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ONLINE RECOGNITION OF BIMANUAL
COORDINATION TO PROVIDE CONTEXT
FOR MOVEMENT DATA IN BIMANUAL
TELEOPERATED ROBOTS

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims priority to U.S. Provisional Patent
Application No. 63/358,669 filed on Jul. 6, 2022, which is
incorporated herein by reference in its entirety.

STATEMENT OF GOVERNMENTAL SUPPORT

This invention was made with government support under
grant numbers UL 1TR001105 and RO1 EB030125 awarded
by the National Center for Advancing Translational Sciences
of the National Institutes of Health and grant number
1846726 awarded by the National Science Foundation. The
government has certain rights in the invention.

BACKGROUND

People are using robotics more and more to train
bimanual and/or bilateral coordinative skills in fields from
rehabilitation to surgery. The type of coordination, as deter-
mined by a taxonomy, used by operators/trainees directly
affects task performance. Given the type of coordination
being used, feedback can be applied from a robotic system
to improve training and performance. Accordingly, a need
exists for techniques and related systems and processes to
enable a robotic system to identify an operator’s coordina-
tion.

SUMMARY

An important problem in designing human-robot systems
is the integration of human intent and performance in the
robotic control loop, especially during complex tasks.
Bimanual coordination is a complex human behavior that is
critical in many fine motor tasks, including robot-assisted
surgery. To fully leverage the capabilities of the robot as an
intelligent and assistive agent, online recognition of
bimanual coordination could be important. Robotic assis-
tance for a suturing task, for example, will be fundamentally
different during phases when the suture is wrapped around
the instrument (i.e., making a c-loop), than when the ends of
the suture are pulled apart. In this study, we develop an
online recognition method of bimanual coordination modes
(i.e., the directions and symmetries of right and left hand
movements) using geometric descriptors of hand motion.
We (1) develop this framework based on ideal trajectories
obtained during virtual 2D bimanual path following tasks
performed by human subjects operating Geomagic Touch
haptic devices, (2) test the offline recognition accuracy of
bimanual direction and symmetry from human subject
movement trials, and (3) evaluate how the framework can be
used to characterize 3D trajectories of the da Vinci Surgical
System’s surgeon-side manipulators during bimanual surgi-
cal training tasks. In the human subject trials, our geometric
bimanual movement classification accuracy was 92.3% for
movement direction (i.e., hands moving together, parallel, or
away) and 86.0% for symmetry (e.g., mirror or point sym-
metry). We also show that this approach can be used for
online classification of different bimanual coordination
modes during needle transfer, making a C loop, and suture
pulling gestures on the da Vinci system, with results match-

10

15

20

25

30

35

40

45

50

55

60

65

2

ing the expected modes. Finally, we discuss how these
online estimates are sensitive to task environment factors
and surgeon expertise, and thus inspire future work that
could leverage adaptive control strategies to enhance user
skill during robot-assisted surgery.

Bimanual coordination is a critical feature of human
movement that developers of human-operated robotic sys-
tems can leverage to improve performance and training.
However, the concept of bimanual coordination with regard
to human performance and training has remained ill-defined
regarding its integration in robotic systems. In this study, we
use geometric principles to develop and test a mathematical
framework to classify bimanual movements from the coor-
dinated motion of two similar actors. We base the classifi-
cation on descriptors of coordination that are found in prior
human motor control literature. Classes include motion
sequence, scaling, number of targets, direction, and symme-
try. Features of this classification problem, such as the
effects of motion scaling on the classification of direction
and overlap of symmetry subclasses, are quantified to evalu-
ate its well-posedness. We also discretize the approach for
application to sampled, kinematic data from robotic systems
and noisy bimanual movements. For example, we employ a
modified Procrustes analysis to determine movement sym-
metry. Accessible scalar metrics, which can be computed in
real-time, are used to estimate class membership. In addi-
tion, thresholds based on statistical theory are discussed for
discrete classification. We first test the approach by demon-
strating high classification accuracy with data from 2D
bimanual trajectory following experiments performed by
human subjects. Finally, we apply the method to a set of 3D
tasks, namely a robotic surgical training data set, to show-
case the applicability of our framework to complex, goal-
oriented, and precise bimanual tasks. A formal geometric
framework and associated statistical methods can accurately
and quickly classify bimanual coordination according to the
online kinematics of a human-operator in a robotic system.

Haptic feedback can enhance training and performance of
human operators; however, the design of haptic feedback for
bimanual coordination in robot-assisted tasks (e.g., control
of surgical robots) remains an open problem. In this study,
we present four bimanually-dependent haptic force feedback
conditions aimed at shaping bimanual movement according
to geometric characteristics: the number of targets, direction,
and symmetry. Haptic conditions include a virtual spring,
damper, combination spring-damper, and dual springs
placed between the hands. We evaluate the effects of these
haptic conditions on trajectory shape, smoothness, and
speed. We hypothesized that for subjects who perform worse
with no haptic feedback (1) a spring will improve the shape
of parallel trajectories, (2) a damper will improve the shape
of point symmetric trajectories, (3) dual springs will
improve the shape of trajectories with one target, and (4) a
damper will improve smoothness for all trajectories.
Hypotheses (1) and (2) were statistically supported at the
p<0.001 level, but hypotheses (3) and (4) were not sup-
ported. Moreover, bimanually-dependent haptic feedback
tended to improve shape accuracy for movements that
subjects performed worse on under no haptic condition.
Thus, bimanual haptic feedback based on geometric trajec-
tory characteristics shows promise to improve performance
in robot-assisted motor tasks.

It is imperative for robotic surgeons to complete funda-
mental psychomotor skill training before advancing to prac-
tice more realistic procedures. During training, trainees must
learn to utilize both hands in a simultaneous manner to
complete tasks efficiently and reach proficiency. To more
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rapidly reach a desired skill level for bimanual coordination,
we may target trainee feedback with robotic induced haptic
forces. In this work, we coached 10 subjects through a
fundamental surgical training task, peg transfer, in a single
day session lasting 1.5 hours. We split subjects into a control
group and a haptic group. The haptic group experienced
robotic force feedback, a virtual spring placed between the
hands, while training. The feedback was onset when two
kinematic, scalar features of movement based on sequence
and relative direction of the hands exceeded thresholds. We
measured performance by a main score that is highly similar
to a tested proficiency standard, which reflects temporal
efficiency and task errors (i.e., drops). We also computed
two supplementary performance metrics to assess changes in
motor performance that may effect the main score. One
metric reflects simultaneous bimanual action, and the other
reflects movement efficiency. Baseline scores showed no
difference between groups, and both groups showed signifi-
cant improvement after training. However, the haptic group
had better scores than the control group at post-test
(p=0.008). Also, only the haptic group significantly
improved in simultaneous bimanual action (p<0.001) and
neither group improved in movement efficiency. Thus, we
conclude that augmented haptic forces, if based on the
bimanual coordination of a trainee, may promote simulta-
neous use of both hands and improve proficiency in psy-
chomotor tasks.

A first aspect of the disclosure provides a method for
online recognition of bimanual or bipedal movement coor-
dination modes directed to completing a bimanual or bipedal
motor task using a robotic system and including combina-
tions of direction and symmetry. The method includes the
step of determining an onset of a segment of bimanual or
bipedal motion of a subject operating the robotic system in
a workspace. The method includes the step of; in response
to determining the onset of the segment, receiving, from a
position sensor, data representative of trajectories of: a left
hand and a right hand of the subject, or a left foot and a right
foot of the subject. The data representative of trajectories
includes: a first set of time ordered points defining a first
discrete trajectory of the left hand or the left foot of the
subject, and a second set of time ordered points defining a
second discrete trajectory of the right hand or the right foot
of the subject. The method includes the step of computing,
based on the data representative of trajectories, geometric
descriptors of the segment. The method step of computing
geometric descriptors includes the steps of: first computing
a direction metric that describes a type of direction for the
segment, and after the first computing, second computing a
symmetry metric that describes a type of symmetry for the
segment. The method includes the step of classifying, based
on the direction metric, the type of direction for the segment.
The method includes the step of classifying, based on the
symmetry metric, the type of symmetry for the segment. The
method includes at least one of the steps of: generating,
based on the type of direction and the type of symmetry, data
representative of feedback to the subject or to another user
of the robotic system pertaining to performance of the task
using the robotic system; and controlling, based on the type
of direction and the type of symmetry, the robotic system to
facilitate improving performance, or training, of the subject
for the task using the robotic system.

A second aspect of the disclosure provides a system for
online recognition of bimanual or bipedal movement coor-
dination modes directed to completing a bimanual or bipedal
motor task using a robotic system and including combina-
tions of direction and symmetry. The system includes at least
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4

one processor operably couplable to the robotic system and
to a position sensor. The at least one processor is configured
to determine an onset of a segment of bimanual or bipedal
motion of a subject operating the robotic system in a
workspace. The at least one processor is configured to in
response to the onset of the segment being determined,
receive, from the position sensor, data representative of
trajectories of: a left hand and a right hand of the subject, or
a left foot and a right foot of the subject. The data repre-
sentative of trajectories includes: a first set of time ordered
points defining a first discrete trajectory of the left hand or
the left foot of the subject, and a second set of time ordered
points defining a second discrete trajectory of the right hand
or the right foot of the subject. The at least one processor is
configured to compute, based on the data representative of
trajectories, geometric descriptors of the segment. To com-
pute the geometric descriptors, the at least one processor is
further configured to: first compute a direction metric that
describes a type of direction for the segment, and after the
direction metric is first computed, second compute a sym-
metry metric that describes a type of symmetry for the
segment. The at least one processor is configured to classity,
based on the direction metric, the type of direction for the
segment. The at least one processor is configured to classity,
based on the symmetry metric, the type of symmetry for the
segment. The at least one processor is configured to at least
one of: generate, based on the type of direction and the type
of symmetry, data representative of feedback to the subject
or to another user of the robotic system pertaining to
performance of the task using the robotic system; and
control, based on the type of direction and the type of
symmetry, the robotic system to facilitate improving perfor-
mance, or training, of the subject for the task using the
robotic system.

A third aspect of the disclosure provides one or more
non-transitory computer readable media having stored
thereon program instructions which, when executed by at
least one processor, cause a machine to determine an onset
of a segment of bimanual or bipedal motion of a subject
operating a robotic system in a workspace. When executed
by the at least one processor, the program instructions cause
the machine to, in response to the onset of the segment being
determined, receive, from a position sensor, data represen-
tative of trajectories of: a left hand and a right hand of the
subject, or a left foot and a right foot of the subject. The data
representative of trajectories includes: a first set of time
ordered points defining a first discrete trajectory of the left
hand or the left foot of the subject, and a second set of time
ordered points defining a second discrete trajectory of the
right hand or the right foot of the subject. When executed by
the at least one processor, the program instructions cause the
machine to compute, based on the data representative of
trajectories, geometric descriptors of the segment. When
executed to compute the geometric descriptors, the program
instructions further cause the machine to first compute a
direction metric that describes a type of direction for the
segment, and after the direction metric is first computed,
second compute a symmetry metric that describes a type of
symmetry for the segment. When executed by the at least
one processor, the program instructions cause the machine to
classify, based on the direction metric, the type of direction
for the segment. When executed by the at least one proces-
sor, the program instructions cause the machine to classity,
based on the symmetry metric, the type of symmetry for the
segment. When executed by the at least one processor, the
program instructions cause the machine to at least one of:
generate, based on the type of direction and the type of
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symmetry, data representative of feedback to the subject or
to another user of the robotic system pertaining to perfor-
mance of the task using the robotic system; and control,
based on the type of direction and the type of symmetry, the
robotic system to facilitate improving performance, or train-
ing, of the subject for the task using the robotic system.

While multiple embodiments are disclosed, still other
embodiments of the present invention will become apparent
to those skilled in the art from the following detailed
description, which shows and describes illustrative embodi-
ments of the invention. As will be realized, the invention is
capable of modifications in various aspects, all without
departing from the scope of the present invention. Accord-
ingly, the drawings and detailed description are to be
regarded as illustrative in nature and not restrictive.

In this disclosure, references to various sources, which are
numbered in single brackets “[ |7, are made using the
corresponding number in the single brackets, in the same
manner as those sources are listed below under “REFER-
ENCES.” Each of those listed references, and any other not
specifically listed, are incorporated herein by reference in
their entirety.

BRIEF DESCRIPTION OF THE DRAWINGS

Embodiments of the present technology will be described
and explained through the use of the accompanying draw-
ings.

FIG. 1 depicts an example of bimanual tasks performed
by a robot for surgical knot tying.

FIG. 2 depicts examples of types of symmetry of 2D
bimanual movements, including mirrored, point, visual, and
incongruent.

FIG. 3 depicts a decision flow diagram for predicting
bimanual coordination modes with respect to direction and
symmetry.

FIGS. 4A-4C depict the distribution of F,,,, as computed
from movements of the 2D bimanual path following task
split such that movements with the true underlying symme-
try are grouped in blue bins.

FIGS. 5A and 5B depict confusion matrices for bimanual
coordination mode prediction.

FIGS. 6A-6D depict bimanual coordination mode recog-
nition for an instance of making a C loop.

FIGS. 7A-7D depict bimanual coordination mode recog-
nition for an instance of suture pulling.

FIG. 8 depicts a schematic of how bimanual geometric
classification may integrate into a robotic control system.

FIG. 9 depicts an illustration of different symmetry types
for a 3D bimanual movement.

FIG. 10 depicts an example of a 3D bimanual movement
with both visual and mirror symmetry.

FIG. 11A depicts an illustration of finding minimum and
maximum change in distance between successive points,
', given that a movement is parallel for 2D bimanual
movements.

FIG. 11B depicts an illustration of finding minimum and
maximum change in distance between successive points,
5, given that a movement is parallel for 3D bimanual
movements.

FIG. 11C depicts a top view of the projected ellipse used
to obtain the 3D solution, which is orthogonal to z,_,.

FIGS. 12A-12D depict histograms of fg. values post
movement from experimental bimanual movements of
humans and white-noise corrupted ideal trajectories. Scaling
for ideal trajectories was generated up to 2.
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FIGS. 13A-13D depict histograms of f,,, values from
bimanual trajectories with varying scale in the ideal case
with simulated additive noise and experimental case from
human movement. Theoretical thresholds, T,,,, are marked
by black dividers for the scaling value of f; =1.5. In FIGS.
13B and 13D, confusion matrices for classification accuracy
of direction type for using an adaptive threshold based on
equation 13 for all scaling sizes and a maximum movement
scaling of 1.5.

FIG. 14A depicts histograms of f,,, values after full
movement from human-generated bimanual movements
split into relative symmetry types. Theoretical thresholds
were chosen at a significance value of 0.95 for mirror
symmetry and 0.8 for point and visual symmetries. Distri-
butions of the specific symmetry metric for trials of a
different symmetry type are shown in orange.

FIG. 14B depicts a confusion chart of discretely classi-
fying symmetry type after whitening the symmetry noise
matrix.

FIGS. 15A-15D depict online bimanual coordination met-
ric computation for making a C-loop.

FIGS. 15E-15H depict online bimanual coordination met-
ric computation for suture pulling.

FIG. 16 depicts an illustration of the bimanually-depen-
dent haptic forces used in an example.

FIG. 17 depicts a bimanual trajectory following with
haptic devices and example coordination modes.

FIG. 18 depicts shape accuracy box plots for best and
worst performers over the eleven bimanual coordination
modes.

FIG. 19A depicts shape accuracy box plots for haptic
conditions as related to hypotheses for worst performers.

FIG. 19B depicts smoothness box plots for haptic condi-
tions as related to hypotheses for worst performers.

FIG. 20A depicts a daVinci Research Kit operator-side
console.

FIG. 20B depicts a subject view of the peg board, rubber
blocks, and patient-side manipulators during the peg transfer
task.

FIG. 21 depicts an experimental diagram of the single day
robotic surgical training session.

FIG. 22 depicts an overlay of implemented spring force
on video capture of a peg transfer demonstration.

FIG. 23 depicts scores at pre-test, throughout the training
session, and at the post-test.

FIG. 24 depicts the integrated f, (sequence) metric at
pre-test, throughout the training session, and at the post-test.

FIG. 25 depicts path efficiency at pre-test, throughout the
training session, and at the post-test.

FIG. 26 depicts a system for online recognition of
bimanual or bipedal movement coordination modes directed
to completing a bimanual or bipedal motor task using a
robotic system and including combinations of direction and
symmetry, according to some embodiments of the present
technology.

FIGS. 27-33 depict flow charts of a method for online
recognition of bimanual or bipedal movement coordination
modes directed to completing a bimanual or bipedal motor
task using a robotic system and including combinations of
direction and symmetry, according to some embodiments of
the present technology.

FIG. 34 depicts an example of a computer architecture
that may be used in some embodiments of the present
technology.

The drawings have not necessarily been drawn to scale.
Similarly, some components and/or operations may be sepa-
rated into different blocks or combined into a single block
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for the purposes of discussion of some of the embodiments
of'the present technology. Moreover, while the technology is
amenable to various modifications and alternative forms,
specific embodiments have been shown by way of example
in the drawings and are described in detail below. The
intention, however, is not to limit the technology to the
particular embodiments described. On the contrary, the
technology is intended to cover all modifications, equiva-
lents, and alternatives falling within the scope of the tech-
nology as defined by the appended claims.

DETAILED DESCRIPTION

As will become apparent to persons skilled in the art, the
disclosed examples and embodiments are not merely process
steps capable of being performed using generic computing
devices, but which could entirely be performed mentally or
otherwise by a human being, including with the aid of pen
and paper. Rather, in some embodiments or example accord-
ing to the present technology, the unique algorithms
described herein are required to be encoded in software (or
firmware) instructions to direct (e.g., “cause”) the physical
actions of the various computing, communications and data
storage devices in a manner believed to be as yet unknown
in the pertinent technological field. These physical effects
and actions include, without limitation, changes in the
physical state of discrete components of memory storage
devices and transmission of encoded data as signals over
wired or wireless communication channels, both within one
particular computing device and over great distances over
spans of the Earth or outer space. The described algorithms
direct data to be stored according to received data inputs of
the data owners via graphical user interfaces that are trans-
mitted to, or otherwise caused to be displayed on, user
devices like personal computers and smartphones in com-
munication with remote servers, via the Internet, for
example. All of these actions, and numerous others that are
described herein, are performed by physical computing and
communication devices, as directed by the disclosed algo-
rithms. Furthermore, the physical actions or effects which
are specifically caused to occur using computing devices
having processors taking as commands encoded software or
firmware instructions stored in non-transient computer-read-
able storage media are performed and coordinated thereby in
substantially real-time. Real-time is defined as a very nearly
instantaneous result of an input, stimulus, or computation
performed by a computing device as described herein, where
the timing of a subsequent action is limited only by the
physical makeup or design of the computing device and
communications network. For example, a duration between
atime upon which a result of a first computation is generated
by a first networked computing device and a time that result
becomes available for a subsequent computation by a second
networked computing device may be limited only by a
transmission time required by the physical medium of the
wired, optical or wireless network connecting the first and
second computing devices. A person having ordinary skill in
the art will recognize and appreciate that not only are the
disclosed algorithms incapable of being performed mentally
by a human being, they are certainly not capable of being
performed mentally with the aid of pen and paper in real
time, or otherwise by a human being within a time sufficient
to provide both the disclosed technical advantages and
effects, and the improved user experience, in the practical
application to the pertinent technological field.
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Example 1

1. Introduction

To fully capitalize on recent advances in robot sensing and
control in teleoperated or wearable robotic systems, there is
a critical need for effective methods to model the human as
part of the collective co-robotic system. A key part of
modeling a human operator is predicting operator intent and
quantifying how the operator is using the system. Online
prediction of these characteristics would enable new meth-
ods to enhance user performance during robot use. In
addition, the use of robotic systems that are bimanual (i.e.,
allowing for the human to use both left and right hands to
operate the system), pose a considerable challenge to filling
this gap in knowledge. There are several important examples
of bimanual robots including rehabilitation devices, such as
exoskeletons and manipulandums, intended to enhance or
retrain individuals to a level of motor function necessary for
activities of daily living (ADL). Surgical robots also require
highly complex bimanual skills to perform surgical tasks
safely and effectively. Accurately modeling surgeon
bimanual coordination in robotic surgery is critical for skill
assessment and especially important when developing
objective credentialing protocols (e.g., surgical residency
programs, clinical adoption of new robotic techniques, etc.)
[1]1-[6].

