding of human activities. The importance
of a kinetological system to human movement is equivalent to the relevance of a
phonologica system to spoken language. Our long-term goal is to demonstrate that human
action has a space characterized by a visuo-motor language. This way, we seek to achieve
automatic animation through a Human Activity Language.
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