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Abstract—Human movement has the potential to drive
human-robot interaction (HRI). Although movement can
form an implicit command in robotic devices, this possi-
bility is currently limited by the lack of highly reliable
computational framework. Current approaches in move-
ment kinematics is criticized to be coordinate sensitive.
Therefore, we present a highly reliable kinematic frame-
work using the rigid body invariants, which is coordinate
insensitive. Furthermore, in this poster, we demonstrate
the application of these invariants in segmenting humeral
vertical abduction-adduction task.

I. INTRODUCTION

Recent trends in human-centric robotics demands
that the knowledge of the human movement-intention
be incorporated into HRI. Existing approaches to ex-
tract these movement information in biomechanics and
machine learning, however, have been criticized to be
coordinate sensitive [1]. Therefore, in this poster we
present an invariant framework using rigid trajectories
to segment submovements of the humeral segment.

If we may ask, why is an invariant framework
important for HRI? Mainly, there exists an important
bottleneck for reliable extraction of these movement
cues [2]. Moreover, these invariants present a unifying
framework wherein both motion analysis and motion
generation can be performed [1]. Therefore, our poster
demonstrates that the rigid body invariants presented by
Schutter [3], can be a possible solution to extract these
movement cues.

II. METHODOLOGY

The invariant geometric framework presented in [3]
uses twist velocities, they are represented using 6D
spatial vectors denoted by

η =

[
ω
v

]
. (1)

Due to the ease of data analysis, we choose the body-
fixed twists. Following a standard motion analysis proto-
col, we extract the rigid body invariants from the motion
capture data using the SHAPE algorithm presented in
[1].
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Figure 1: The invariant movement signatures are extracted
from the motion capture data. Based on the nature of these
extracted invariants we can segment various submovements.

As shown in Fig 1, based on the extracted twist
history, the six invariants of rigid body motion are
extracted [3]. The first two invariants ω1 and v1, known
as screw-based invariants are defined as

ω1 = ω · ex (2)

and
v1 = v · ex. (3)

Here, ex is the unit vector. The invariants ω2 and v2,
known as first-order invariants are defined as

ω2 =
(ω × ω̇)

‖ω‖2
· ey (4)

and
v2 = ey · ṗ⊥. (5)

Here, ey = ± ω×ω̇
‖ω×ω̇‖ and p⊥ = ω×v

‖ω‖2 . The last two
invariants ω3 and v3, known as second-order invariants
are

ω3 =
(ω × ω̇)× (ω × ω̈)

‖(ω × ω̇)‖2
· ex (6)

and
v3 = ex · ṗ⊥ − ṗ‖. (7)

Here, ṗ‖ = −ez·ṗ⊥
ω2

, and the relationship between the
unit vectors ez = ex × ey holds. Importantly, this
geometric framework enables us to compare movements
at three different level which are based on speed, motion
amplitude and motion profile.
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Figure 2: Shows a vertical abduction-adduction trial. From the estimated rigid body twist velocities ωb and vCOM, the six time
and amplitude normalized invariants are computed ω̄1 − ω̄3 and v̄1 − v̄3. Following this extraction, the six geometric invariants
with respect to motion profile are computed Ω̄1 − Ω̄3 and V̄1 − V̄3.

III. REPRESENTATIVE RESULTS

For a vertical abduction-adduction trial in Fig 2, we
demonstrate the extraction of these geometric invariants.
As is clear from the figure the screw-based invariants
reverse their signs indicating the reversal of submove-
ments. Our IROS 2017 article [1], has a detailed analysis
of different motion types and movement speeds. Fur-
thermore, in this paper we evaluate a variety of humeral
movements and demonstrate the high reliability of this
computational framework.
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