FIG. 1 depicts an example of bimanual tasks performed
by a robot for surgical knot tying. Bimanual tasks, such as
surgical knot tying, are composed of many distinct motions
for each hand. For example, looping suture requires hands
moving together with point symmetry, while pulling suture
to form a knot requires hands moving apart in a mirrored
fashion. Integrating recognition of these bimanual coordi-
nation modes could improve the design of assistive teleop-
erated robots.

In the literature, human movement for a task is often
decomposed into subtasks, sometimes called gestures or
“movemes”. For example, in a drawing exercise, unimanual
movements were segmented and classified into three
movemes as reaching, drawing, or circling [7]. In another
study, three different surgical tasks (knot tying, needle
passing, and suturing) recorded in the JHU-ISI Gesture and
Skill Assessment Working Set (JIGSAWS) were decom-
posed into 15 distinct gestures noted as “surgemes” [8]-[11].
These decomposition methods have been used to automate
gesture recognition using predictive models like Continuous
Hidden Markov Models, Gaussian Mixture Models, and
various machine learning models [12]-[14]. With these pre-
dictive models, when a prior subtask is recognized, the
current subtask can be more easily predicted and a device
designer has the ability to provide augmented feedback to
the user.

There is a tremendous body of work devoted to the
analysis of data for the purpose of skill evaluation as it
relates to surgical tasks and gestures [15]. While the ability
to reliably, automatically, and objectively evaluate skill is
invaluable, many methods offer little to no analysis beyond
a rating of skill. This is a caveat of what is sometimes
referred to as a “black box™ approach, especially when
regarding machine learning methods. There has been a
recent push to include information that would be meaningful
for a trainee in order to improve performance. Such infor-
mation could enhance training, feedback, and assistance if
leveraged properly. One study highlights portions of a task
that contribute most to the skill evaluation [16]. Another
study uses semantic labels to quantify surgical style [17].



US 12,533,200 B2

9

From a different perspective, researchers studying motor
control have long produced studies with respect to assessing
human movement [18], [19]. In the case of bimanual motion,
many of these studies decompose movements into somewhat
subjective spatio-temporal classifications [20]. This type of
classification can be used across all bimanual tasks and is not
dependent on the task performer. These studies have influ-
enced many other studies on rehabilitation and athletics that
seek to determine optimal training methods [21]. More
recently, robotics, like upper limb exoskeletons, have been
used to aid these training efforts [22], [23]. However, the
ambiguity of definitions in prior literature and across disci-
plines hinders the advancement of tools for assessment and
assistance of bimanual coordination training [20]. Also, no
method for online recognition of spatial bimanual coordi-
nation modalities currently exists, to the best of our knowl-
edge. Such a method is necessary to better design teleoper-
ated robots for safe and effective bimanual control.

To bridge the gap between human movement and motor
control fields of research and robotics, the purpose of our
study was to 1) develop an online recognition method of
bimanual coordination modes (i.e., bimanual direction and
symmetry) using geometric descriptors based on cursor
trajectories obtained during virtual 2D bimanual path fol-
lowing tasks completed by humans operating Geomagic
Touch haptic devices, 2) test offline recognition accuracy of
bimanual direction and symmetry during these trials, and 3)
compare how the framework transfers to 3D trajectories of
the da Vinci Surgical System’s end-effectors during
bimanual robot-assisted surgical-training tasks. These goals
were performed to enable innovative robotic systems that
are capable of providing online feedback to the human
operator during a task. We feel an important contribution of
the current study is the technique used for recognition of
bimanual human movement using a geometric characteriza-
tion that can be implemented in real-time in a bimanual
robotic system to distinguish between a variety of specific
coordination modes. As noted, while many options exist for
the classification of bimanual movements, we focus on types
of direction (i.e., hands moving together, in parallel, or away
from each other), and types of symmetry (e.g., mirrored,
point symmetry, not symmetric, etc.), and base this recog-
nition purely on geometrical properties of left and right
bimanual motion.

TABLE I
Notation for Recognition of Bimanual Coordination Modes
Notation Definition
L, R related to left or right hand, respectively
f bimanual coordination metric
T classification threshold
Dir related to bimanual direction modality
Sym related to bimanual symmetry modality
Mir related to mirror symmetry
Pt related to point symmetry
Vis related to visual symmetry
Te k™ time parameter of movement from 0 to 1
M onset of classification prediction
II. Methods

A. Definitions of Bimanual Coordination

Bimanual movements are discrete trajectories from one
position to another involving both hands. These trajectories
are described by two sets of ordered points in Cartesian
space, one for left and right hand each.
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Due to the variance in trajectory lengths and density of
sampled points along trajectories of bimanual movements,
paths must be normalized to ensure an unbiased analysis. We
accomplish this by interpolating the sampled point sets to
create equally spaced points p,j arranged as row vectors in
matrices, C, and Cg, of length, n.

@

The choice of n and point spacing will affect the analysis
of the movements, so they should be chosen based on
workspace size, position sensor resolution, and number of
sampled points. Using these normalized sets of ordered
points, the segments of bimanual movements may further be
analyzed using following characteristics.

1) Direction: Types of direction for a bimanual movement
include moving together (—<), parallel (——), or away
(¢<~—). The type of direction of a discrete bimanual move-
ment can be distinguished by the Euclidean distance
between successive points as denoted by f,,,.

dj: Hsz_Perz 3

/i Dir:dj_djl “

If the Euclidean distance of successive points is mono-
tonically decreasing, the direction is together; if it is mono-
tonically increasing, the direction is away; and if the dis-
tance remains constant, the direction is parallel. Note that a
movement may change direction during its execution.

Symmetry: Symmetry of a bimanual movement may be
described as mirror symmetric, point symmetric, visual
symmetric, or incongruent. FIG. 2 depicts examples of types
of symmetry of 2D bimanual movements, including mir-
rored, point, visual, and incongruent. Symmetry of bimanual
movements requires point to point comparison of the right
and left hand point sets because in the ideal cases of
symmetry, one set of points can be equal to a scaled,
translated, or rotated equivalent of the other set,

C,=bCrO+v )

In equation 5, b is a scaling factor, Q is an orthogonal
reflection and rotation matrix, and v is a translational com-
ponent. Types of symmetry are discerned by rotation and
reflection component Q. Mirror symmetry is a Householder
reflection, so Q=I-2qq” where \q\=1. Point symmetry is
defined by a point reflection, Q=I. Visual symmetry is
simply a translation of one point set to another with no
rotation, Q=I. Finally, incongruent bimanual movements are
those such that no transformation described by Eqn. 5.

Combinations of types of direction and symmetry are
referred to hereafter as bimanual motion modes. Particular
bimanual motion modes are impossible due to definition
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constraints. This includes unit scaled movement with visual
symmetry and direction type together or away. By definition,

C =Cprbv 6

therefore,

d=lpp,)=Vj @

®)

Thus, we can use the direction of a movement to help
identify its symmetry.
B. Bimanual Coordination Recognition

1) Problem Statement: For the purposes of recognizing
coordination in human movement data, we must consider a
noisy version of the point matrices,

fDirj:dj_de:O

C=Cptw, &)

where w, is a noise matrix and C; is the underlying
movement with ideal direction and symmetry types. Due to
the additive noise, evaluation of f,,. requires a hysteresis
band, (-Tj;,, +Tp;,), to discern the types of direction. The
threshold T,;, is chosen in accordance with the work space
and number of sampled points. For sections or the entirety
of a movement, the median of f,,, is taken.

In order to predict types of symmetry of human bimanual
movements, we use a modified Procrustes analysis. Pro-
crustes analysis uses minimization techniques to determine
the best transformation from one point set to another via the
following equation [24].

ngiB||CL -bCRO+Y, a0

Equation 10 may return any fitting orthogonal Q. How-
ever, we are interested in specific forms of symmetry, so our
modified version limits Q to three options defined by the
types of symmetry. Also, since our only concern is Q, we can
reduce Eqn. 10 further.

Jym =min]Cor = CoQll 20 = 1, =1, 1= 244" lgll = 1 an

In the above, point sets have been normalized to be zero
mean with a norm of one, i.e. \Co\;=1. Equation 11 produces
a scalar, which we label fs,,,, that may be thought of as a
goodness-of-fit measure for the respective transformation.
For ideal cases of symmetry, fs,,, is zero, and incongruent
bimanual trajectories will have fs,,,, with range (0, 2]. From
this we can discern the type of symmetry from given
movement data.

Due to the minimization, in non-ideal cases of bimanual
symmetry as measured from human generated trajectories,
fsy, tends to be minimized with mirror symmetry (Q=1—
2qq”) regardless of the underlying symmetry. We can model

the problem as follows,

Jsym = rTgn||C0L = CorQ +Wllp a2

where we have grouped the left and right noise terms,
leaving underlying symmetric point matrices Cg, and
Cgr- If the problem is split relative to the types of
symmetry,
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fuay = min[Cor = Conl! = 244" |l = 1 13

Sre=|Cor + COL”F a4

Sris = ||Cor = Coz |, as

we can see that extracting the noise term from C,, Cog,
and minimization variable q in Eqn. 13 is not possible.
Thus, the noise is included in computing a minimal
fys:,- If we assume that there exists underlying symme-
try in C,, and Cgp, then Eqn. 13 can be reduced to

16

T ~ . T
F = \/2 - ZIV(COLCOR) + 4mqquC0LC0Rq

The solution to Eqn. 16 becomes a well-known quadratic
minimization problem with the solution related to the mini-
mum eigenvalue of 14(Co, "CortCor’Cor)- For 2-dimen-
sional point sets,

Sotir=20 st R amn

where Amax and A, are the maximum and minimum
eigenvalues of 14(Co, CortCor Cor). As movements
of non-mirror type symmetry become more linear, this
measure diminishes, which becomes a problem when
trying to distinguish between mirror symmetric move-
ments and non-mirror symmetric movements. There-
fore, we must filter out cases of point and visual
symmetry first.

For movements that are not point symmetric, f,, tends
toward 2. For example, take a visual symmetric movement
with negligible noise, i.e. Cq,=Cg-

Seel2Corll7=2lICorl =2 (18)

The same occurs for movements that tend away from an
underlying visual symmetry and f,, ;.. However, due to noise,
we need to determine what the expected value of f, and f,,
is are when the underlying symmetry is point and visual,
respectively. By assuming the underlying symmetry is either
point or visual, we can compute the expected value for f,,
and fy, ;. to be

Elfs,m]=Ellwl]=E [\Itrace(WWT)] 19

Assuming w is populated by i.i.d. zero-mean normal
random variables with variance G, > means that foym for
underlying symmetry types point and visual is a Chi-
distributed = random  variable with mean p=6,
VIl (np+ 1A (np/2) and variance 62=c2np—p2. Here, the
mean and variance are dependent on the gamma function
with degrees of freedom np, such that n is the number of
points and p is the dimension. Over the course of a trajectory
np grows to be quite large, so we can use Sterling’s
approximation to estimate the mean as

ey

p= o1 L)

4np

and the variance as

ol =~ ,p-1) 2

¥ 2np
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Just as with direction, we create thresholds, T,, and T\,
to choose the classification. First, we normalize the symme-
try metric by dividing by

ST (1- L).

4np

Then, we choose thresholds based on the approximated
mean and variance for samples of a given task.

After filtering out point and visual symmetries, we need
to distinguish between mirror symmetric and incongruent
movements. The expected value and variance for f, ;. assum-
ing a mirrored movement are far more complex because of
the minimization. Thus, it is more convenient to take a
similar approach to that of point and vismal symmetries.
Therefore, we similarly normalize f,,;. by dimension and
number of points and choose T,,, from the mean and
variation of a sample of movements.

2) Decision Flow: From the definitions, metrics, and
subsequent properties of the proposed method, we can
devise an sequence to optimally distinguish bimanual coor-
dination modes. FIG. 3 depicts a decision flow diagram for
predicting bimanual coordination modes with respect to
direction and symmetry. First, sampled position data is
parsed for movement onset. Then, it is filtered and sorted
into equidistant point matrices. Point sets may also be
centered and normalized at this time. Next, the metric for
type of direction is computed, and the type of direction is
estimated. Then, depending on the type of direction, sym-
metry metrics are computed. Finally, the type of symmetry
is estimated based on the normalized symmetry metric.

Note that for this framework to be implemented online, a
minimum of three sampled data points is required and the
complexity is O(p®) due to the calculation of eigenvalues. If
we limit p to a small number of dimensions, as is often the
case, the complexity becomes O(n). For reasonable values of
n, modern systems are capable of computing these metrics
in near-real time.

C. Experimental Data

The data used for validation in this study consists of 1150
unique trajectories from a 2D data set as recorded during a
bimanual path following experiment that includes 11 sub-
jects [25]. Subjects followed pre-determined paths generated
in accordance to the different types of bimanual movement
coordination modes. Position data were recorded at 500 Hz.
For this set, used a moving average filter with window of
0.05 seconds. In this set there is an ideal path (objective
ground truth) from which we can determine noise variance
G,, and choose optimal thresholds. Trials with f,,, greater
than three scaled median absolute deviation from the median
of trials with the same ground truth symmetry were removed
as outliers. Trials with ground truth incongruent symmetry
such that the ideal trajectory had {5, less than the chosen
symmetry thresholds were also removed. The direction
threshold band for this set was chosen as Tj,;,=+0.15 mm.
Symmetry thresholds were chosen as T,,,=0.0096,
Tp=0.00125 of, and T,,;,=0.00141. These thresholds were
chosen using statistical methods. Accuracy was calculated
on a per trial basis comparing the predicted bimanual
coordination mode to the ground truth of the ideal trajectory.
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We used a second 3D data set to prove the applicability
and importance of this method. This data set is known as
JIGSAWS, and which includes examples of 3 realistic
surgical gestures, transferring needle (n=173), making C
loop (n=53), and pulling suture (n=61), from 8 subjects [10],
[11]. Gestures were grouped to analyze their relation to
bimanual motion modes. Each segment of a gesture was
trimmed and split automatically into instances of bimanual
motion using a precise movement onset detection method
[26]. Only bimanual movements where both hands were
moving simultaneously were included. This set’s position
data were recorded at 30 Hz. For this set, we tuned the
moving average filter window to 0.1 seconds and T, to
+0.1 mm. The symmetry thresholds were set at
Tym=T =T p=Ty ;;=0.06. These thresholds were chosen
through generalization of the 2D case to 3D and hand tuning,
however, the mathematical framework did not change. Gen-
eralization was done by normalizing the computed symme-
try metrics with respect to number of points and dimension,
as noted previously. Hand tuning was done by viewing the
distributions, similar to FIG. 4 (discussed below), for
samples of select gestures. This is a recognized limitation of
this study.

III. Results

For the 2D path following task, trials took a mean time of
1.501 seconds and a median time of 1.418 seconds to
complete. Computed symmetry metrics yielded distributions
of f,,, as shown in FIG. 4. FIGS. 4A-4C depict the distri-
bution of F

bimanual path following task split such that movements with

sym s computed from movements of the 2D
the true underlying symmetry are grouped in blue bins. (a)
demonstrates how movements with underlying point and
visual symmetry need to be tested for first because the
calculation of f,,,, for all symmetry types is minimized so
they become indistinguishable. In (b) and there is clear
distinction between movements with underlying point and
visual symmetry and other symmetries or incongruent
movements for f,, and £, ..

Mean and standard deviation after normalization for £,
was 0.00458 and 0.00268, for f,, was 0.0056 and 0.00317,
and for f,, ;; was 0.00632 and 0.00351, respectively. Using
fp, and f,, ;,, we determined the approximate standard devia-
tion of noise, G,,, to be 0.006 for this task. FIGS. 5A and 58
depict confusion matrices for bimanual coordination mode
prediction of (a) direction and (b) symmetry types as com-
pared to ground truth trajectories, post-movement of 2D
bimanual path following trials. The overall recognition
accuracy for direction was 92.3% with individual accuracies
of 94.2% for together, 87.6% for parallel, and 94.1% for
away (FIG. 5A). The overall accuracy for symmetry was
86.0% (FIG. 5B). Individual types of symmetry were rec-
ognized with accuracies of 83.7% for mirror, 96.4% for
point, 97.0% for visual, and 33.9% for incongruent.

For the 3D surgical robotic tasks, the predicted bimanual

motion modes of completed movements of surgical gestures
are summarized in Table IL.
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Surgical Task Bimanual Analysis Results

Transfering Needle Making C Loop

Pulling Suture

Surgical Gesture Together Parallel Away Together Parallel Away Together Parallel Away
Mirror 94 9 7 20 3 3 15 1 19
Point 28 2 0 3 3 1 1 0 39
Visual 0 0 0 0 0 0 0 3 0
Incongruent 38 4 6 18 5 2 3 1 2

The majority of transferring needle movements have
bimanual coordination mode with direction of together and
mirror symmetry (50%). Many others have symmetry type
incongruent (20%) or point (15%). The majority of making
C loop movements have direction together with symmetry
type mirror (34%) or incongruent (31%). Only 12% of
making C loop gestures had symmetry type point. For
pulling suture movements, the majority have bimanual coor-
dination mode away and point (46%) or mirror symmetry
(23%). Bimanual coordination modes of surgical move-
ments were able to be predicted within 250 milliseconds.
IV. Discussion

The purpose of this study was to develop an online
recognition method of bimanual coordination modes (i.e.,
bimanual direction and symmetry) using geometric descrip-
tors of left and right upper limb motion. We developed this
framework based on trajectories obtained during virtual 2D
bimanual path following tasks completed by humans oper-
ating haptic devices. We tested the offline recognition accu-
racy of bimanual direction and symmetry during these trials,
and compared how the framework transfers to 3D trajecto-
ries of the da Vinci Surgical System’s surgeon-side manipu-
lators during bimanual surgical training tasks. The recogni-
tion method presented in this study had high accuracy for all
direction types and symmetric bimanual movements. Note
that these accuracies indicate the statistical significance of
computed metrics (FIG. 4) for this data set. The confusion
of recognizing incongruent movements that we observed in
the 2D tasks could be attributed to movement coupling.
Humans have a natural tendency to couple their movements,
so the actual measured movements may have deviated from
the incongruent ground truth trajectories to trajectories that
were symmetric [27], [28].

Our results which showed how classifying bimanual
motion during robot-assisted surgical tasks were found to be
fairly intuitive regarding the predicted bimanual directions.
To transfer a needle or make a ¢ loop, one needs to bring the
hands together. Pulling a suture involves the hands moving
away to tighten the suturing thread. Surprisingly, very few
movements during “making a ¢ loop” gestures had point
symmetry. In order to make the loop, one has to wrap thread
with one tool in a spiral motion around the other. We suggest
the discrepancy here may be due to two reasons. The first is
that the spiraling wrap may be captured better in the rotation
of the wrists than in the position data. Second, the majority
of the beginning of the movement may be point symmetric,
but finished as incongruent, and we have reported the
predictions for the fully completed movement.

Another important consideration is that each gesture
contains variability regarding bimanual coordination modes.
Some movements of needle transfer and suture pulling are
also parallel. Some of this variability comes from extraneous
movements made during a gesture that were picked up by
the movement detection method that we used. Such extra-
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neous movements may also be indicative of performance
during the task. However, the variability in bimanual coor-
dination modes may also be attributed to the environment.
We expected to see most suture pulling movements to be
mirror symmetric, but more were point symmetric.

FIGS. 6A-6D depict bimanual coordination mode recog-
nition for an instance of making a C loop with (a) video
capture, (b) 3 dimensional position plots of the left and right
hand, and (c) direction, fj,,,, and (d) symmetry metrics, f,, .,
f5,, and f, ;. computed over parametrized time of the move-
ment. This example has a bimanual coordination mode of
direction type together and point symmetry. FIGS. 7A-7D
depict bimanual coordination mode recognition for an
instance of suture pulling with (a) video capture, (b) 3
dimensional position plots of the left and right hand, and (c)
direction, f,,,, and (d) symmetry metrics, f,,,, {5,, and f}-
computed over parametrized time of the movement. This
example has a bimanual coordination mode of direction type
away and starts as mirror symmetry then changes to point
symmetry. From FIGS. 6 A and 7A, we can see that there is
a tube blocking the right tool from pulling the thread in a
mirror symmetric fashion. Operators adapted their move-
ments to go over this tube, thereby making the movement
point symmetric. This is evidence that there are different
bimanual coordination modes used to accomplish the same
gestures. A closer look at the correlation of task performance
and bimanual coordination modes has the potential to
improve our understanding of how a task may best be
performed.

For trials that were correctly classified in the 2D bimanual
path following data set, the time to predict the movements’
bimanual coordination mode (on the order of hundreds of
milliseconds) compared to the time of movement was short
enough that the prediction could be integrated into the
control of a robotic system. We suggest the most important
benefit of this study is the ability to predict coordination as
it evolves over time. Movements may change direction or
symmetry type as they are performed, as indicated by FIGS.
6 and 7. Our proposed and tested method would allow for the
visualization and integration of those changes in a robotic
system, which if leveraged properly may improve perfor-
mance. One method to do so would be in the form of haptic
force feedback. For teleoperated systems such as the da
Vinci Surgical System, there exists an opportunity to push
users toward skillful types of coordination that are found in
expert users, or to push them away from idealized trajecto-
ries through error amplification so that users can learn to be
skillful in more challenging environments.

There are a few limitations of this study, such as the
exclusion of other characterizations of bimanual movement
that could also be important, depending on a given appli-
cation. These include the number of targets, scaling,
sequence, and temporal classifications (e.g. phase of cyclical
motions) of bimanual motion [20], [29]. In addition, the
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selection of the thresholds when generalizing the method to
different tasks requires some manual tuning using statistical
methods dependent on the task and sampled set. One expla-
nation of this result is that different tasks could require
different noise characterizations. Another explanation is that
overfitting of the first data set may have contributed to
difficulty in generalizing. A study involving physical neu-
roscience methods that look at processes and activation of
the brain during bimanual motion may help in determining
appropriate thresholds for labeling movements, especially
with regards to symmetry. We suggest observing the effects
of performing movements with varying degrees of symme-
try and direction (i.e., varying fg,,) on cognitive processes
would be beneficial, as done similarly in a prior study [30].
V. Conclusion and Future Work

In this Example 1, we demonstrate ability to recognize
bimanual coordination modes from human movement tra-
jectories using purely geometric features. This development
may well integrate with the control system of a co-robotic
systems, such as an upper-limb rehabilitation or surgical
robots, for augmenting performance due to a fast computa-
tion time. We have also shown the variability of movements
in realistic tasks as related to bimanual coordination modes,
thus noting the importance of this kind of classification in
bimanual movement analysis, especially as it relates to
surgical skill assessment. We believe that this study has the
potential to impact how humans are modeled in human-
machine systems, particularly those that can provide feed-
back, as well as how human bimanual motions are modeled
in general. We also expect that this approach will facilitate
the opportunity to provide meaningful feedback with suffi-
cient temporal resolution.

In future work, we intend to explore automated methods
for tuning thresholds in the method presented in this paper
so that it is more easily applicable across tasks. We also plan
to incorporate other classifications of bimanual movement,
such as number of targets, scaling, and sequence, and look
at various forms of feedback during movement to observe
how it affects training of fine, bimanual motor skills.

Example 2

1. Introduction

Devising systems that understand and leverage human
movement is imperative in our modern society. Human
operators and robotic devices are interacting more closely,
both physically and intelligently, to accomplish a variety of
tasks. Exoskeletons are worn directly on the body to increase
movement efficiency and reduce energy expenditure during
industrial work [31,32] and ambulation [33,34]. They may
also assist with activities of daily living, augment rehabili-
tation exercises for upper-limbs [35-38] and lower-limb
[39,40], or facilitate sports training [41]. Surgical robots
[42,43] are bimanually controlled by human-operators who
must coordinate their movements to accurately perform
intricate tasks. Drivers in autonomous vehicles may be
required to resume control of steering [44]. In the video
game industry, virtual and augmented reality bring the entire
human body into the gaming experience. Underlying the
control of all these robotic systems is the human operator’s
ability to coordinate his or her bilateral limbs. By under-
standing the mechanisms that govern coordination and limi-
tations those mechanisms impose on human performance,
we can devise intelligent control to manipulate outcomes of
an activity. To devise such a control, the notion of coordi-
nation need be posed in an objective manner, suitable for
computation. Therefore, a mathematically defined classifi-
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cation of coordinated bilateral movement could greatly
benefit the design of human-operated robotic devices.
Herein, we present such a mathematical framework with
emphasis toward discrete, bimanual movements.

Current classifications of bimanual human movement
used by roboticists are primarily data-driven and focused on
two objectives: activity recognition or movement replica-
tion. For activity recognition, typically a task or set of tasks
are broken into relevant subtasks, referred to as gestures
[45,46], movemes [47], or in the case of robotic surgery,
“surgemes” [48]. Each gesture may be thought of as a class
of movements and can be used to detect the stage of an
activity or feed into a decision procedure to provide robotic
assistance. Several classifications for bimanual grasping and
manipulation [49-51] as well as bipedal ambulation modes
[52] have been proposed in this manner. To generate autono-
mous robotic movement, lower-level classification is nec-
essary. Subsets of gestures can be derived from specific task
demonstrations. The demonstrations may be used directly to
replicate movement in a robotic limb, or they may be further
decomposed into “synergies”. Synergies are derived via
principal component analysis on large data sets to reduce
dimensionality, and they provide building blocks that
researches can combine to replicate movement [53,54]. This
is an effective method to create human-like trajectories or
grasp strategies for robotic manipulators. However, these
classification methods do not lend themselves efficiently to
augmentation for human-operated robotic devices. Syner-
gies and gestures are task- and operator-specific, and have
not been linked to general human performance. As such,
devising methods to augment movement with a robot for a
particular gesture or combination of synergies is difficult. A
classification relating gestures, synergies, and human per-
formance across a wide-breadth of bimanual activities may
provide better intuition and a streamlined method for the
design of robotic augmentation. FIG. 8 depicts a schematic
of how bimanual geometric classification may integrate into
a robotic control system.

The geometry of bimanual movement correlates to human
performance, can be objectively defined, and may lend itself
more intuitively to current augmentation methods in robotic
systems. Researchers have linked various features of
bimanual movements, like the scaling [55-57] or symmetry
[58,59], to the performance outcomes of bimanual tasks.
More details on the relation between geometric features of
bimanual movement and performance may be found in the
Supplemental Text section, below. As well as their relation
to human performance, geometric features can be objec-
tively defined. This is pertinent to integration in robotic
systems as well as comparison of data across studies.
Finally, many current robotic augmentation methods in
human performance and training applications use force
feedback [41]. For example, force feedback may be imple-
mented via virtual springs and dampers, and these forces can
be designed to restrict or guide movement given a desired
movement geometry. To the best of our knowledge, there are
no comprehensive classification frameworks tailored to
robotic systems and the coordination of bimanual human
movements from a geometric perspective.

This rest of this paper is organized as follows. First, we
present formal, geometric definitions for the ideal cases of
bimanual coordination. We also cover the well-posedness of
the respective classes. Next, we consider the problem of
noise corrupted bimanual movement signals as would be
available in a sampled robotic system and propose scalar
metric-based methods to distinguish classes. Threshold
methods derived from statistical principles are also pre-
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sented for the case of discrete classification. We apply the
methods to a 2D bimanual trajectory following data set to
validate the approach. Then, we apply the methods to a 3D
surgical training data set to show applicability and general-
izability of the framework. We then present the results of our
experiments. Finally, we discuss the implications of the
approach, results of the application, and limitations.

II. Geometric Classes of Bimanual Coordination

In this section, we provide formal definitions for a coor-
dinated bimanual movement and respective classes. There
are five main classes: 1) sequence, ii) scaling, iii) number of
targets, iv) direction, and v) symmetry.

A. Elementary Definitions

Let ¢(t) be a continuous trajectory, such that ¢:
T—WcR,. Here we consider a workspace, W, that is finite
and reachable in p-dimensional space and time parameter,
ET=t,, t,].

Definition 0.1 (Bimanual Movement). The set of
bimanual movements, B, is the set of paired, continuous
trajectories ¢;(t) and ¢x(t) occurring within domain T and
each parameterizable by ©€[0,1], such that ¢(t)/=c where ¢
is a constant.

By this definition, we note that bimanual movements B
exclude stationary, i.e. single point, trajectories.

Definition 0.2 (Sequence). Denote the tangential velocity
of trajectory ¢(t) as ¢'(t)=d¢/dt. A bimanual movement B is
simultaneous in time segment Tg,=[t,, ,]Ct if llbL(D]l>0
and [|p(D]l,>0 VieT,, . The movement is otherwise sequen-
tial.

Next, it is important to denote the scaling of a bimanual
movement, which may be defined in two ways. The first is
by the length traveled by each trajectory defined by the line
integral. The second is by volume, which may be thought of
as the space taken up by each trajectory.

Definition 0.3 (Scaling). Let S denote the cumulative
distance traveled by trajectory ¢:

S=1, ViR

bimanual scaling is the ratio

Jse=S1/Sr (6]

A bimanual movement is left scaled if f;>1. The
bimanual movement is right scaled if 1/f; >1. The move-
ment is otherwise unscaled.

Definition 0.4 (Number of Targets). A bimanual move-
ment is of 1-Target if there exists a simply connected
subspace N< W such that ¢,(t,), ¢x(t;)JEN. Otherwise, it is
of 2-Targets.

As an example, consider the set of 3D bimanual move-
ments and choose N to be a sphere with center at the
midpoint of ¢, (t,) and ¢(t,). We can define threshold T,
equal to the diameter of N, such that if ||p.(t,)-x(t,)
|l=T x> then the movement is of 1-Target.

Definition 0.5 (Direction). Let d(t) be the 1*-norm of the
difference of parameterized trajectories ¢, and ¢, that com-
pose a bimanual movement

d(t)=[¢.(t)-¢=(T)[

Denote metric f,,,, such that

Jou(D)=d (T) @

and small threshold T,,,>0. A bimanual movement has

direction of away if f,,;,>7T,,; parallel if - T, <f,,,, <T,,; or
together if f,,,,<-Tj,, in segment T, =[T,, T,].
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B. Symmetry Definitions

Definition 0.6 (bimanual Symmetry). A bimanual move-
ment is symmetric if one point set may be equated to the
other by a linear transformation of the form

L) T s OPR(TI+Y 3

where fg,_ is the scaling of the movement (Eq. 1), Q is an
orthogonal rotation and reflection matrix, and v is a
constant, translation vector. If the bimanual movement
does not satisty this definition, then it is incongruent.
(Mirror Symmetry) A bimanual movement has mirror
symmetry if there exists a plane P, and unit vector, q, normal
to P such that

0=I-299"

where 1 is the identity matrix.

(Point Symmetry) A bimanual movement is point sym-
metric if Q=-1.

(Visual Symmetry) A bimanual movement is visual sym-
metric if Q=I.

The subclasses of symmetry for bimanual movements are
distinguished by the rotation and reflection component, Q.
Mirror symmetry is a Householder reflection, point symme-
try is a reflection through the origin, and visual symmetry is
a simple translation, as shown in FIGS. 9 and 10.

C. Well-Posedness of Classes

It is important to understand the overlap, or intersection,
of classes, so informed decisions can be made regarding
discrete classification of measured trajectories. Knowledge
of classes and class bounds can help to set thresholds or
inform an algorithm to more accurately and efficiently
classify bimanual movements.

Proposition 0.1. If a bimanual movement is of visual
symmetry, it has direction of parallel for

Q)

Ty Vs 1 Voglon

Proof. The proof comes directly from the definitions of
direction and visual symmetry. If visual symmetric, then

&z (O 5. 0x(T)+v, 50

()= 11, o|b7 (T+dT)~ R (T+dT)| b/~ (T)- Pz
@lb/drllslim,_olfs.~11pr(T+dT)-¢r(T)|o/dT=
Vplfse LIV

Therefore,

VP (s DIIVOR] o502 0=V (f5.~ 1) VgL,

This helps us to recognize this type of symmetry effi-
ciently by simply using the metric for bimanual direction. It
is of interest to note how the threshold for parallel direction
will depend on the scaling of the bimanual movement and
the trajectory gradient. Also, for an unscaled, visual sym-
metric bimanual movement, f,,,(T)=0 and is thus always
parallel.

From the definition of symmetry, we see that all possible
bimanual movements are included due to the “catch-all”
definition of incongruency. However, we will show that the
set of all mirror symmetric bimanual movements is not
mutually exclusive from the set of all point symmetric
bimanual movements nor the set of all visual symmetric
bimanual movements. First, we will show that the sets of all
point symmetric bimanual movements and visual symmetric
bimanual movements are mutually exclusive.

Now let us show the conditions under which mirror
symmetry overlaps the other types of symmetry.

Proposition 0.3. The sets of mirror and visual symmetric
bimanual movements are not mutually exclusive. They
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intersect if the trajectories are symmetric and can be
described in a lower dimensional space.

Proof. Let us consider a bimanual movement that is both
mirror symmetric and visual symmetric. By Definition 0.6

01=f5: =290k nsir =fs OtV i5
Therefore,

4 0g=cVT
where c is a constant. This implies

47T (OR(T+d D~ 0x(1)=0

The only possible solutions for the above are such that 1)
0x(T)=0x(t+dt), which means 0 is constant or 2) ¢ z(T+dT)—
0x(T) is orthogonal to q. If 1), then ¢, is constant, which
contradicts Definition 0.1. If 2) the trajectories of the
bimanual movement exist in the plane to which q is orthogo-
nal and the symmetry is of a lower dimension.

Remark 0.1. For two dimensional trajectories, this means
that the trajectories are parallel lines.

Proposition 0.4. The set of mirror and point symmetric
bimanual movements are not mutually exclusive. They
intersect when the trajectories are opposing straight lines.

Proof. Consider a bimanual movement that is both mirror
symmetric and point symmetric. By Definition 0.6

0.=b(-29 )0V =—bOg+Vp,

This can be reduced to

(I-9g"0r=c
Therefore,

(=9 M QR(T+dT)~0£(0)=0 -

As with Proposition 0.3, there are two possible solutions.
1) Contradictory to Definition 0.1, 0x(t+dT)=0(t) or 2)
0x(T+dT)—-0x(T)=0/q, where « is a scalar. This would mean
that the trajectory is a straight line.

Proposition 0.3 and Proposition 0.4 provide clear inter-
sections of our sets of bimanual movements with particular
symmetries. Point and visual symmetry are mutually exclu-
sive, mirror and point symmetry only intersect for opposing
straight line trajectories, and mirror and visual symmetry
intersect in the case of parallel movements that can be
reduced to a lower dimension.

II. Human Coordination Classification Problem

For the purposes of human movement classification, it is
convenient to consider a coupled robotic-human model as a
sampled (discretized) system corrupted by noise. Consider
the system

T 1= X0 150

ék:h(xkank) 6

Where x is the state of the human model, u is a motor
command, 0" is the estimated trajectory available to the
robotic system, and q are noise terms, and k=0, 1, . . ., n.
In the following, we will present discretized, scalar metrics
that are indicative of the classes of sequence, scaling,
direction, and symmetry with relation to equation 6. We will
also discuss characterization of noise terms with relation to
the metrics such that we can define thresholds by way of
portmanteau tests for discrete classification. However, the
following metrics may be used in near real-time without the
need to discretely classify a bimanual movement with regard
to its sequence, scaling, direction, and symmetry.
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A. Sequence

Sequencing of bimanual movements is a problem of
movement onset and offset detection. We can say if the
velocity component of the state, v, is such that |lv,||, and
[vgll,>Ts, for a time segment Tg,, then the movement is
simultaneous for that segment. Setting threshold T, can be
done using the square of the magnitude of linear velocity. If
we assume that an idle velocity signal is zero-mean and
Gaussian with variance 6,2, then the square of the magni-
tude is akin to a sz variable.

2
;IIvllz ~ Xp

X 1 7
qu = ;

Therefore, we can normalize the velocity signal by 6, to
a standard random Gaussian variable and set T, with regard
to a desired significance level for movement onset and
offset. We may also use a likelihood-ratio test with desired
significance level for particularly noisy signals [60].
B. Scaling

For scaling, we can discretize equation 1 to be

S00=E,6* 10,1101

Therefore, the discretized scaling metric is

®

where S°L and S'R are random variables with means
S;(k) and Sg(k) and variances 6, and Gz propor-
tional to the noise of the system in equation 6. Equation
8 is the ratio of two random variables. If the sides are
coupled, then we can expect correlation of the cumu-
lative distance variables S”, and S”. It has been shown
[61] that the log of this distribution can be approxi-
mated as a normal random variable such that

(C)

N ot o}
longC ~ Nllogfs., ? + S_z
L R

If sides are uncoupled, then we can expect zero correla-
tion between the cumulative distance variables and approxi-
mate the metric according to [62] as

N o o3 10$)

Given an unscaled bimanual movement, S, (k)=S 5(k)=S*
(k), both equation 9 and equation 10 represent normally
distributed random variables with the same variance,

O5.2=(0,2+0,2)/S*

centered at 0 and 1, respectively. Note that 6> represents
the square of the noise-to-signal ratio. From here, a thresh-
old, T, similar to movement detection for sequence can be
made simply with respect to the normal distribution and a
desired significance level. To determine the scaling of a
bimanual movement, first check metric .. If it is less than
1, then invert it. Then, if it is less than threshold T, classify
the movement as unscaled.
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B. Direction

We will now consider the problem of discerning the
underlying subclass of direction. Due to the potential of
uneven sampling density along the trajectories and the need
to parameterize over distance, each sampled trajectory must
be processed as follows. The estimate of each trajectory, ¢",
must be such that ||6,,,—0.],=p is constant for all k. This
gives an equidistant estimate of the parameterized trajectory,
0(t), and allows us to discretize equation (2). Let z,=0",—
0°rk. Then

Foth) = ab

megian lz&lly = Nlze-1ll,

We take the median in order to get a robust metric, which
represents the primary direction of the trajectory. If the mean
is taken, this equation becomes equal to the difference of
norms of z, and z,, which is the change in distance from the
start of the trajectory to the end.

Now we will develop a test for discerning the subclass of
direction by choosing a threshold, T,,. Since we param-
eterized the trajectories to be equidistant, we have bounded
the successive change in distance of left and right trajecto-
ries such that f'Dir € [—(p,+pz). (P, +Pr)]. The threshold
Tp;, could be set with respect to thirds or other fractions of
this range, but we will pose another with respect to a
separation angle, 9 ,;, and scaling, f;.. The change in
contralateral distance, f,;,. is dependent on 2(p—1) angles.
For example, a 2D bimanual movement will depend on the
separation angle 9 ,,;,, which may be restricted for parallel
movements to a range 9 ;€ 0,,,, and one other angle 9,
(FIGS. 11A-11C). Due to the symmetry of the problem,
there are two solutions to 9, that give the minimum {"Dir
and two solutions that give the maximum f"Dir such that a
movement may still be considered parallel, i.e.

—Tp,;,<f" p;,<Tp;,- The minimum and maximum are achieved
at the bounds of the range 0,,,. indicated by 9,,,,. and
coincide such that z, is parallel to z,_,. This leads to a
convenient form for choosing threshold T,,,. Given that the
ratio of p, and py is the scaling f¢ <1,

SiNGpax (12)

tanf) = —————
! fse — O8O0y

Using this value for 9 ,, we can get the maximum and
minimum distances to set the threshold,

1 (13)
Tpir = PL[Cosemax — —cos(f + emax):l
Jse

Note that equation (13) is reliant on the choices of a
minimum p (assumed to be p,), scaling, and the allowed
parallel range 6p,,.

For 3-dimensional trajectories, the problem becomes
restricted to a sphere (see FIGS. 11A-11C). We designate the
vector of the change in trajectory of the left side with respect
to spherical coordinates 9, and 9, and for the right side
with respect to angle 9 ,,, and 9 ;€ [0, 2x]. In order to find
the minimum and maximum change in distance, we must
solve the following nonlinear system of trigonometric equa-
tions
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080 — fc 14
tanf) = —————

08638,z

$infsSinfuay (15)

tanf, = - -

(fse — CO8Opax )8ind) — cosycostszsind g,
tanf; = —tanf,sech; (16)

Note that equation (14) and equation (15) ensure that z, is
parallel to z,_,. Equation (16) is the answer to minimizing
metric *,,,, with respect to 9 ;. With the solved angles, we
can set the threshold for 3D bimanual movements

Tpi=cos 8, cos 8, cos 85—sin 8, sin O sin 8, +sin
8, cos 85(cos 6,.0~fs.)

an

Similar to equation 13, this threshold is again reliant on
choices of p and the allowable parallel range.

For higher dimensional bimanual movements, it may be
more convenient to solve for a threshold with given sepa-
ration angle range using analytic optimization and hyper-
sphere coordinates. Moreover, setting the threshold T, for
any dimension relies on the choices of p, and pjg.

C. Symmetry Recognition

For symmetry, we use the same equidistant estimate of a
trajectory as for direction to produce matrix CID—[(I)kT]E R™?,
such that ||§,..,—0,,=p is constant for all k. For the follow—
ing, we note this matrix as composed of the intended
trajectory with underlying symmetry and noise.

Modified Procrustes Analysis

Now we will look at cases of symmetry and how to
discern them, which may be more error prone, especially
when regarding human movement. Procrustes analysis pro-
vides an excellent tool for determining the symmetry of two
different point set matrices [63]. This method determines the
optimal orthogonal rotation and reflection matrix Q, scaling
fs.. and constant translation component v to minimize the
following Frobenius norm

Som = min [br~ fscba 0+ o

It is known that the solution to equation (18) with regards
to Q can be solved by reducing to the following,

Jsym = rTgn”‘t)OL —‘ﬁORQHZF

such that ®,=®/|®|| is the normalized matrix of ¢ with
respect to centering and scaling. In this method, Q is
determined by the product of the orthogonal matrices of the
singular value decomposition of @, ®y,. However, this
method will produce a Q that may represent any type of
symmetry between the two point sets. If specific types of
symmetry, like those we have defined herein, are of interest,
we must modify the traditional Procrustes method by lim-
iting the reflection-rotation component, Q, to those defini-
tions.

as

fSym = ”(DOL _%RQ”F

Ocl1~ ]]ZqT]

By doing so, we can split the minimization into the
relevant types of symmetry.
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T = (o _Ct)ORQ”; 20)
P R e e
F vt = oz~ bor(z ~ 244" e
The metric for mirror symmetry can be solved by

. 7 el .
Sy = 2[1 - ”’(‘I’OR@OL) + Qﬁgan‘I’OR‘DOLq

Thus, the solution to equation (22) comes from the
eigenvalues of matrix

‘i)sm A l/2(‘iJORT‘iJOL""iJOLT‘i)me) (23)
such that
Srn=2(1 _Z}\‘+27\‘min) 24)

where EA=tr((¢"Sym) and A, is the minimum eigen-
value of ¢"Sym. For two-dimensional trajectories, the

solution can be written as follows

Frra=20 "Xt

mir)

@4

where A, is the maximum eigenvalue of (T)Sym.

With metrics for the relative symmetry subclasses we will
go over a test to discretely classify a bimanual movement.
Using Q from the minimization, we can obtain a symmetry
noise matrix W=[w,”] with w, having autocovariance as
related to the system in equation 6. Since fg,,, is the sum of
dot products of the row vectors of W, we can perform
Mabhalonibis whitening on W using the autocovariance.
From here, we can use the appropriate anz test statistic.
However, for high dimensional data and correlated data, like
sampled bimanual trajectories, this way of testing becomes
unreliable. Instead, we use a binomial test on the number of
points in the whitened noise matrix W outside a threshold,
Tg,m» set to a desired significance from the sz distribution.
[II. Results
A. 2D Bimanual Trajectory Following

With each relative metric, we got the following distribu-
tions and recognition accuracies for scaling, direction, and
symmetry.

Scaling

For scaling, statistics for ideal trajectories with simulated
noise and human-generated trajectories are summarized in
Table III, and they may be visualized in FIGS. 12A and 12C.
With a threshold, Ty, set at 0.427, we are able to achieve
classification accuracy of 98.7% and 93.0% post movement
for ideal trajectories with simulated noise and human move-
ments, respectively (FIGS. 12B and 12D).

TABLE III

Bimanual Coordination Metric Statistical Summary

Bimanual Path Following

Ideal + Simulated Noise Human
Coordination Class Mean Variance Mean Variance
Scaling, ?SC
Unscaled 0.01 0.15 0.05 0.24

Direction, ?D,-, (mm)

20

25

30

35

40

45

50

55

60

65

26
TABLE III-continued

Bimanual Coordination Metric Statistical Summary

Parallel 0.0 0.16 0.1 0.81
Together -1.7 0.09 2.2 0.36
Away 16 0.16 23 0.49

Median 95% Percentile Median 95" Percentile

Symmetry, ?Sym

Mirror — — 0.013 0.131
Point — — 0.033 0.237
Visual — — 0.032 0.222
Robotic Surgical Tasks
Mean Variance

Scaling, ?SC

Unscaled 1.22 0.01

Left Scaled 2.61 1.62

Right Scaled 2.64 1.30

Direction, f,;, (mm)

Parallel -0.3 0.49

Together 2.6 1.00

Away 2.6 0.81
Direction

Statistics for direction are summarized and split by direc-
tion type in Table III, and distributions may be visualized in
FIGS. 13A and 13C. With T, threshold set according to
equation 13 at a minimum p of 1 mm and 6,,,,=[-70°, 70°],
we correctly classified 311 of 311 (100%) ideal parallel
trajectories with simulated noise regardless of scaling (FIG.
13B). An overall accuracy of 87.9% was obtained for ideal
trajectories with simulated noise for all scalings. For human-
generated trajectories, we correctly classified 237 of 311
(76.2%) considering all trajectory scalings and 210 of 242
(86.8%) for trajectories with scaling less than or equal to 1.5
(FIG. 13D).

Symmetry

Since symmetry metrics, {"s,,,, are bound at a minimum
value of 0 and skew toward a maximum value of 4, we
present the statistics as median and 95 percentile in Table
III. The distributions may be seen in FIG. 14A. After
classification on ideal trajectories, 668 trials were both
mirror and point symmetric and 172 trials were both mirror
and visual symmetric. Also, 6 trials remained as incongru-
ent. We were able to correctly classify 717 of 959 (74.8%)
mirror, 669 of 802 (83.4%) point, 199 of 221 (90.0%) visual,
and 2 of 6 (33.3%) incongruent human-generated trajecto-
ries as compared to classification of ideally generated tra-
jectories. FIG. 14B depicts a confusion chart of discretely
classifying symmetry type after whitening the symmetry
noise matrix.

B. 3D Bimanual Surgical Tasks

FIGS. 15A-15D depict online bimanual coordination met-
ric computation for making a C-loop. FIGS. 15E-15H depict
online bimanual coordination metric computation for suture
pulling. FIGS. 15A and 15E are video capture images, FIGS.
15B and 15F are 3D position plots of the left and right hand.
FIGS. 15C and 15G plot the direction metrics, f,;, computed
over the parameterized movement. FIGS. 15D and 15H plot
the symmetry metrics, f,,,, computed over the parameterized
movement. Making a C-loop has direction of “together” and
“point” symmetry. Suture pulling has direction “away” and
symmetry starting as “mirrored” then changing to “point.”

The statistical results of classified movements from the
3D robotic surgical tasks are organized in Table I1I and Table
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IV. Table 111 contains means, variances, medians, and 95th
percentiles for the relative metrics of all bimanual move-
ments within a particular class. Table IV lists the number of
bimanual movements labeled with a particular bimanual
coordination class for experts and novices. Expertise was
labeled within the data set. Some cells are colored with
yellow and green. Yellow corresponds to an expected mode
of coordination for the respective gestures, and green cor-
responds to the majority of a classified movement type. For
example, we expect the gesture of “making a C-loop” to
have direction of together and point symmetry. For direc-
tion, the number of movements with direction together is
colored yellow, but since the majority of movements ana-
lyzed were of direction parallel, the cell for parallel move-
ments is colored green. For symmetry of expert movements,
point symmetry was both expected and contained majority
of movements, so the cell was colored green.

TABLE IV

10

15

28

however, is parameter based. This provides less ambiguity,
more automation, and more comparability across studies.
We also note that the use of thresholds isn’t necessary
because the metrics for scaling, direction, and symmetry are
all continuously variable. These metrics can be used without
defining strict limits on the different types of scaling, direc-
tion, and symmetry. Also, it is worth mentioning that the
method can be used on data other than end-effector position.
Using velocity or acceleration data for symmetry analysis
may more closely tie together findings presented in this
paper and studies on human motor planning and control.
The methods presented in this paper have shown to
effectively sequence a movement and determine its scaling,
bimanual direction, and symmetry with greater than 80%
overall accuracy with respect to ideally generated trajecto-
ries. We showed the method for predicting direction is
sufficiently accurate given three parameters of the move-

Bimanual Surgical Gesture Coordination Classification Results

Scaling
Direction Symmetry L- R-
Gesture Together Parallel Away Mirror Point Visual Incon. Unscaled Scaled Scaled
Expert Making a C-loop 10 52 0 18 24 6 14 10 26 26
Pulling Suture 16 18 32 48 14 0 4 10 30 26
Transferring 26 46 0 40 12 8 12 12 24 36
Needle
Novice Making a C-loop 4 50 4 18 16 10 14 8 42 8
Pulling Suture 18 46 64 78 14 10 26 38 48 42
Transferring 62 68 10 86 28 4 22 36 70 34
Needle

For symmetry, the measured shape and scale coefficients
of the gamma distributions fit to {",,,, values were 2.4 and
0.011 for mirror symmetry, 3.84 and 0.022 for point sym-
metry, and 7 and 0.014 for visual symmetry. With threshold
significance at 0.9, thresholds for the types of symmetry
were 0.048, 0.142, and 0.148 for mirror, point, and visual
respectively.

IV. Discussion

In this Example 2, we presented a mathematical frame-
work to describe the coordination of two trajectories using
geometric features of kinematic data. We then developed
classification methods from statistical principles to distin-
guish between classes of bimanual coordination given noisy,
imperfect trajectories as measured from human-operated
robotic systems. Finally, we applied this method to two
different data sets to show its validity and application to
real-world tasks.

All metrics of bimanual coordination as presented by this
paper are easily computable by most modern microcon-
trollers within enough time to relay feedback to an operator.
Therefore, we suggest this method is capable of being
implemented online for adaptive control of a robotic system.
This includes the metric for symmetry, which is the most
complex since it requires eigenvalue decomposition. How-
ever, for applications with low trajectory dimension and
reasonable trajectory lengths, online computation is feasible.
Even though this method is better for lower dimensional
kinematic data, it is possible to use the definitions and
methods presented here for data of any dimension. Also the
presented method is task independent, except for the clas-
sification of symmetry. Classification requires the use of
thresholds, but the process of choosing these thresholds,
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ment (allowable range, scaling, and resolution). For sym-
metry, we showed overlap of types of symmetry, and we
showed that characteristics of the system noise will affect
distribution of the symmetry metrics. Thresholds for clas-
sification of symmetry types must be set with these in mind.

Regarding the overall approach, we note the following
limitations. The presence of signal dependent noise in
human reaching movements has been well established [64,
65], but we consider generally dependent noise for normal-
ization of the symmetry metric and symmetry type classi-
fication. A specific model-based approach to characterize
noise, such as a signal-dependent noise model, might pro-
vide clearer implications for the study of symmetric
bimanual movement. For example, it may lead to a better
method of choosing thresholds for symmetry. Secondly, we
note the low number of incongruent trajectory trials included
in this study, especially for simulated trajectories. We also
attribute this to the random generation of incongruent tra-
jectories. After manual inspection, many were found to be
close to symmetric trajectories. Also, the low classification
accuracy for incongruent human movements may be more
indicative of the natural tendency for humans to couple their
movements.

Regarding the analysis on the surgical training task data
set, there is high variation in both expert and novice groups
for both movement direction and symmetry. We can poten-
tially relate this to differences in the local area of operation,
the segmentation of subgestures, or error in the labeling of
gestures. We also notice a greater variability in modes of
coordination used by novices as compared to experts. We
suggest, this may be due to the choppiness of movements or
the lack of a robust set of “synergies” for performing the
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tasks. Further analysis into how these metrics change from
novice to expert or as a subject trains has the potential to
inform training techniques.

Regarding limitations for the application of the presented
method, we note the following. The sequencing method
presented in this paper was an effective tool to recognize
human movement artifacts in the recorded signals. However,
due to non-fluid, choppy movements, many of the extracted
movements from the JIGSAWS data set may have been less
suitable for analysis of bimanual coordination classes pre-
sented here. Many of the intended full movements were
broken into segmented submovements. Therefore, the over-
all method in its current state may prove more useful on
heavily processed data, such as mean trajectories as
extracted from Learning from Demonstration (LfD) tech-
niques or kinematic synergies [53]. Also, trajectories con-
sidered by this method need be at least once differentiable.
Trajectories with sharp corners are more likely to be
sequenced into multiple submovements. Future work
regarding the segmentation of movements and automatic
recognition of bimanual movements will be done to improve
analysis and online implementation of the overall method.
V. Materials and Methods

We applied our approach to two different data sets for
validation and to showcase applicability to realistic tasks.
A. Validation on 2D Bimanual Trajectory Following

Validation for the recognition of bimanual coordination
modes was performed on a two dimensional kinematic data
set [59]. This data set was collected from a bimanual
trajectory following experiment during which subjects per-
formed various bimanual movements that followed an ideal
trajectory. We used only trials in which subjects performed
simultaneous movements for all results. Data for this set
were collected on a coupled 3D Systems Geomagic Touch
system at 500 Hz with a resolution of 0.055 mm and
synchronized by the Robot Operating System (ROS). Posi-
tion data were filtered with a moving average filter of length
240 ms.

Variance of idle velocity signals was computed manually
by taking 30 random samples of idle data. Sequencing for
the data set was done using a velocity threshold band based
on a significance of 0.7 for the lower band and 0.999 for the
upper band. Offset detection was done using the lower
threshold and full movement completion (i.e., reached a
radius of 1.5 cm within the end of the ideal trajectory).
Scaling of unscaled ideal trajectories was 1, and for scaled
trajectories, it ranged from 1.5 to 2. Using the quantile
function for a normal distribution, we set our threshold with
significance level of 0.9 such that T, =0.427.

Ideal trajectories were corrupted with independent
pseudo-random generated noise with zero mean and 0.3 mm
standard deviation to get simulated distributions for scaling,
direction, and symmetry metrics. We report statistics on the
distributions of each metric and perform discrete classifica-
tion as according to the previous sections. For discrete
classification of symmetry, ideal trajectories were also whit-
ened and tested for symmetry type. Therefore, some ideal
trajectories had multiple symmetry types (e.g., mirror and
point) and some ideal trajectories even though not perfectly
symmetry were classified as symmetric instead of incongru-
ent. Classification accuracies for bimanual coordination
classes are reported as per type.

Some trials were excluded from analysis of different
bimanual metrics. For scaling results, we excluded trials of
one target due to inconsistent scaling. For direction results,
a small number of trials were excluded because the ideally
generated trajectory did not fit the definition for “parallel”.
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For these excluded trials, ideal parallel trajectories were
generated by fitting a curve to randomly placed control
points within a range of 160° [59], so the ideally fit curve did
not necessarily intersect the control points.
B. Application to Bimanual Surgical Tasks

To show the generalization from a known 2D task to
realistic 3D tasks, we implemented our method on the
JHU-ISI Gesture and Skill Assessment Working Set (JIG-
SAWS) [66]. JIGSAWS is a 3D kinematic data set taken
from robotic surgical training tasks, knot tying, suturing, and
needle passing, and performed by 8 subjects ranging from
novice to expert surgeon. This data set is labeled to corre-
spond with 15 different surgical gestures. Some gestures are
unimanual, and since we are interested in bimanual move-
ment coordination, we limit the analyzed gestures to those
requiring both hands, namely “Making a C-loop”, “Pulling
Suture”, and “Transferring Needle”. Position data were
taken from the master manipulators at 30 Hz and filtered
with a moving average filter of length 50 ms.

Variance of idle velocity signals was computed manually
by taking 30 random samples of idle data. Sequencing for
the data set was done using a velocity threshold band with
a significance of 0.7 for the lower band and 0.998 for the
upper band. Only movements of sufficient length of over 0.5
seconds were considered for analysis. The scaling threshold
was set at T =1.4 using an assumed distribution specified
by equation 10. The threshold for direction was set accord-
ing to a minimum change in distance, p=1 mm. Symmetry
distributions and thresholds were chosen through a manual
selection process. A sample of 100 movements as segmented
from trials labeled as performed by expert surgeons from the
data set were evaluated for the type of symmetry from
viewed plots of position data and computed fsym values.
These values were compared to histograms for the full pool
of' samples. Gamma distributions were fitted to the separated
groups, and then thresholds for symmetry types were set
using a significance level of 0.9. Types of symmetries are
prioritized in the classification decision in the following
order: mirror, point, then visual.

V1. Supplemental Text
A. Classes of Coordinated Bimanual Movement and Human
Motor Control

Coordination has long been studied, especially by fields
interested in human motor control (i.e., neuroscience, bio-
mechanics, medicine, etc.) [58,67]. Unfortunately, some of
the language in prior studies has been subjective, ambigu-
ous, or lacking agreement, especially when compared across
disciplines. A recent push has been made to unify and
present a common language, thus making it easier to
advance our understanding of human coordination [68]. It is
from this common language that we formulated our classi-
fication, which includes the classes of sequence, scaling,
number of targets, direction, and symmetry.

Sequence is determined by the timing of the motion of
hands. Hands may either move sequentially, one after the
other, or simultaneously. This notion of sequence is not to be
misconstrued with phase characterization. Phase concerns
cyclic or rhythmic movements rather than discrete ones.
Prior research on the sequence of movements has two main
findings. The first is choice of movement sequence by a
performer. In many tasks, a sequence of movements directed
toward completing a task starts with the non-dominant hand
to establish stability [69,70]. Also, in more difficult manual
tasks, novice performers tend to have choppier and more
sequential movements, choosing not to use the hands simul-
taneously to achieve better accuracy [70]. This may be
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related to the other characteristics of the motions necessary
for the task and difficulty in producing the motor commands.

Scaling of movement compares the size of one side to the
other. Studies on laterality find that the non-dominant hand
typically makes larger movements as compared to the domi-
nant [69]. This is done so the non-dominant hand stabilizes
the movement of the dominant, so it may be controlled more
intricately. Disruptions in scaling can lead to poor perfor-
mance of either hand. It has been shown that when perform-
ing symmetric tasks, if the scaling of one hand is increased,
the accuracy of the contralateral decreases [55-57].

The number of targets of a movement closely aligns with
the number of tasks being per formed. A single target means
a single task while two or more can mean multitasking. The
number of targets and the attention necessary to reach the
target(s) plays a key role in performance of bimanual tasks.
Typically, movements with two or more targets are more
difficult and have lower accuracy for novices because of the
division of attention. However, this is not al-ways the case.
Interestingly, one study found that single target tasks show
less spatiotemporal coupling during point symmetric move-
ments, especially for stroke patients [71]. This could poten-
tially be due to higher reliance on the dominant or non-
paretic arm to complete the single task. Also, other factors
of bimanual movement and conceptualization of the move-
ment therein could influence performance given the number
of targets. Understanding the number of targets being
attempted may help more advanced systems to provide
assistance during task execution.

Direction of a bimanual movements is a less studied
factor. Prior experiments require subjects to move their
limbs in varying directions with respect to each other, but the
factor of direction itself is usually grouped with particular
symmetries or differing number of targets. However, we can
relate the notion of direction to aspects of established motor
control models, such as the stochastic optimal control and
estimation model for reaching [65]. In this model and similar
models, perception of movement is corrupted by multipli-
cative noise scaled by distance away from the center of
focus. Therefore, the farther away from visual focus the
movement is, the worse one’s ability to estimate the position
or velocity of the movement becomes. In terms of direction,
it is logical to think how the direction of one hand compared
to the other can affect sensory perception. The farther the
hands move away from each other, the more divided one’s
attention must be, which may cause multiplicatively increas-
ing error. In the stochastic optimal control model, we must
also consider generation of motor commands. Certain direc-
tions of the hands may also indicate multiple targets, thereby
implicating separate control policies for each hand. More-
over, while direction cannot directly relate to current theo-
ries on upper-limb motor control, it has the potential to
indirectly indicate useful results from the theories, such as
an expected increase in error from increased distance
between the hands.

Symmetry of human movement is a long studied phe-
nomenon in the areas of physiology, psychology, neurosci-
ence, laterality, and many more. The treatment here will
focus on symmetry as it relates to human motor control and
learning and how it has been leveraged in bimanual robotic
systems. The first thing to note are the different types of
symmetries observed in various rhythmic and goal-oriented
tasks. In many tapping tasks, in-phase and 180° out-of-phase
movements are the most stable while asynchronous out-of-
phase movements can be trained [72,73]. For goal-oriented
tasks, there are three main types of symmetries that are
considered: mirror symmetry, point symmetry, and visual
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symmetry [68]. Mirror symmetry is noted as symmetry
across the sagittal plane. Point symmetry is noted as oppos-
ing symmetrical movements such as turning a steering wheel
or throwing two pieces of string around each other to form
a knot. Visual symmetry is noted as a coupled movement of
the limbs in the same direction like lifting and moving a
single object.

With regard to real-world problems, symmetry tends to
appear most in work on rehabilitative efforts, especially for
persons with brain injury like stroke. Due to injury,
bimanual coordination becomes impaired and coupling
strength diminishes [74,75]. Mirror symmetry tends to be
the easiest and most stable form of movement because of the
similar activation of homologous muscles in symmetric
orientation [76,77]. Therefore, the command signals need
not differentiate and require more processing from the
central nervous system. Some forms of therapy, i.e. mirror
therapy, attempt to leverage the mirrored coupling of upper
limb movements to affect physical change in the paretic arm
of brain-injury patients [78,79]. It is hypothesized that by
coupling the movement, the brain can form new connections
to the paretic side [79,80]. Recently, several upper limb
robotic devices or exoskeletons have been created to assist
with this therapy by generating movement in the paretic arm
as measured and mirrored from the non-paretic side [80-82].
Therefore, it is important to be specific when considering
symmetry, objectively define symmetry for use in the robotic
systems that leverage it, and create classes and class bound-
aries for comparison across studies.

Example 3

1. Introduction

Haptic feedback holds great promise as a tool to improve
motor performance and skill training. Haptic feedback,
when designed to guide motion or provide performance
indicators, appears in research on medical training simula-
tors [83,84], sports training [85,86], and rehabilitation exer-
cises [87-89], to name a few. In these applications, research-
ers have tested various forms of haptic feedback including
vibration cues [87,89,90] and virtual forces [84-86,88].
Vibration cues serve to provide extrasensory information
(e.g., situational awareness or direction cues), while virtual
forces change the dynamics of a task to assist or resist an
operator. Overall, the results of these tests tend to show
reduction in movement error or improvement in other speci-
fied performance objectives, like smoothness, for well-
designed feedback strategies.

The paradigm for designing haptic feedback currently
relies on measured performance objectives (e.g., error) as
related to predetermined, “desired” trajectories or environ-
mental factors of a given task. Researchers use haptics to
both assist and resist operators based on these dependencies
[91]. Assistive feedback aids users to improve performance
and potentially encourage perseverance in training. In two
path following studies, vibration cues informed subjects of
significant deviation from the intended path [92,93]. For
both studies, the trials with vibration cues correlated with
decreased positional error. For one study, the cues also
correlated with improved speed given additional smooth-
ness-based feedback [92]. Haptic assistance has also been
implemented via guiding forces. Researchers have
employed guidance via proportional-derivative (PD) control
to train subjects to follow 3D paths in simple path following
tasks as well as surgical training tasks [94,95]. This kind of
haptic feedback was reported to reduce positional error and
improve efficiency as compared to visual guidance alone.
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Similar haptic guidance has been used in rhythmic tasks to
decouple bimanual movements more accurately [97]. In the
case of motor skill training, resistive haptic feedback is
hypothesized to enhance adaptation and learning over assis-
tive feedback due to a developed reliance on the assistance
[91]. Several studies have shown that in both simple reach-
ing tasks and surgical training tasks, subjects who experi-
ence resistive or error enhancing feedback learn better than
their counterparts who receive assistive feedback or no
feedback at all [84,98]. While all these prior approaches to
haptic feedback design show promise for improving motor
performance and training, they require exact specification of
a desired trajectory and have not fully considered bimanual
coordination.

Bimanual coordination is an important facet of perfor-
mance in many motor skills, both elementary and advanced.
Prior work has shown that bimanual movements can be
classified according to geometric characteristics, like direc-
tion and symmetry, through robotic sensing [99]. This type
of classification is of interest in interdisciplinary, motor
control studies [100] and correlates with varied performance
during path following [101,102]. By designing haptic feed-
back with regard to a high-level, geometric classification of
bimanual coordination, it becomes independent of unique
trajectories. Also, we can potentially shape movement of the
bimanual limbs by coupling them through augmented haptic
forces. To investigate the effects of bimanually-dependent
haptic feedback on performance as related to a geometric
classification of bimanual coordination, we conducted a 2D
trajectory following experiment and present the results in
this paper.

II. Methods
a. Subjects

A total of 11 able-bodied subjects, aged 19 to 31 years
(mean 24 yrs), were recruited for the study. Of these
subjects, 7 were born as male and 4 were born as female. All
subjects provided informed consent. All subjects were right
handed except for two. Of the two, one was ambidextrous.
This subject reported use of the right hand for writing and
throwing and use of the left for activities like swinging clubs
or bats. We surveyed subjects on experience with human-
machine interfaces using a scale of 1 (no experience) to 4
(able to program a human-machine system). The survey
results were evenly distributed for all choices (1s: n=3, 2s:
n=2, 3s: n=2, and 4s: n=4).

B. Bimanually-Dependent Haptic Forces

The focus of this work is the assessment of bimanually-
dependent haptic forces on performance outcomes of move-
ments with specified coordination. Each haptic force was
implemented virtually. All subjects experienced a base hap-
tic force during every movement and one of five bimanually-
dependent haptic feedback conditions (FIG. 16).

FIG. 16 depicts an illustration of the bimanually-depen-
dent haptic forces used in this Example 3. Springs con-
strained subjects to a vertical 2D plane for all trials. A virtual
spring constrained the distance between hands. A virtual
damper constrained velocity toward or away from each
hand. A dual spring force pulled the hands together to a
central position.

The base haptic force was a vertical 2-dimensional plane
constraint that was imposed by stiff, virtual spring forces set
with spring constant of k,=120 N/m. This constraint was
imposed to ensure the task was 2D and reduce any error due
to movement in or out of the plane. The five bimanually-
dependent haptic feedback conditions were:
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1) Null: No haptic forces except for the plane constraint

2) Spring: A virtual spring between the hands set at an
initial length equal to the distance between starting
positions and set with spring constant, k=10 N/m

3) Damper: A virtual damper between the hands and set
with damping constant, k=10 N/m/s

4) Combo. Spring-Damper: Additively combined spring

and damping forces

5) Dual Spring: Two springs grounded at the midpoint of

the hands and set with spring constant, k,=15 N/m.
C. Trajectory Following Experiment

FIG. 17 depicts a bimanual trajectory following with
haptic devices and example coordination modes. Trajecto-
ries were randomly generated to have a particular coordi-
nation mode, defined as having a specified number of
targets, direction, and symmetry. For example, panel (a) of
FIG. 17 has one target, direction of together, and mirror
symmetry, panel (b) of FIG. 17 has two targets, direction of
parallel, and visual symmetry, and panel (c) of FIG. 17 has
two targets, direction of away, and point symmetry.

Subjects sat at a desk with arm rest, computer monitor,
and two Geomagic Touch™ haptic devices to perform
bimanual trajectory following. We adjusted the setup for
subjects to reach the entire workspace comfortably (FIG.
17). Subjects used the haptic devices to control gray, spheri-
cal cursors on screen. Trajectories were demonstrated by red
spheres of the same size as the cursors. Black traces of the
trajectories lasted until the red spheres completed the dem-
onstration. Subjects could replay the trajectory as many
times as needed before attempting to reproduce it. However,
subjects were instructed not to attempt the trajectory until
the red spheres finished the demonstration. All trajectories
started from the same location and were randomly generated
to have a coordination mode, similar to a previous experi-
ment [102]. Coordination modes are sets of trajectories with
particular types of symmetry, direction, and number of
targets [99,102]. Number of targets are 1 and 2. Direction
types are together (Tog) when the distance between hands
decreases, parallel (Par) when the distance between hands
remains near constant, and away (Awy) when the distance
between hands increases. Symmetry types are mirror (Mir),
point (Pt), visual (Vis), and incongruent (Inc). Panels (a),
(b), and (c) of FIG. 17 each show an example of a different
coordination mode.

The experiment consisted of 1 training session and 4
randomized experimental blocks. For the training session,
the primary author demonstrated the task to subjects. Then,
subjects performed 16 practice trajectories. Subjects expe-
rienced each type of haptic condition during practice but
were not explicitly told the types of haptic forces. Subjects
were instructed to reproduce each trajectory as accurately
and smoothly as possible in one discrete movement. Each
experimental block contained one randomized type of
bimanually-dependent haptic feedback, including the null
condition, and 4 repetitions of trajectories for a particular
coordination mode for a total of 44 trajectories per block and
176 trajectories total. All 44 trajectories in each block were
randomized both by generation and order.

D. Data Acquisition and Processing

Data were acquired at 120 Hz from the haptic devices and
processed with moving average filters. The position data
filter was of length 250 ms. The velocity data, acceleration
data, and jerk data filters were of length 83 ms. Subject
trajectories were trimmed using a log-likelihood ratio onset
detection method [103]. For the completion condition,
velocity data was continuously monitored until the com-
puted innovations dropped below the onset threshold. Then,
the subsequent local minimum was marked as the comple-
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tion point. Every trajectory was manually checked for errors.
Errors include short movement time (<0.25 s), an onset or
offset at greater than 20% into the velocity curve, or a
sequential movement indicated by clear separation of left
and right hand velocity curves. If a subject’s trajectory was
deemed to have any of these errors, then the trajectory was
removed from analysis. A total of 144 trajectories (7.4% of
total data) were removed.
E. Performance Objectives

To assess performance, we computed two main perfor-
mance outcome metrics and one supplementary metric. The
first main metric is trajectory correlation error, defined by

Cov(®, )
a(®)o (@)

@®

Trajectory Correlation Error =1 —

where ¢ and ¢* are matrices of equal length vectors that
are tangent to the subject and ideal trajectory, Cov(*) is
the covariance function, and &(*) is the standard devia-
tion. Trajectory correlation error is a reflection of shape
accuracy as compared to the demonstrated trajectory
[102,104]. The second metric is dimensionless inte-
grated absolute jerk (DIAJ) [102,105], a measure of
smoothness, defined by

D (3]

Vinean L

where d*x(t)/dt® is the third derivative of position with
respect to time, D is the movement time duration, and
V,ean 15 the mean velocity.

For each main performance outcome metric, we summed
both left and right hand scores. The supplementary metric
was average speed, so we could assess the speed-accuracy
trade-off. Speed was averaged for each trajectory and
between left and right hands.

F. Statistical Analysis and Hypothesis Testing

FIG. 18 depicts shape accuracy box plots for best and
worst performers over the eleven bimanual coordination
modes. Boxes show 25th to 75th percentiles and median.
Whiskers extend to minimum points and maximum points
within 1.5% the inter-quartile range. The worst performers
had higher trajectory correlation error and may benefit more
from bimanually-dependent haptic feedback.

For subjects who perform worse under null conditions, we
hypothesize: (1) a spring will improve the shape of parallel
trajectories due to the distance constraint between the hands,
(2) a damper will improve the shape of point symmetric
trajectories due to a rotational constraint, (3) dual springs
will improve trajectories of one target due to a pull toward
a center location, and (4) a damper will improve smoothness
for all trajectories due to its velocity resistance and relation
to jerk. To test our hypotheses and analyze effects of
bimanually-dependent haptic forces on bimanual coordina-
tion modes, we first split subjects into best and worst
performers for each coordination mode under the null con-
dition by using a normalized score (FIG. 18). This was done
because performance augmentation is typically applied to
novices or persons who perform worse at a given task. The
score was computed as the sum of the assessed performance
outcome’s median and variance and normalized by the
group maximum. Also, coordination modes are ordered by
this score.
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We fit a generalized linear mixed-model (GLMM) to data
from the worst performers with subjects as a random effect
and ran several multiple comparison tests [106,107]. The
GLMM was estimated via Laplace method, and trajectory
correlation error was fit with gamma errors and a reciprocal
link function, while DIAJ and speed were fit with normal
errors. Bimanually-dependent haptic forces were modeled as
fixed effects. Effects of experimental block were removed
from the model due to clear insignificance. Multiple com-
parisons were performed using sequential F-tests with Bon-
ferroni corrections.

III. Results

FIG. 19A depicts shape accuracy box plots for haptic
conditions as related to hypotheses for worst performers.
FIG. 19B depicts smoothness box plots for haptic conditions
as related to hypotheses for worst performers. Boxes show
25th to 75th percentiles with mean. For FIG. 19A, shape
accuracy, whiskers extend to minimum points and maximum
points within 1.5x the interquartile range. For FIG. 19B,
smoothness, whiskers extend in both directions to points
within 1.5x the interquartile range. Stars above boxes indi-
cate a statistically significant effect of bimanually-dependent
haptic feedback as compared to the null condition. Colors in
the coordination mode table reflect hypotheses pairings of a
coordination mode and haptic feedback condition.

Hypothesis 1) For coordination modes with direction of
parallel under the spring condition and spring-damper con-
dition (FIG. 19A—Coordination Modes 7 and 11), trajectory
correlation error was reduced as compared to the null
condition (F=7.57, p<0.001). The spring condition had an
effect on coordination mode 7 of —0.12 (F=9.27, p=0.010)
and coordination mode 11 of —0.16 (F=5.12, p=0.095). The
spring-damper condition had an effect on coordination mode
7 of —0.12 (F=10.78, p=0.095) and coordination mode 11 of
—0.21 (F=7.36, p=0.027).

Regarding speed, the spring condition had increased
average speed of 0.4 cn/s for both coordination modes 7 and
11, (F=1.71, p=0.766) and (F=1.61, p=0.819) respectively.
The spring-Damper condition also had increased average
speed of 0.9 cr/s (F=9.03, p=0.011) and 0.2 cr/s (F=0.33,
p=1.000) for coordination modes 7 and 11.

Hypothesis 2) For coordination modes with point sym-
metry under the damper condition and spring damper con-
dition (FIG. 4(a)—Coordination Modes 2, 4, and 9), trajec-
tory correlation error had significant effects (F=5.04,
p<0.001). The damper condition had effect on coordination
mode 2 of 0.02 (F=0.81, p=1.000), coordination mode 4 of
—0.03 (F=1.59, p=0.833), and coordination mode 9 of 0.18
(F=11.22, p=0.003). The spring-damper condition had effect
on coordination mode 2 of 0.03 (F=2.18, p=0.560), coordi-
nation mode 4 of 0.03 (F=0.88, p=1.000), and coordination
mode 9 of —0.21 (F=13.77, p<0.001).

Regarding speed. the damper condition had decreased
average speed of —0.5 cm/s (F=2.25, p=0.536), —0.5 cm/s
(F=2.84, p=0.369), and 0.7 cm/s (F=4.79, p=0.116) for
coordination modes 2, 4, and 9, respectively. The spring-
damper condition had decreased average speed of —0.7 cm/s
(F=5.63, p=0.072), —0.5 co/s (F=3.06, p=0.323), and —1.0
cr/s (F=9.05, p=0.011) for coordination modes 2, 4, and 9,
respectively.

Hypothesis 3) For coordination modes with one target
under the dual spring condition (FIG. 19A—Coordination
Modes 2, 3, and 5), trajectory correlation error had varied
but essentially zero effects (F=0.66, p=1.000).

Regarding speed, the dual spring condition had increased
average speed of 0.5 cm/s (F=2.24, p=0.540), 1.2 cm/s
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(F=12.51, p=0.002), and 0.5 cm/s (F=3.26, p=0.286) for
coordination modes 2, 3, and 5, respectively.

Hypothesis 4) For smoothness (FIG. 19B), the damper
condition showed a reduction in DIAJ for all coordination
modes but to no significant overall effect (F=1, p=1.000).
Table VI reports the effects of all haptic conditions on DIAJ.

TABLE V

5

38

the highest ranked coordination mode with point symmetry
(p<0.001). For other coordination modes with point sym-
metry, no haptic condition with a damper had any effect.
There was a decrease in speed for coordination mode 9 given
the damper and spring-damper conditions, but only the
spring-damper condition was to significant effect. Therefore,

Shape Accuracy Effects of Bimanually-Dependent Haptic Feedback

Coordination Mode

1 2 3 4 5 6 7 8 9 10 11
Num. Targets 2 1 1 2 1 2 2 2 2 2 2
Direction Tog Tog Tog Tog Tog Awy Par Tog Awy Awy Par
Symmetry Mir Pt Mir Pt Inc  Mir Vis Inc Pt Inc Inc
Haptic Force
Traj. Spring -0.05 0.01 -0.01 0.00 -0.04 0.02 -0.12** -0.01 -0.03 -0.17 -0.16
Corr.  Damper -0.03 0.02 -0.02 -0.03 -0.01 -0.02 -0.10 0.02 -0.18*%* -0.01 -0.16
Err.  Combination  -0.02 0.03 0.01 0.03 0.01 -0.05 -0.12** -0.03 -0.21*%*%*% -0.16 -0.21*
Dual Spring 0.03 0.00 0.01 0.01 -0.03 0.02 0.01 0.12 -0.13 -0.08 -0.07
Speed Spring -0.8 -0.9% -0.9% -0.7 -0.2 -03 0.4 -0.4 -0.5 -0.5 0.4
(cm/s) Damper -1.2%*% 0.5 -0.2 -05  -0.9% -0.8%* -0.1 -0.2 -0.7 -0.5 0.5
Combination ~ -0.7 -0.7 -1.1%* -05 -0.2 -0.9% 0.9% 0.0 -1.0%* -0.4 0.2
Dual Spring 0.3 0.5 1.2%% 0.1 0.5 -03 1.5%%% 1.6%%% 0.2 0.3 1.2%%

Entries are estimated effects of bimanually-dependent 3

haptic feedback conditions on coordination modes as com-
pared to the null condition. Green entries indicate a reduc-
tion in error. Red indicate an increase in error. Shading is by
magnitude of effect. Effects with p-values less than 0.05 are
indicated with *, less than 0.01 with **, and less than 0.001
with *%%,

IV. Discussion

In this study, able-bodied subjects performed simultane-
ous, 2D bimanual trajectory following, which required
movements of differing number of targets, direction, and
symmetry under several bimanually-dependent haptic feed-
back conditions. We tested if these haptic conditions had
effects for worse performers on two main performance
outcome measures of accuracy and smoothness, as well as
one supplementary performance measure of speed to assess
the speed-accuracy trade-off.

With regard to hypothesis (1), we predicted a virtual
spring placed between the hands would improve the shape of
bi-manual trajectories with parallel direction. This is
because parallel bimanual trajectories are characterized by a
constant inter-manual distance [99], and the spring resists
movements without a constant inter-manual distance.
According to our results, the spring and combination spring-
damper conditions improved shape accuracy as measured by
trajectory correlation error for both coordination modes with
direction of parallel. Three of the four experimental condi-
tions were to significant effect (p<0.001). Thus, we accept
hypothesis (1). There was not a decrease in speed for these
haptic conditions as compared to the null condition, which
indicates the increase in accuracy is likely not due to an
intentional reduction in speed.

With regard to hypothesis (2), we predicted a virtual
damper placed between the hands would improve the shape
of trajectories with point symmetry because it resists non-
rotational movement. According to our results, the damper
and spring-damper conditions improved shape accuracy for
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there is a chance that the increase in accuracy was due to a
reduction in speed. However, a damper directly acts to resist
velocity. Table V shows a reduction in speed given the
damper condition for all coordination modes except 11.
Therefore, this outcome may instead reflect the changed
dynamics of the system rather than an intentional reduction
in speed. Thus, we also accept hypothesis (2) with stipula-
tions.

With regard to hypothesis (3), we predicted a dual-spring
grounded at the mid-point between the hands would improve
the shape of trajectories with one target. However, the
dual-spring condition had no effect on subjects’ shape
accuracy for trajectories with one target. Thus, we reject
hypothesis (3). There was an increase in speed for these
experimental conditions, and one of the conditions was to
significant effect. However, due to reasons described previ-
ously, this outcome may simply reflect changes in system
dynamics rather than intent. We also note that the coordi-
nation modes with one target were ranked lower. This means
that for the group overall, these coordination modes had
lower trajectory correlation error (FIG. 18) and may have
been easier to perform. In other words, there may be no need
to provide assistance for these types of movements because
they are already performed well. There is a chance that given
more difficult movements with a single target, this type of
feedback may improve performance. However, this is specu-
lation and would require further study to prove.

With regard to hypothesis (4), we predicted the damper
condition would improve smoothness due to its direct
impedance to velocity and closer relation to jerk. While the
damper condition improved smoothness as measured by
DIAJ for all coordination modes, it did not do so to
significant effect. Additionally, the combination spring-
damper condition tended to worsen smoothness (Table VI).
Thus, we also reject hypothesis (4).
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TABLE VI
Smoothness Effects of Bimanually-Dependent Haptic Feedback
Coordination Mode
1 2 3 4 5 6 7 8 9 10 11
Num. Targets 2 1 1 2 1 2 2 2 2 2 2
Direction Tog Tog Tog Tog Tog Awy Par Tog Awy Awy  Par
Symmetry Mir Pt Mir Pt Inc Mir Vis Inc Pt Inc  Inc
DIAT Spring 8 -2 19 20 -1 -11 -17 1 13 40 5
Damper -12 -25 -4 -14  -14 -8 -12 -32 -10 -20  -13
Combination 18 3 54k 23 33 9 -12 5 25 38  -14
Dual Spring -5 -21 -10 -1 -34 14 -12 -29 68%** 8 -4
15

Entries are estimated effects of a type of bimanually-
dependent haptic feedback on a particular coordination
mode as compared to the null condition. Green entries
indicate a reduction in DIAJ (i.e., smoother movement),
while red indicate an increase in DIAJ. Shading is by
magnitude of effect. Effects with p-values less than 0.05 are
indicated with *, less than 0.01 with **, and less than 0.001
with *%%,

More generally, it appears bimanually-dependent haptic
forces tend to improve shape accuracy of coordination
modes 7-11 to greater effect. Interestingly, statistical signifi-
cance in these effects appears to stem from the geometric
properties of both the haptic condition and the trajectories.
Contrarily, haptic conditions appear to have little effect on
coordination modes 1-6, for which the group as a whole
performed better. We also note that this study is non-
exhaustive. Its purpose was to investigate the performance
effects of several bimanually-dependent haptic feedback
conditions on classifications of bimanual coordination.
While each haptic condition was designed for a particular
class of bimanual coordination, we invite researchers and
haptic control designers to use our results as listed in Tables
V and VI as a guide. Future work derived from these results
may be done to more thoroughly investigate our hypotheses
or improve upon the design of the haptic feedback condi-
tions for particular studies and applications.

Our approach uses bimanually-dependent haptic forces in
a haptically-enabled robotic system given a set of trajecto-
ries that can be classified by geometric properties. Applica-
tions that fit this approach include bimanual motor tasks, like
robotic surgery or rehabilitation. Assistance may be given in
a robotic system via bimanually-dependent haptic forces for
corresponding trajectories to potentially improve task per-
formance or assist in training. For certain trainees, this type
of feedback may reduce error to allow for learning to occur
[108]. However, care must be taken so a dependence on the
haptic feedback is not formed [117]. While this study only
looked at haptic assistance, another consideration is to
design similar bimanually-dependent haptic feedback to
resist movement or amplify error to improve training |84,
91,98]. In either case, application-specific considerations
should be taken when implementing bimanually-dependent
haptic feedback.

This Example 3 comes with some limitations. One limi-
tation regards the effect size of bimanually-dependent haptic
feedback on performance outcomes. We do not report effect
sizes because importance of effect size will depend on the
application. Performance outcomes of tasks requiring
extremely precise movements, like surgical operations, may
be more sensitive to error. In contrast, the outcome of a
large, stabilizing movement may not need to be as precise.
The other limitation regards the speed-accuracy tradeoft. We
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analyzed speed to provide some insight but did not control
for speed directly. We made this choice to observe the
reaction of subjects to imposed haptic feedback conditions
in a motor task performed at a pace of their choosing. This
decision was made to provide insight for future applications,
such as early phases of motor task training. In future
experiments, controlling for speed will help to confirm or
contradict the results presented here. Finally, the bimanu-
ally-dependent haptic forces have the potential to impact the
positional accuracy of a movement as well as the shape
accuracy and smoothness. Prior approaches use position-
based feedback to reduce or enhance positional error
whereas our forces depend on the positional relation of the
hands. Future work will be needed to compare bimanually-
dependent haptic feedback to other position-based
approaches with regard to both effectiveness and ease of
implementation.
V. Conclusion

In this Example 3 work we explored the effects of several
bimanually-dependent haptic feedback conditions on classes
of bimanually coordinated movements. Haptic conditions
consisted of virtual springs and dampers implemented
between the hands, which were independent of environmen-
tal factors and trajectory positions. This benefit has the
potential to impact real-time assistance for a variety of
robotic systems, including surgical robots and bimanual
rehabilitation robots. We showed that subjects who perform
worse under null haptic conditions can improve the desired
shape of their movements with particular bimanual haptic
feedback but may not be able to improve smoothness. We
also discussed that the improvement in shape is unlikely due
to an intentional reduction in speed. Future work will further
investigate these results, provide application of our approach
to real-world bimanual tasks, and develop intelligent ways
of implementing bimanually-dependent haptic feedback.
Moreover, there is an opportunity to develop a future frame-
work for bimanual haptic assistance in diverse, robot-as-
sisted tasks.

Example 4

1. Introduction

Since its inception, robotic surgery has been on the rise for
a multitude of operations. Cases in general surgery rose from
1.8% in 2012 to 15.1% in 2018 [109], robotic bariatric
surgery cases rose 12.7% from 2015 to 2020 [110], and both
general robotic pediatric cases and urology robotic pediatric
cases increased 1.3% per quarter in 2010 and 2.0% per
quarter in 2019 [111]. Not only have robotic surgical cases
increased but the global surgical robot market is expected to
reach $11.8 billion USD by 2025 [112]. However, despite
the rise in cases and the market, there is an expected shortage
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of surgeons by 2034 in part due to high cost of medical
education [113]. Also, robotic surgical curricula are widely
available, but contents are inconsistent and require expert
review [114]. While autonomous robotic surgery may help
to alleviate this problem, there is still a need for highly
trained and capable surgeons before autonomous technolo-
gies integrate into regular use. Thus, new robotic training
approaches that may rapidly improve surgical ability are
needed.

All expert robotic surgeons must first complete basic
training to learn how to dexterously manipulate the robot.
The majority of basic robotic surgical training curricula
resemble laporoscopic training curricula [115]. First, train-
ees build psychomotor skills on the robot with dry labs,
which consist of several tasks, such as peg transfer, needle
passing, and knot tying. Trainees are typically required to
practice these tasks until they reach proficiency, and one of
the key psychomotor skills needed to attain proficiency is
bimanual coordination. Trainees learn to use both hands in
a complementary and optimal manner to more efficiently
perform surgical tasks. Surgeons are directly rated on their
ability to use both hands via the Global Evaluative Assess-
ment of Robotic Surgery (GEARS). GEARS is a validated
method for determining robotic surgical skill, and it includes
“Bi-manual Dexterity” as one of its main components [116,
117]. In practice, trainees are simply instructed by a coach
on how to improve performance. No other means of feed-
back are implemented to accelerate learning to the best of
our knowledge. However, several research teams are explor-
ing methods to implement various haptic feedback modali-
ties to accelerate trainee learning. If successful, trainees may
begin practice on more advanced tasks earlier and get much
needed repetition toward reaching surgical expertise.

The following describes a few tested approaches to lever-
age robotic surgical systems for training augmentation. One
study implemented assistive haptic forces that were based on
extracted trajectories of peg transfer and needle passing
tasks [118]. This study reported improvements due to haptic
assistance in performance metrics of workspace volume and
positional error as based on the extracted trajectories. How-
ever, there was no improved temporal efficiency nor path
efficiency. Two other studies implemented augmented forces
during a ring and rail task [119,120]. One of the studies used
an assist-as-needed algorithm to guide operators through the
task [120]. Researchers of this study found accelerated
improvement in performance metrics of time and positional
error for the assisted group as compared to a control group.
The other study split subjects into groups with assistive or
resistive forces. Researchers found the greatest improve-
ment from baseline performance in the group with resistive
forces regarding time and positional error [119]. In all cases,
the augmented forces implemented on the robotic systems
were based on specific, ideal trajectories, which were
extracted from demonstration or designed to fit the task
environment. Other than completion time, all the reported
performance improvements were also based on these ideal
trajectories. While these methods show potential for the
improvement of psychomotor skill training in robotic sur-
gery, we may be able to augment training without the need
of specific trajectory information. We may also be able to
tailor the augmented forces to promote learning of particular
core psychomotor skills, like bimanual dexterity as
described by GEARS.

Given the capabilities of surgical robotic consoles, we can
monitor the bimanual coordination of a surgical trainee to
provide meaningful feedback and potentially accelerate
trainee learning. Bimanual coordination can be defined by
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geometric features of movement and monitored online
through scalar features derived from a stream of kinematic
data [121]. The features can describe the scaling, direction,
or symmetry of a bimanual movement. Haptic forces can be
based on these scalar features to improve the shape of
bimanual movements [122] and the requirements of the task.
It implemented thoughtfully, bimanually-dependent haptic
forces may improve performance and training in more
complex tasks, like surgical training. In particular, we
hypothesize that a virtual spring set between the hands, such
that the onset of the spring force is dependent on the
coordination of the upper-limbs, will increase simultaneous
bimanual movement and thus improve task performance
after training. The following describes an experiment in
which we implement augmented bimanually-dependent hap-
tic forces based on the coordination of a trainees hands
during a peg transfer task. This approach aims to accelerate
performance improvement of the basic psychomotor skills
needed to perform robotic surgery while retaining compu-
tational efficiency and implementation ease.
1I. Methods
A. Subjects

For this experiment, we recruited 10 able-bodied subjects
(27+4 yrs). All subjects provided informed consent in accor-
dance with the UT Austin IRB #00000278. Subjects in each
group indicated uniformly varied prior experience with
human-operated robotics, and no subjects indicated comple-
tion of any formal surgical training. Most subjects were right
handed except for two subjects, who reported that they were
ambidextrous. A summary of subject demographics can be
found in Table VII.

TABLE VII

Subject Demographics

Control Group

Age Robot Exp. Surgical Training
(yrs) Gender Handedness (1-4) Exp. (1-4)
28 F A 1 1
28 M R 4 2
29 M R 2 1
25 M R 2 1
24 F R 1 1
Haptic Group
35 M R 3 1
28 M A 2 1
20 M R 1 1
25 M R 2 2
24 F R 4 2
B. Apparatus

Training was administered on the daVinci Research Kit
(dVRK), a surgical robot. FIG. 20A depicts a daVinci
Research Kit operator-side console. The console includes a
head rest and stereo viewer, a forearm rest, two operator-side
manipulators, and foot pedals. The robot was equipped with
two large needle drivers on the “patient” side. Rectified
stereo images were displayed to subjects on the console
stereo viewer at 30 Hz using the OpenCV library and two 14
inch Arzopa A1 Gamut Slim HD monitors. FIG. 20B depicts
a subject view of the peg board, rubber blocks, and patient-
side manipulators during the peg transfer task. A pegboard
with six rubber blocks was centered within view, and the
camera was angled to provide a near isometric view of the
blocks. Arms of the operator side were zeroed before each
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experiment, and the patient-side manipulators were manu-
ally adjusted to ensure the entire workspace was reachable.
Augmented haptic force feedback was implemented via
MATLAB® application, which communicated with the
dVRK using the Collaborative Robotics Toolkit (CRTK)
[123] and the Robot Operating System (ROS).

C. Peg Transfer Task

Subjects performed a standard peg transfer test, which
followed a validated robotic surgery skill training curricula
[124-126]. The peg transfer task is described as follows.
Subjects first grasp a rubber block with the left patient-side
manipulator of the dVRK. Then, in mid-air, they must hand
over the block to the right patient-side manipulator and place
it on a peg on the right side of the pegboard. This is repeated
until all blocks have been transferred from the left side of the
pegboard to the right side. Then, the blocks are transferred
back to the left side of the pegboard in the same manner.
Subjects were timed from grasp of the first peg until the final
peg transferred from right to left touched the pegboard. Also,
the experimenter kept track of the number of drops.

FIG. 21 depicts an experimental diagram of the single day
robotic surgical training session. Subjects were split into a
haptic feedback group and a control group. Each group
received instruction on dVRK operation and free-explora-
tion time for no more than five minutes. Then, subjects
performed baseline trials without haptic feedback. Follow-
ing baseline, both groups trained for 8 repetitions. Peg
transfer trials are marked by boxes, and filled boxes indicate
trials with haptic feedback. Finally, groups performed four
peg transfers for washout and post-test. Subjects were
allowed 5 min. of rest between Baseline and Training, in the
middle of Training, and between Training and Post-Test.

The task was split into four experimental blocks (FIG.
21). In the first block, subjects were instructed on operation
of the surgical robot by the experimenter, and then they were
allowed to familiarize themselves with the system for no
more than 5 minutes. In the second block, subjects per-
formed 4 baseline peg transfer trials. They were instructed
on how to perform the peg transfer task. The first two trials
served as a warm-up, and on the last two trials of the
baseline, subjects were asked to perform the task as fast and
as accurately as possible to establish a pre-test performance
level. In the third block, subjects were coached through 10
training trials with or without augmented, bimanual haptic
force feedback. In the fourth block, subjects performed 2
washout trials and 2 post-test trials as similar to the baseline
trials. Subjects were limited to 4 minutes per trial, and the
full experimental session was limited to no more than 1.5
hours to avoid fatigue. If subjects reached 80 minutes in the
experiment, the subsequent two trials were run as the
post-test. Subjects were allowed to take short breaks
between trials as needed, and subjects were required to take
a minimum 5 minute break after the first 4 training trials.
D. Haptic Force Feedback Conditions and Coaching

FIG. 22 depicts an overlay of implemented spring force
on video capture of a peg transfer demonstration. After the
tools were moved together to transfer a peg and detected as
idle or not moving simultaneously, a virtual spring force was
ramped up between the hands. The force was ramped off
after a simultaneous movement away was detected. The
overlay was not visible to subjects.

Subjects were split into two groups by random computer
generation. The first group was a control group that expe-
rienced no form of haptic force feedback during the experi-
ment. The second group experienced augmented forces in
the form of a virtual spring set between the hands (FIG. 22).
The spring had initial length 35 cm, which was approxi-
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mately the length of the peg board when scaled for teleop-
eration based on the sequence and direction of the hands.
Also, the spring was set with a spring constant of 11 N/m.
the length of the peg board when scaled for teleoperation. If
a sequential (i.e., non-simultaneous) movement or an idle
state was detected and the direction of the hands was
together, the force of a spring between the hands was ramped
up within 1 s. The sequence of a movement was determined
by a simple hysteresis band method. The magnitude of the
velocity of a hand was compared to an upper threshold of 3.0
cm/s for movement onset and a lower threshold of 0.8 cm/s
for movement stop. If neither hand was in motion, the
operator was considered in an idle state. If only one hand
was in motion, it was considered a sequential movement.
The direction of the movement was determined by

Together, if for < —Tpi 48]
Direction =4 Parallel, if —Tp; < for < Top
Away, it fpir > Ipir

where

o A0 = 620l
Dir = T

@

Equation (2) measures the change in distance between
parameterized left and right hand trajectories, 0. Trajectories
are parameterized by te [0, 1] over distance. The threshold
to distinguish between type of direction was set at Tj,;,=0.
This parameter was chosen to heavily bias directions of
together and away based on observed movements performed
during peg transfer. Peg transfer typically is performed with
many movements of mirror symmetry and direction of both
together and away. It also has little to no movements with a
direction of parallel. In a prior experiment [122], we found
a spring between the hands had no significant effect on
performance for these conditions. Therefore, it was expected
that this augmented haptic condition would not inhibit
performance and may promote simultaneous use of the
hands after a block transfer. A spring may promote simul-
taneous use by forcing the hands apart to place the trans-
ferred block and pick up a new block at the same time.

Regarding coaching, the experimenter would only pro-
vide verbal feedback during the training block. Verbal
feedback consisted of 3 primary points of focus: grasping
technique, placing technique, and instruction to move ones
hands simultaneously. In particular, all subjects were
coached to simultaneously place a transferred block on a peg
while simultaneously moving the opposite hand to pick up
another block. The experimenter informed subjects that they
may feel haptic forces during the task if their hands become
idle or if they are not moving them in a simultaneous
manner. Subjects were also instructed to go slow and focus
on technique in the first half of training, and then they were
instructed to attempt to increase their speed in the second
half of training.
E. Data Capture and Analysis

Data were captured at a rate of 100 Hz for all sensors with
a 50 ms moving average filter, and velocity data were filtered
with a 4” order Butterworth filter using a 10 Hz and synced
using ROS. Kinematic position data were filtered cutoff
frequency. We then processed the data to analyze three
performance metrics. The first and main performance metric
is an outcome metric. This metric is a normalized score
based on number of accidental drops and total elapsed time,
and it was used to assess task proficiency.
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X 10 s
Score = 240 s — time — —— —
drop

20 s
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Score is the total time taken to perform the task with 10
s and 20 s penalties for drops and pegs left untransferred,
respectively, subtracted from the maximum time allowed
(240 s). This score is comparable to other robotic surgical
training studies, which use similar scoring [126].

The second performance metric was a normalized
bimanual movement sequence metric

1 7 (C]
Integrated fs, = 7 Jsqdt,
o

where T is the total elapsed time and f, is defined as

0, if Idle %)
fsg = { 1, if Sequential
2, if Simultaneous

The method for measuring idle, sequential, and simulta-
neous movenients is described in Section II D. This measure
indicates the percentage of time that a trainee used neither,
one, or both hands during task execution. A result closer to
0 indicates more idle time during the task, and a result closer
to 2 indicates more simultaneous movement. This metric
was chosen as an indicator to assess changes in motor
performance that may affect the performance outcome of
score.

The third performance metric is path efficiency, which is
a measure of total path length.

n m (6)
Path Efficiency = » Sz + » Sk

In the above equation, path lengths S; of n left hand
movements and m right hand movements are summed to get
the total path efficiency. Path lengths are defined by the line
integral

S=lo' N Ao TNt for i=L.R %)

Path efficiency is a commonly used metric to measure
skill in robotic surgical training, and it is comparable to
positional error and workspace volume in prior studies
[118]. This metric was also chosen as an indicator to assess
changes in motor performance that may affect the perfor-
mance outcome of score. It was also chosen to compare
results with prior studies on robotic force augmentation for
robotic surgery training.

To perform statistical analysis on the data, we used a
two-sample t-test to compare results between groups and a
paired-sample t-test to compare pre-test and post-test within
groups. For the statistical tests, we used pre-test and post-
test means, which consisted of two trials.

[II. Results

All subjects completed the 1.5 hour session, but not all
completed 16 trials of the peg transfer task. In the haptic
group, subjects completed an average of 14 trials, and in the
control group, subjects completed an average of 15 trials.
The reason some subjects did not complete all 16 trials was
due to a slow training pace or the need to reset the dVRK in
a few instances due to operational error. If a subject’s left

20

25

30

35

40

45

50

55

60

65

46

hand drifted with the left operator-side manipulator too far
outside of the workspace or jerked the manipulator, the
system would enter an error state and need to be reset.
Addition of the haptic forces did not cause need for the
dVRK to be reset. There were no adverse events which
caused subjects to withdraw from the study. Also, one
subject from the control group was excluded from analysis
because the baseline score was over five standard deviations
away from the mean of the entire sample. All results are
reported as the meantstd.

Score) FIG. 23 depicts scores at pre-test, throughout the
training session, and at the post-test. Both groups signifi-
cantly improved, and there was a significant difference
between groups at the post test but not at pre-test. The entire
sample score at pre-test was 18120 s. The control group
score at pre test was 819 s, and the haptic group was 2623
s (FIG. 23). There was no significance found between groups
at pre-test (t=1.52, df=7, p=0.171). The control group score
at post-test was 38121 s, and the haptic group was 83%16 s.
There was significance between groups at post-test (t=3.64,
df=7, p=0.008). Both groups showed significance between
pre-test and post-test. The control group had an improve-
ment in score of 31x14 s (t=4.37, df=3, p=0.022), and the
haptic group had an improvement in score of 56x17 s
(t=7.60, df=4, p=0.002). There was also significance
between groups for score improvement (t=2.46, df=7,
p=0.043).

Integrated fg,) FIG. 24 depicts the integrated fg, (se-
quence) metric at pre-test, throughout the training session,
and at the post-test. Only the haptic group was found to
significantly improve in this metric after the one day session.
Only the haptic group was found to significantly improve in
this metric after the one day session. The entire sample
integrated fy, at pre-test was 0.99+0.17. The control group
mean and std. at pre-test was 0.91£0.20, and the haptic
group was 1.0520.12 (FIG. 24). There was no significance
found between groups at pre-test (t=1.28, df=7, p=0.241).
The control group at post-test had integrated fg, of
1.18+0.07, and the haptic group had 1.19+0.12. There was
no significance between groups at post-test (t=0.16, df=7,
p=0.877). The control group had an increase of 0.27+0.17
(t=3.09, df=3, p=0.054), and the haptic group had an
increase of 0.1410.03 (t=9.24, df=4, p<0.001). There was no
significance between groups for increase in integrated fg,
(t=1.64, df=7, p=0.146).

Path Efficiency) FIG. 25 depicts path efficiency at pre-test,
throughout the training session, and at the post-test. No
significant differences were found between or within groups.
The entire sample path efficiency at pre-test was 5.74£0.95
m. The control group path efficiency at pre-test was
5.86+1.13 m, and the haptic group was 5.6520.91 m (FIG.
25). There was no significance found between groups at
pre-test (t=0.31, df=7, p=0.766). The control group path
efficiency at post-test was 5.7320.50 m, and the haptic group
was 5.35£1.05 m. There was no significance between groups
at post-test (t=0.66, df=7, p=0.529). Neither group showed
significance between pre-test and post-test in path efficiency.
The control group had an improvement in path efficiency of
0.13+1.58 m (t=0.16, df=3, p=0.880), and the haptic group
had an improvement in path efficiency of 0.3£0.73 m
(t=0.93, df=4, p=0.407). There was no significance between
groups for score improvement (t=0.22, df=7, p=0.835).

IV. Discussion

In this pilot study, we coached subjects in a single 1.5
hour session to perform a peg transfer test on a surgical robot
with or without the aid of augmented, bimanually-dependent
haptic forces. Augmented haptic forces were based on the
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coordination of the operator’s hands. In particular, if an
operator’s movements were detected as idle or sequential
and the direction of movement was together, a spring
between the hands was ramped on. This force pushed
operators hands laterally to the left and right side pegs. To
draw conclusions, we analyzed performance metrics that
reflect time and accuracy, sequence of bimanual movement,
and movement efficiency.

The first result to note is the significant improvement of
scores by both groups. This result is expected after training
on the task for 1.5 hours with targeted feedback. In line with
our hypothesis, the group that received augmented haptic
force feedback had significantly better post-test scores
(p=0.008). Pre-test scores of the haptic group were better
than the control group by 18s, but this was not found to be
significant (p=0.171). We hypothesized this difference
would arise from an increase in simultaneous movement due
to influence from the haptic forces. Simultaneous movement
during the task, if directed correctly, would improve time
efficiency. Both groups showed an increase in Integrated fg,,
which shows an increase in simultaneous movement and
decrease in idle time. However, the increase was only
significant for the haptic group (p<0.001). This may indicate
that the better improvement in scores was due to an increase
in simultaneous bimanual movement. We also note that
groups had no difference at post-test for Integrated fg,, so
there is a possibility that improved scores may be due to
other effects of the haptic condition or unknown factors.
Further study will be required to determine this completely.

We also measured path efficiency as another possible
factor that may influence task proficiency and as a compari-
son to prior studies. While both group means in our experi-
ment improved in path efficiency after training, neither did
so to a significant effect. Also, neither group differed at
pre-test nor post-test. Our findings are in contrast to Power
et al. [118], who also used a peg transfer task in their
experiment but implemented a different haptic force modal-
ity. They reported no improvement in task time, but they did
report improvement in workspace volume and positional
error as measured from an ideal trajectory. We suggest this
difference may come from relation of the haptic modalities
to the mechanics of movement. Power’s haptic forces
resisted operators from ideal path deviation via proportional
control law (i.e., spring-like force), which restricts operators
to a smaller workspace and may promote deliberate, space-
efficient movements. Our haptic forces deter from idle and
non-simultaneous movement, which may promote dual
action of the hands and improve temporal efficiency.
Together, these results point to an interesting question
regarding performance improvement and targeted haptic
feedback. This question is: How can particular modalities of
haptic feedback be tailored to improve deficiencies in per-
formance of individual trainees? To answer the question,
future work may be done similar to a prior study which bases
a robotic surgery training curriculum on estimated trainee
performance levels [127].

In comparison to the two prior studies that implemented
augmented haptic force feedback during a ring and rail task
[119,120], we note the following. Both of these studies
report an improvement in temporal efficiency and a reduc-
tion in positional error. The study reported in this paper and
the study by Power et al. differ from these two prior studies
in haptic feedback implementation and task. While similar to
Power et al., the ring and rail studies use PD control based
on position of the rail to guide or resist the trainee. Thus, the
haptic feedback affected not only the workspace but the
task-oriented direction of motion as well. In tasks without
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clear trajectories toward completion, this kind of haptic
feedback is more difficult to implement. Therefore, in line
with motor control and motor learning theory, task depen-
dencies need also be accounted for when designing haptic
feedback to improve human motor performance and learn-
ing.

With regard to practical implementation of our method,
we relate our study to prior robotic surgery training studies
without augmented haptic forces. The pre-test and post-test
scores in our study are lower than the study from which we
based our peg transfer task [126]. In this study, subjects had
baseline scores with mean and std. of 134+26 s and post-test
scores with mean and std. 167+12 s. These scores are
approximately 100 s faster than our results, which indicates
less than 1.5 minutes taken to complete the task. The scores
of this prior study also reflect proficiency in the peg transfer
task, which our subjects were not able to reach in a single 1.5
hour training session. The difference between our study and
the other studies which report much higher pre-test and
post-test scores [124-126] are the subject demographics. The
subjects in these studies included expert surgeons and nov-
ice surgeons. Our subjects had limited exposure to surgical
training (Table VII) and potentially less motivation to attain
proficiency levels. Prior training and motivation are key
factors that can affect motor control and motor learning.
However, as concurrent with a prior experiment, it appears
that subjects who perform worse may stand to benefit more
from haptic force augmentation [122]. Regardless, future
studies should take into account a subject’s current skill
level and motivation, if possible, when implementing aug-
mented haptic feedback during training.

Given that this work is a pilot study, we also note the
small sample size of the experiment. This study was con-
ducted to test our bimanually-dependent haptic force feed-
back method against a control group. Results from this
experiment may be used to inform larger, future studies. Our
results point to the potential for implementing this haptic
feedback method in a larger study with a sample that is
closer in demographics to the population of robotic surgery
trainees. This method may also be altered to augment other
surgical training tasks.

V. Conclusions

In this Example 4, we tested a bimanually-dependent
haptic force feedback condition against a control in the
surgical training task of peg transfer. The haptic condition
was a virtual spring set between the hands and onset for
bimanual movements of direction together and non-simul-
taneous movement. This condition is independent of envi-
ronmental factors and localized trajectory positions. We
showed that this haptic force feedback approach can
improve temporal efficiency in a peg transfer task, and we
showed that this may be due to an increase in simultaneous
movement. Finally, we discussed the differences in our
approach to prior studies that have implemented haptic force
feedback during robotic surgery training tasks. From this
discussion, we suggest that haptic feedback can be tailored
to fit particular task requirements and performance deficien-
cies.

Future work will further investigate these results through
a larger study, explore other applications of our approach to
real-world bimanual tasks, and develop intelligent ways of
implementing bimanually-dependent haptic feedback for
particular tasks. Moreover, there is an opportunity to
develop a future framework for bimanual haptic assistance
in diverse, robot-assisted tasks.

Example 5

FIG. 26 depicts a system (100) for online recognition of
bimanual or bipedal movement coordination modes directed
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to completing a bimanual or bipedal motor task using a
robotic system (105) and including combinations of direc-
tion and symmetry, according to some embodiments of the
present technology. Robotic system (105) includes various
mechanical, and analog and digital electronic, components
that are directed to producing controlled movements of
bimanual (or bipedal) movable structures (145) of a robot
(160). The moveable structures (145) of robot (160) may
include working ends (115) of one or more useful types (e.g.,
grasping, cuffing, etc.) for accomplishing tasks in a work-
space (120). Robot (160) may include a controller (135) for
the moveable structures (145) and/or the working ends (115)
thereof. Controller (135) may include mechanical, and ana-
log and digital electronic, components such as, for example
and without limitation, servos, motors, linkages, and driver
circuitry for the same, that are capable of receiving a control
signal and responsively causing directed movements of the
moveable structures (145) and/or the working ends (115)
thereof.

Robotic system (105) may include a means (170) oper-
ably coupled to robot (160) for a subject (110) to provide
external (e.g., bimanual or bipedal) control input (175) to
teleoperate the robot (160). In some embodiments, such
means (170) is or includes a haptic device such as, for
example and without limitation, two joysticks, a video game
controller, and more advanced and sophisticated haptic
devices including one or more of those devices and systems
discussed above in one or more of Examples 1-4.

Robotic system (105) may include a computer (180)
operably coupled to the robot (160). Computer (180) may
interface directly (e.g., by a wired connection) or indirectly
(e.g., by a wireless connection) with the controller (135) of
robot (160) to provide the aforementioned control signals
thereto. In some embodiments, computer (180) may include
a variety of digital and/or analog electronic components that
are operably coupled to each other to accomplish the useful
functions to practice, at least in part, the present technology.
In the robotic system (105) shown in FIG. 26, for example
and without limitation, computer (180) includes at least one
processor (190), one or more memory storage devices (185),
an input/output (I/O) controller (195), and a wired and/or
wireless communications interface (155). In some embodi-
ments, memory storage device(s) (185) may be, or may
include, one or more non-transitory computer (or processor)
readable media (165). Robotic system (105) may include an
electronic display device (150) operably coupled to com-
puter (180) and configured, or otherwise capable of,
enabling subject (110) or another user (140) to view infor-
mation in human readable form pertaining to operation or
performance of robotic system (105).

Robotic system (105) may include means (130) coupled
to at least one of computer (180), robot (160), and means
(170), for measuring, tracking, or otherwise ascertaining a
position or positions of one or more objects of system (100).
In some embodiments, such means (130) may be, or may
include, at least one position sensor. Position sensor(s)
capable of being employed to useful ends for practicing the
present technology may be, or may include one or a com-
bination of optical, mechanical, and digital and/or analog
electronic components, and may be embodied in examples
of devices and techniques including, without limitation,
point cloud-based tracking, optical tracking, electromag-
netic sensors, and encoders for rotational linkages of mov-
able structures (145) and/or working ends (115) of robot
(160).

In some embodiments, position sensor(s) are configured,
or otherwise capable of, acquiring and providing to proces-
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sor(s) (190) (e.g., by way of communication interface
(155)), data representative of temporal positions or trajec-
tories of movement of both the left and right hands (or left
and right feet) of the subject (110). In other embodiments,
position sensor(s) are configured, or otherwise capable of,
acquiring and providing to processor(s) (190) data repre-
sentative of temporal positions or trajectories of movement
of both of the working ends (115) of the movable structures
(145) of robot (160) (e.g., during its operation by subject
(110)).

FIGS. 27-33 depict flow charts of a method (200) for
online recognition of bimanual or bipedal movement coor-
dination modes directed to completing a bimanual or bipedal
motor task using a robotic system (e.g., robotic system (105)
and including combinations of direction and symmetry,
according to some embodiments of the present technology.
Circled letters in FIGS. 27-33 denote transitions to and from
one figure to another figure as those transitions relate to the
description of method (200), below. In some embodiment, at
least some of the various processes of method (200) may be
practiced, implemented, or otherwise performed, at least in
part, using system (100).

Referring now to FIG. 27, and with further reference to
FIG. 26, method (200) may include determining (210) an
onset of a segment of bimanual or bipedal motion of a
subject (110) operating the robotic system (105) in a work-
space (120). Method (300) may include, in response to
determining (210) the onset of the segment, receiving (220),
from a position sensor (130), data representative of trajec-
tories of: a left hand and a right hand of the subject (110),
or a left foot and a right foot of the subject (110). The data
representative of trajectories includes: a first set of time
ordered points defining a first discrete trajectory of the left
hand or the left foot of the subject (110), and a second set of
time ordered points defining a second discrete trajectory of
the right hand or the right foot of the subject (110).

In one embodiment, the first and the second sets of time
ordered points may further define three-dimensional (3D)
motion of the left and right hands, or the left and right feet,
of the subject (110) in a 3D coordinate system of the
workspace. Additionally, or instead, in other embodiments,
the first and the second sets of time ordered points may
further define two-dimensional (2D) motion of the left and
right hands, or the left and right feet, of the subject (110) in
a 2D coordinate system of the workspace.

Method (200) may include computing (230), based on the
data representative of trajectories, geometric descriptors of
the segment. The step of computing (230) geometric
descriptors may include: first computing (240) a direction
metric that describes a type of direction for the segment, and
after the first computing (240), second computing (250) a
symmetry metric that describes a type of symmetry for the
segment. Method (200) may include classifying (260), based
on the direction metric, the type of direction for the segment.
Method (200) may include classifying (270), based on the
symmetry metric, the type of symmetry for the segment.

Method (200) may include generating (280), based on the
type of direction and the type of symmetry, data represen-
tative of feedback to the subject (110) or to another user
(140) of the robotic system (105) pertaining to performance
of the task using the robotic system (105). Additionally, or
instead, method may include controlling (290), based on the
type of direction and the type of symmetry, the robotic
system (105) to facilitate improving performance, or train-
ing, of the subject (110) for the task using the robotic system
(105).
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In some embodiments, method (200) may include sam-
pling (291), by or from the position sensor(s) (e.g., means
(130)), kinematic data of: the left and right hands of the
subject (110), or the left and right feet of the subject (110).
In one embodiment, determining (210) the onset of the
segment may include determining (295), based on the kine-
matic data, that the bimanual or bipedal motion of the
subject (110) meets or exceeds a predetermined threshold for
at least one of: distance, velocity and time. In some embodi-
ments, the first and the second sets of time ordered points
each include at least three points. In one embodiment,
method (200) may include determining a number of targets
in the workspace for the bimanual or bipedal motion of the
subject (110) for completing the task.

Referring now to FIG. 28, and with further reference to
FIGS. 26 and 27, method (200) may include normalizing
(310), prior to computing (230) the geometric descriptors,
the first and the second sets of time ordered points. In one
embodiment, normalizing (310) the first and the second sets
of time ordered points may include interpolating (320) the
first and the second sets of time ordered points to create
(330) equally spaced points (p,) arranged as row vectors in:
a first matrix corresponding to the first discrete trajectory,
and a second matrix corresponding to the second discrete
trajectory. The first and the second matrices may have an
equal length (n).

Referring now to FIG. 29, transitioning thereto from and
to FIG. 27 via the circled “B” and the circled “C,” respec-
tively, method (200) may include identifying (410), prior to
determining (210) the onset of bimanual or bipedal motion
of the subject (110), a value of n and a value of a spacing of
p; based on at least one of: a size of the workspace (120), a
resolution of the position sensor (130), and a number of
points of the first and the second sets of time ordered points.

Referring now to FIG. 30, transitioning thereto from and
to FIG. 27 via the circled “D” and the circled “E,” respec-
tively, the method (200) step of first computing (240) the
direction metric may include calculating (510) Euclidean
distances between successive points of the first and the
second matrices, and classifying (260) the type of direction
for the segment may include comprises one of the following
steps: (i) determining (520) that the Euclidean distances
between the successive points are monotonically decreasing
over time, and responsively classifying (530) the type of
direction as together; (i) determining (540) that the Euclid-
ean distances between the successive points are monotoni-
cally increasing over time, and responsively classifying
(550) the type of direction as away; and (iii) determining
(560) that the Fuclidean distances between the successive
points are constant over time, and responsively classifying
(570) the type of direction as parallel.

Referring again to FIG. 27, the method (200) step of
second computing (250) the symmetry metric may include
computing (297) the symmetry metric based on the direction
metric. In one embodiment, the method (200) step of clas-
sifying (270) the type of symmetry may include classifying
(299) the type of symmetry using a modified Procrustes
analysis. Classifying (270) the type of symmetry comprises
classifying the type of symmetry as one of: mirrored, point,
visual, and incongruent. Referring now to FIG. 32, transi-
tioning thereto from and to FIG. 27 via the circled “G” and
the circled “J,” respectively, in some embodiments, classi-
fying (270) the type of symmetry may include determining
(610) if the type of symmetry is point or visual. For
determining (610) that the type of symmetry is point or
visual, the method (200) may include the step of determining
(620) that the type of symmetry is one of: point and visual.
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Alternatively, for determining (610) that the type of sym-
metry is not point or visual, the method (200) may include
determining (630) that the type of symmetry is one of:
mirror and incongruent. Referring now to FIG. 31, transi-
tioning thereto from and to FIG. 27 via the circled “F” and
the circled “H,” respectively, in some embodiments, method
(200) may include characterizing (640) noise in the data
representative of trajectories according to a signal-depen-
dent noise model. In such embodiments, the method (200)
step of second computing (250) the symmetry metric may
include normalizing (650) the symmetry metric according to
the noise.

Bimanual or bipedal motion may commence in a first
determined (210) segment, and then later the associated
motion may change characteristics and become a different
coordinate mode in at least a second segment as compared
to the first determined (210) segment. To account for such
changes in mode(s), method (200) may further include
determining an onset of an at least a second segment of
bimanual or bipedal motion of the subject (110) operating
the robotic system. To the same or similar ends, method
(200) may include the step of, in response to determining the
onset of the at least a second segment, iterating, for at least
one iteration, through performance of at least the receiving
(220), the computing (230), the classifying (260) of the type
or direction, the classifying (270) of the type of symmetry,
and the at least one of the generating (280) and the control-
ling (290) steps of the method (200) for the at least a second
segment.

Referring now to FIG. 33, transitioning from FIG. 27 via
the circled “I,” in one embodiment of method (200) that
includes the generating (280) step, method (200) may
include causing (710), using an electronic display device
(150) of or associated with the robotic system (105), the data
representative of the feedback to be displayed to the subject
(110) or to the another user (140) in a human-readable
format. In some embodiments of method (200) that include
the generating (280) step, generating (280) the data repre-
sentative of the feedback may include comparing (720) (e.g.,
quantitively and/or qualitatively) the data representative of
the trajectories to an ideal or expert-performed trajectory for
the task.

Referring back to FIG. 26, the robot (160) may be, or may
include, at least one of: a haptic-enabled robot, and a robot
controllable by way of means (170) embodied in one or
more haptic devices. In such implementations, and in
embodiments of method (200) as shown in FIG. 33 that
include the controlling (290) step, controlling (290) the
robotic system (105) may include, after, or concurrent with,
computing (230) the geometric descriptors, determining
(730) at least one bimanually- or bipedally-dependent haptic
force feedback condition or haptic cue according to the
geometric descriptors. In such embodiments, method (200)
may include introducing (740) the bimanually- or bipedally-
dependent haptic force feedback condition(s) or haptic
cue(s) into operation of the robotic system (105) to shape the
bimanual or bipedal motion of the subject (110). In one
embodiment, introducing (740) the at least one bimanually-
or bipedally-dependent force feedback condition may
include implementing the at least one force feedback con-
dition as one or more haptic cues. Additionally, or instead,
introducing (740) the at least one bimanually- or bipedally-
dependent force feedback condition may include imple-
menting the at least one force feedback condition as at least
one of: at least one virtual spring, at least one virtual damper,
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and at least one combination spring-damper, as between the
left and the right hands, or the left and right feet, of the
subject (110).

Referring now to FIG. 26, determining (730) the afore-
mentioned haptic force feedback condition(s) or haptic
cue(s) may be accomplished using processor(s) 190 of
computer (180). In some embodiments, processor(s) (190)
may implement algorithms (e.g., one or more of those
described in detail above with reference to Examples 1-4)
that make use of data provided from means (130), means
(170), controller (135), the subject (110) or another user
(140), and data of a model or framework (e.g., a machine
learning model with which processor(s) (190) may commu-
nicate), or combinations of those and other useful data. The
processor(s) (190) may analyze those data to determine
(730) the haptic force feedback condition(s) or haptic cue(s)
for introduction (740) into operation of the robotic system
(105) to shape the bimanual or bipedal motion of the subject
(110). As such, for the introducing (740) step of method
(200), processor(s) (190) may, e.g., by way communication
interface (155), transmit control signal(s) (125) to robotic
system (105). In some embodiments, such control signal(s)
125 may be transmitted to means (170) to thereby introduce
(740) the haptic force feedback condition(s) or haptic cue(s)
for introduction (740) into operation of the robotic system
(105). Additionally, or instead, such control signal(s) 125
may be transmitted to controller (135) to thereby introduce
(740) the haptic force feedback condition(s) or haptic cue(s)
for introduction (740) into operation of the robotic system
(105).

In one embodiment, the aforementioned task may relate to
surgical training, and the robotic system (105) and/or the
robot (160) may be, or may include, a surgical robot. In such
cases, the task may include at least one of: needle transfer,
making a C-loop, suture pulling, and peg transfer. In some
embodiments, the aforementioned task may relate to func-
tioning or rehabilitation of at least a portion of one or both
legs of the subject (110). In this case, the robotic system
(105) and/or the robot may be, or may include, a lower-limb
exoskeleton, protheses or assistive device. In other embodi-
ments, the aforementioned task may relate to functioning or
rehabilitation of at least a portion of one or both arms of the
subject (110). In that case, the robotic system (105) and/or
the robot (160) may be, or may include, an upper-limb
exoskeleton, protheses or assistive device.

Exemplary Computer System Overview

Aspects and implementations of the disclosed devices,
systems and methods according to the present technology
have been described in the general context of various steps
and operations. A variety of these steps and operations may
be performed by hardware components or may be embodied
in computer-executable instructions, which may be used to
cause a general-purpose or special-purpose processor (e.g.,
in a computer, server, or other computing device) pro-
grammed with the instructions to perform the steps or
operations. For example, the steps or operations may be
performed by a combination of hardware, software, and/or
firmware.

FIG. 34 is a block diagram illustrating an example
machine representing the computer systemization of the
inspection platform. The controller 1800 may be in com-
munication with entities including one or more users 1825
client/terminal devices 1820, user input devices 1805,
peripheral devices 1810, an optional co-processor device(s)
(e.g., cryptographic processor devices) 1815, and networks
1830. Users may engage with the controller 1800 via ter-
minal devices 1820 over networks 1830.
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Computers may employ central processing unit (CPU) or
processor to process information. Processors may include
programmable general-purpose or special-purpose micro-
processors, programmable controllers, application-specific
integrated circuits (ASICs), programmable logic devices
(PLDs), embedded components, combination of such
devices and the like. Processors execute program compo-
nents in response to user and/or system-generated requests.
One or more of these components may be implemented in
software, hardware or both hardware and software. Proces-
sors pass instructions (e.g., operational and data instruc-
tions) to enable various operations.

The controller 1800 may include clock 1865, CPU 1870,
memory such as read only memory (ROM) 1885 and
random access memory (RAM) 1880 and co-processor 1875
among others. These controller components may be con-
nected to a system bus 1860, and through the system bus
1860 to an interface bus 1835. Further, user input devices
1805, peripheral devices 1810, co-processor devices 1815,
and the like, may be connected through the interface bus
1835 to the system bus 1860. The interface bus 1835 may be
connected to a number of interface adapters such as proces-
sor interface 1840, input output interfaces (I/O) 1845, net-
work interfaces 1850, storage interfaces 1855, and the like.

Processor interface 1840 may facilitate communication
between co-processor devices 1815 and co-processor 1875.
In one implementation, processor interface 1840 may expe-
dite encryption and decryption of requests or data. Input
output interfaces (/O) 1845 facilitate communication
between user input devices 1805, peripheral devices 1810,
co-processor devices 1815, and/or the like and components
of the controller 1800 using protocols such as those for
handling audio, data, video interface, wireless transceivers,
or the like (e.g., Bluetooth, IEEE 1394a-b, serial, universal
serial bus (USB), Digital Visual Interface (DVI), 802.11a/
b/g/n/x, cellular, etc.). Network interfaces 1850 may be in
communication with the network 1830. Through the net-
work 1830, the controller 1800 may be accessible to remote
terminal devices 1820. Network interfaces 1850 may use
various wired and wireless connection protocols such as,
direct connect, Ethernet, wireless connection such as IEEE
802.11a-x, and the like.

Examples of network 1830 include the Internet, Local
Area Network (LAN), Metropolitan Area Network (MAN),
a Wide Area Network (WAN), wireless network (e.g., using
Wireless Application Protocol WAP), a secured custom
connection, and the like. The network interfaces 1850 can
include a firewall which can, in some aspects, govern and/or
manage permission to access/proxy data in a computer
network, and track varying levels of trust between different
machines and/or applications. The firewall can be any num-
ber of modules having any combination of hardware and/or
software components able to enforce a predetermined set of
access rights between a particular set of machines and
applications, machines and machines, and/or applications
and applications, for example, to regulate the flow of traffic
and resource sharing between these varying entities. The
firewall may additionally manage and/or have access to an
access control list which details permissions including, for
example, the access and operation rights of an object by an
individual, a machine, and/or an application, and the cir-
cumstances under which the permission rights stand. Other
network security functions performed or included in the
functions of the firewall, can be, for example, but are not
limited to, intrusion-prevention, intrusion detection, next-
generation firewall, personal firewall, etc., without deviating
from the novel art of this disclosure.
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Storage interfaces 1855 may be in communication with a
number of storage devices such as, storage devices 1890,
removable disc devices, and the like. The storage interfaces
1855 may use various connection protocols such as Serial
Advanced Technology Attachment (SATA), IEEE 1394,
Ethernet, Universal Serial Bus (USB), and the like.

User input devices 1805 and peripheral devices 1810 may
be connected to /O interface 1845 and potentially other
interfaces, buses and/or components. User input devices
1805 may include card readers, fingerprint readers, joy-
sticks, keyboards, microphones, mouse, remote controls,
retina readers, touch screens, sensors, and/or the like.
Peripheral devices 1810 may include antenna, audio devices
(e.g., microphone, speakers, etc.), cameras, external proces-
sors, communication devices, radio frequency identifiers
(RFIDs), scanners, printers, storage devices, transceivers,
and/or the like. Co processor devices 1815 may be con-
nected to the controller 1800 through interface bus 1835, and
may include microcontrollers, processors, interfaces or other
devices.

Computer executable instructions and data may be stored
in memory (e.g., registers, cache memory, random access
memory, flash, etc.) which is accessible by processors.
These stored instruction codes (e.g., programs) may engage
the processor components, motherboard and/or other system
components to perform desired operations. The controller
1800 may employ various forms of memory including
on-chip CPU memory (e.g., registers), RAM 1880, ROM
1885, and storage devices 1890. Storage devices 1890 may
employ any number of tangible, non-transitory storage
devices or systems such as fixed or removable magnetic disk
drive, an optical drive, solid state memory devices and other
processor-readable storage media. Computer-executable
instructions stored in the memory may include one or more
program modules such as routines, programs, objects, com-
ponents, data structures, and so on that perform particular
tasks or implement particular abstract data types. For
example, the memory may contain operating system (OS)
component 1895, modules and other components, database
tables, and the like. These modules/components may be
stored and accessed from the storage devices, including from
external storage devices accessible through an interface bus.

The database components can store programs executed by
the processor to process the stored data. The database
components may be implemented in the form of a database
that is relational, scalable and secure. Examples of such
database include DB2, MySQL, Oracle, Sybase, and the
like. Alternatively, the database may be implemented using
various standard data-structures, such as an array, hash, list,
stack, structured text file (e.g., XML), table, and/or the like.
Such data-structures may be stored in memory and/or in
structured files.

The controller 1800 may be implemented in distributed
computing environments, where tasks or modules are per-
formed by remote processing devices, which are linked
through a communications network, such as a Local Area
Network (“LAN”), Wide Area Network (“WAN”), the Inter-
net, and the like. In a distributed computing environment,
program modules or subroutines may be located in both
local and remote memory storage devices. Distributed com-
puting may be employed to load balance and/or aggregate
resources for processing. Alternatively, aspects of the con-
troller 1800 may be distributed electronically over the
Internet or over other networks (including wireless net-
works). Those skilled in the relevant art(s) will recognize
that portions of the system may reside on a server computer,
while corresponding portions reside on a client computer.
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Data structures and transmission of data particular to aspects
of'the controller 1800 are also encompassed within the scope
of the disclosure.

CONCLUSION

Unless the context clearly requires otherwise, throughout
the description and the claims, the words “comprise,” “com-
prising,” and the like are to be construed in an inclusive
sense, as opposed to an exclusive or exhaustive sense; that
is to say, in the sense of “including, but not limited to.” As
used herein, the terms “connected,” “coupled,” or any vari-
ant thereof means any connection or coupling, either direct
or indirect, between two or more elements; the coupling or
connection between the elements can be physical, logical, or
a combination thereof. Additionally, the words “herein,”
“above,” “below,” and words of similar import, when used
in this application, refer to this application as a whole and
not to any particular portions of this application. Where the
context permits, words in the above Detailed Description
using the singular or plural number may also include the
plural or singular number respectively. The word “or,” in
reference to a list of two or more items, covers all of the
following interpretations of the word: any of the items in the
list, all of the items in the list, and any combination of the
items in the list.

The above Detailed Description of examples of the tech-
nology is not intended to be exhaustive or to limit the
technology to the precise form disclosed above. While
specific examples for the technology are described above for
illustrative purposes, various equivalent modifications are
possible within the scope of the technology, as those skilled
in the relevant art will recognize. The teachings of the
technology provided herein can be applied to other systems,
not necessarily the system described above. The elements
and acts of the various examples described above can be
combined to provide further implementations of the tech-
nology. Some alternative implementations of the technology
may include not only additional elements to those imple-
mentations noted above, but also may include fewer ele-
ments.

These and other changes can be made to the technology
in light of the above Detailed Description. While the above
description describes certain examples of the technology,
and describes the best mode contemplated, no matter how
detailed the above appears in text, the technology can be
practiced in many ways. Details of the system may vary
considerably in its specific implementation, while still being
encompassed by the technology disclosed herein. As noted
above, particular terminology used when describing certain
features or aspects of the technology should not be taken to
imply that the terminology is being redefined herein to be
restricted to any specific characteristics, features, or aspects
of the technology with which that terminology is associated.
In general, the terms used in the following claims should not
be construed to limit the technology to the specific examples
disclosed in the specification, unless the above Detailed
Description section explicitly defines such terms. Accord-
ingly, the actual scope of the technology encompasses not
only the disclosed examples, but also all equivalent ways of
practicing or implementing the technology under the claims.

To reduce the number of claims, certain aspects of the
technology are presented below in certain claim forms, but
the applicant contemplates the various aspects of the tech-
nology in any number of claim forms. For example, while
only one aspect of the technology is recited as a computer-
readable medium claim, other aspects may likewise be
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embodied as a computer-readable medium claim, or in other
forms, such as being embodied in a means-plus-function
claim. Any claims intended to be treated under 35 U.S.C. §
112(f) will begin with the words “means for”, but use of the
term “for” in any other context is not intended to invoke
treatment under 35 U.S.C. § 112(f). Accordingly, the appli-
cant reserves the right to pursue additional claims after filing
this application to pursue such additional claim forms, in
either this application or in a continuing application.
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What is claimed is:

1. A computer-implemented method for online recogni-
tion of bimanual or bipedal movement coordination modes
directed to completing a bimanual or bipedal motor task
using a robotic system and including combinations of direc-
tion and symmetry, the method comprising:

determining an onset of a segment of bimanual or bipedal

motion of a subject operating the robotic system in a
workspace;

in response to determining the onset of the segment,

receiving, from a position sensor, data representative of
trajectories of: a left hand and a right hand of the
subject, or a left foot and a right foot of the subject,
wherein the data representative of trajectories includes:
a first set of time ordered points defining a first discrete
trajectory of the left hand or the left foot of the subject,
and a second set of time ordered points defining a
second discrete trajectory of the right hand or the right
foot of the subject;

computing, based on the data representative of trajecto-

ries, geometric descriptors of the segment, wherein
computing geometric descriptors comprises: first com-
puting a direction metric that describes a type of
direction for the segment, and after the first computing,
second computing a symmetry metric that describes a
type of symmetry for the segment;

classifying, based on the direction metric, the type of

direction for the segment;

classifying, based on the symmetry metric, the type of

symmetry for the segment; and

at least one of:

generating, based on the type of direction and the type
of symmetry, data representative of feedback to the
subject or to another user of the robotic system
pertaining to performance of the task using the
robotic system; and

controlling, based on the type of direction and the type
of symmetry, the robotic system to facilitate improv-
ing performance, or training, of the subject for the
task using the robotic system.

2. The method of claim 1 further comprising sampling, by
or from the position sensor, kinematic data of: the left and
right hands of the subject, or the left and right feet of the
subject, wherein determining the onset of the segment
comprises determining, based on the kinematic data, that the
bimanual or bipedal motion of the subject meets or exceeds
a predetermined threshold for at least one of: distance,
velocity and time.

3. The method of claim 2, wherein the first and the second
sets of time ordered points each include at least three points.
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4. The method of claim 1, wherein the first and the second
sets of time ordered points further define three-dimensional
(3D) motion of the left and right hands, or the left and right
feet, of the subject in a 3D coordinate system of the
workspace.

5. The method of claim 1, wherein the first and the second
sets of time ordered points further define two-dimensional
(2D) motion of the left and right hands, or the left and right
feet, of the subject in a 2D coordinate system of the
workspace.

6. The method of claim 1 further comprising normalizing,
prior to computing the geometric descriptors, the first and
the second sets of time ordered points.

7. The method of claim 6, wherein normalizing the first
and the second sets of time ordered points comprises inter-
polating the first and the second sets of time ordered points
to create equally spaced points (p,) arranged as row vectors
in: a first matrix corresponding to the first discrete trajectory,
and a second matrix corresponding to the second discrete
trajectory, wherein the first and the second matrices have an
equal length (n).

8. The method of claim 7 further comprising identifying,
prior to determining the onset of bimanual or bipedal motion
of the subject, a value of matrices length (n) and a value of
a spacing of points (p,), based on at least one of: a size of the
workspace, a resolution of the position sensor, and a number
of points of the first and the second sets of time ordered
points.

9. The method of claim 7, wherein first computing the
direction metric comprises calculating Euclidean distances
between successive points of the first and the second matri-
ces, and wherein classifying the type of direction for the
segment comprises one of (i)-(iii):

(1) determining that the Euclidean distances between the
successive points are monotonically decreasing over
time, and responsively classifying the type of direction
as together;

(ii) determining that the Fuclidean distances between the
successive points are monotonically increasing over
time, and responsively classifying the type of direction
as away; and

(iii) determining that the Euclidean distances between the
successive points are constant over time, and respon-
sively classifying the type of direction as parallel.

10. The method of claim 7, wherein second computing the
symmetry metric comprises computing the symmetry metric
based on the direction metric.

11. The method of claim 10, wherein classifying the type
of symmetry comprises classifying the type of symmetry
using a modified Procrustes analysis.

12. The method of claim 10, wherein classifying the type
of symmetry comprises classitying the type of symmetry as
one of: mirrored, point, visual, and incongruent.

13. The method of claim 12, wherein classifying the type
of symmetry further comprises: determining if the type of
symmetry is point or visual; and

one of (a) and (b):

(a) for determining that the type of symmetry is point or
visual, determining that the type of symmetry is one of:
point and visual; and

(b) for determining that the type of symmetry is not point
or visual, determining that the type of symmetry is one
of: mirror and incongruent.

14. The method of claim 1 further comprising character-

izing noise in the data representative of trajectories accord-
ing to a signal-dependent noise model, wherein second
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computing the symmetry metric comprises normalizing the
symmetry metric according to the noise.

15. The method of claim 1 further comprising determining
a number of targets in the workspace for the bimanual or
bipedal motion of the subject for completing the task.

16. The method of claim 1 further comprising:

determining an onset of an at least a second segment of

bimanual or bipedal motion of the subject operating the
robotic system; and

in response to determining the onset of the at least a

second segment, iterating, for at least one iteration,
through performance of at least the receiving, the
computing, the classifying of the type or direction, the
classifying of the type of symmetry, and the at least one
of the generating and the controlling steps of the
method for the at least a second segment.

17. The method of claim 1, wherein the method comprises
the generating step, the method further comprising causing,
using an electronic display device of or associated with the
robotic system, the data representative of the feedback to be
displayed to the subject or to the another user in a human-
readable format.

18. The method of claim 1, wherein the method comprises
the generating step, and wherein generating the data repre-
sentative of the feedback comprises comparing the data
representative of the trajectories to an ideal or expert-
performed trajectory for the task.

19. The method of claim 1, wherein the method comprises
the controlling step, wherein the robotic system is or
includes at least one of: a haptic-enabled robot, and a robot
controllable by way of one or more haptic devices, and
wherein controlling the robotic system comprises:

after, or concurrent with, computing the geometric

descriptors,

determining at least one bimanually- or bipedally-
dependent haptic force feedback condition according
to the geometric descriptors; and

introducing the at least one bimanually- or bipedally-
dependent haptic force feedback condition into
operation of the robotic system to shape the
bimanual or bipedal motion of the subject.

20. The method of claim 19, wherein introducing the at
least one bimanually- or bipedally-dependent force feedback
condition comprises implementing the at least one force
feedback condition as one or more haptic cues.

21. The method of claim 19, wherein introducing the at
least one bimanually- or bipedally-dependent force feedback
condition comprises implementing the at least one force
feedback condition as at least one of: at least one virtual
spring, at least one virtual damper, and at least one combi-
nation spring-damper, as between the left and the right
hands, or the left and right feet, of the subject.

22. The method of claim 1, wherein the task relates to
surgical training, and wherein the robotic system is or
includes a surgical robot.

23. The method of claim 22, wherein the task includes at
least one of: needle transfer, making a C-loop, suture pull-
ing, and peg transfer.

24. The method of claim 1, wherein the task relates to
functioning or rehabilitation of at least a portion of one or
both legs of the subject, and wherein the robotic system is
or includes a lower-limb exoskeleton, protheses or assistive
device.

25. The method of claim 1, wherein the task relates to
functioning or rehabilitation of at least a portion of one or
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both arms of the subject, and wherein the robotic system is
or includes an upper-limb exoskeleton, protheses or assistive
device.

26. A system for online recognition of bimanual or bipedal
movement coordination modes directed to completing a
bimanual or bipedal motor task using a robotic system and
including combinations of direction and symmetry, the sys-
tem comprising at least one processor operably couplable to
the robotic system and to a position sensor, wherein the at
least one processor is configured to:

determine an onset of a segment of bimanual or bipedal

motion of a subject operating the robotic system in a
workspace;

in response to the onset of the segment being determined,

receive, from the position sensor, data representative of
trajectories of: a left hand and a right hand of the
subject, or a left foot and a right foot of the subject,
wherein the data representative of trajectories includes:
a first set of time ordered points defining a first discrete
trajectory of the left hand or the left foot of the subject,
and a second set of time ordered points defining a
second discrete trajectory of the right hand or the right
foot of the subject;

compute, based on the data representative of trajectories,

geometric descriptors of the segment, wherein to com-
pute the geometric descriptors, the at least one proces-
sor is further configured to: first compute a direction
metric that describes a type of direction for the seg-
ment, and after the direction metric is first computed,
second compute a symmetry metric that describes a
type of symmetry for the segment;

classify, based on the direction metric, the type of direc-

tion for the segment;

classify, based on the symmetry metric, the type of

symmetry for the segment; and

at least one of:

generate, based on the type of direction and the type of
symmetry, data representative of feedback to the
subject or to another user of the robotic system
pertaining to performance of the task using the
robotic system; and

control, based on the type of direction and the type of
symmetry, the robotic system to facilitate improving
performance, or training, of the subject for the task
using the robotic system.
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27. The system of claim 26 further comprising at least one

of:

the robotic system operably coupled to the at least one
processor; and

the position sensor operably coupled to the at least one
processor.

28. One or more non-transitory computer readable media

having stored thereon program instructions which, when
executed by at least one processor, cause a machine to:

determine an onset of a segment of bimanual or bipedal
motion of a subject operating a robotic system in a
workspace;
in response to the onset of the segment being determined,
receive, from a position sensor, data representative of
trajectories of: a left hand and a right hand of the
subject, or a left foot and a right foot of the subject,
wherein the data representative of trajectories includes:
a first set of time ordered points defining a first discrete
trajectory of the left hand or the left foot of the subject,
and a second set of time ordered points defining a
second discrete trajectory of the right hand or the right
foot of the subject;
compute, based on the data representative of trajectories,
geometric descriptors of the segment, wherein when
executed to compute the geometric descriptors, the
program instructions further cause the machine to: first
compute a direction metric that describes a type of
direction for the segment, and after the direction metric
is first computed, second compute a symmetry metric
that describes a type of symmetry for the segment;
classify, based on the direction metric, the type of direc-
tion for the segment;
classify, based on the symmetry metric, the type of
symmetry for the segment; and
at least one of:
generate, based on the type of direction and the type of
symmetry, data representative of feedback to the
subject or to another user of the robotic system
pertaining to performance of the task using the
robotic system; and
control, based on the type of direction and the type of
symmetry, the robotic system to facilitate improving
performance, or training, of the subject for the task
using the robotic system.
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