Haptic Communication in Human-Human and Human-Robot
Co-Manipulation

Katherine H. Allen', Chris Rogers, Elaine S. Short

Abstract— When a human dyad jointly manipulates an
object, they must communicate about their intended motion
plans. Some of that collaboration is achieved through the
motion of the manipulated object itself, which we call “haptic
communication.”” In this work, we captured the motion of
human-human dyads moving an object together with one
participant leading a motion plan about which the follower
is uninformed. We then captured the same human participants
manipulating the same object with a robot collaborator. By
tracking the motion of the shared object using a low-cost IMU,
we can directly compare human-human shared manipulation to
the motion of those same participants interacting with the robot.
Intra-study and post-study questionnaires provided participant
feedback on the collaborations, indicating that the human-
human collaborations are significantly more fluent, and analysis
of the IMU data indicates that it captures objective differences
in the motion profiles of the conditions. The differences in
objective and subjective measures of accuracy and fluency
between the human-human and human-robot trials motivate
future research into improving robot assistants for physical
tasks by enabling them to send and receive anthropomorphic
haptic signals.

I. INTRODUCTION

In physical collaboration tasks like carrying a couch or
moving a table, haptic signals are an important channel of
communication between participants to coordinate the group
action. In human-human interactions, the communication and
interpretation of these signals is primarily subconscious, but
prior research suggests that they may enable more efficient
human-robot collaboration [1]. In order for robots to par-
ticipate in this haptic conversation, we need to develop a
more robust understanding of how haptic communication
occurs in both human-human and human-robot interaction.
This knowledge can then be used to develop models for in-
terpreting haptic intent, provide robots with comprehensible
and predictable behavior, and avoid unwanted oscillations in
collaborative manipulation.

In this paper, we present a study of haptic interaction,
without use of visual or auditory signaling, during the collab-
orative manipulation of a shared object. We compare human-
human and human-robot dyads to test whether there are
observable differences in the subjective fluency of human-
human and human-robot dyads, and whether these correlate
with changes in the character of acceleration profiles of
the co-manipulated objects. We additionally collect data on
human perceptions of robot collaborators to identify potential
co-variables in subjective fluency.
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(b) Study setup for the Robot Leading Human
condition.

Fig. 1: Experiment Setups

We conducted a user study with 34 participants. In the
study, two agents collaborated to move a shared object, with
one participant designated as the motion leader and one as
a follower. Each participant acted in one these roles, and
interacted with both another human participant and a mobile
manipulator robot. We collected measures of subjective and
objective measures of task fluency, as well as video and IMU
recordings. We found that the acceleration data from an IMU
mounted on the shared object changes more smoothly in
human-human dyads than in human-robot dyads, with more
fluent collaborations having smaller accelerations overall and
smaller changes in acceleration during the task. We further
find that common objective measures of collaboration fluency
(e.g. task duration) do not correlate linearly with subjective
fluency measures, and propose alternate measures based
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on our data. This work contributes to our understanding
of the differences and similarities in current human-human
and human-robot haptic communication during collaborative
manipulation, and provides insights that can inform future
methods for autonomous haptic signaling by robots.

II. BACKGROUND

Prior work in human-robot and human-human co-
manipulation suggests the existence of some kind of dif-
ference between naive motion planning strategies and those
actually used by human collaborators. Reed et al [1] showed
that a human-human dyad was able to complete a physical
collaboration task more quickly than any of: the human
alone, the human with a robot partner, or the human with
a robot partner whom they believed to be a human partner.
However, the human who mistakenly believed that they had
a human partner completed the task more quickly than in the
case where they knew their partner was a robot. This suggests
that there is a conversational aspect to human-human haptic
communication, beyond moving the object and waiting for
the partner to catch up. “Hesitation” in the human response to
a robot’s “least-jerk” model lifting of a shared table-like ob-
ject [2] also suggests that a follower is waiting for some sort
of indication from the leader of their plan. Outside of haptic
interaction, research has shown that motion patterns that are
“legible”, i.e., that allow the collaborator to infer an unknown
goal based on the observed motion, reduced coordination and
task time and improved subjective robot acceptance measures
[3]. More recent work has also explored physical human-
human interaction to classify collaboration styles from haptic
features [4], [5], and identifying implicit communication in
collaborative transportation scenarios by “via subtle signals
encoded in velocities transmitted to the transported object”
[6], using them as a method for probabilistically identify-
ing the user’s goals based on the joint action. Our work
measures the acceleration of the co-manipulated object to
identify whether these legible, conversational interactions are
observable with a low-cost IMU, which could be used to train
future models for robot co-manipulation control.

Research in developmental biology provides potential in-
sight into what bio-memetic haptic communication might
involve. For example, pointing and joint attention gestures
develop out of reaching behaviors[7], and objects are grasped
differently according to their planned use [8]. Trajectory
modification is also sometimes used in joint manipulation
grasping tasks to increase the probability of comprehension
[9]. In our study, we explore the motion of co-manipulated
objects by human dyads to identify factors relevant to
these signals—if robotic agents can identify human co-
manipulation signaling, they can predict the planned motion
and react accordingly.

Prior research has shown that timing of inputs is critical
to human comprehension and to a stable human-in-the-loop
control system. In work with human-robot handoffs, a de-
lay introduced during a handover improved compliance[10].
Other work identifies an ideal 500ms period for object
handoff [11], and that control inputs for collaborative action

r

*

4
4\

Fig. 2: Motion Plan Cards for all experiment stages. The
triangle, 3-part motion plan card (top-left) is used for par-
ticipants to practice the procedure before data is taken. The
other 6 cards, each of which has a 6-stage motion plan, are
used for data collection, with three cards in each condition
(human collaborator or robot collaborator.
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occur at no more than 0.5 Hz[12]. In addition to meeting
the human input criteria, the human-robot interaction must
not induce instability into the underlying control system[13].
Our research shows that, in addition to the timing of inputs,
the character of the inputs (especially their magnitude and
rate of change) is important to the perceived fluency of the
interaction.

III. METHODOLOGY

We identify three hypotheses concerning the fluency and
characterization of co-manipulation tasks:

o H1: Human-robot co-manipulation is less fluent than
human-human co-manipulation. Subjective collabora-
tion fluency will be higher for human-human interac-
tions than for human-robot interactions

o« H2: There are ‘“haptic communication previews” in
recorded IMU acceleration data—changes in the accel-
eration of the co-manipulated object that occur before
changes in the direction.

o H3: These occur more frequently in collaborations that
are subjectively described as fluent.

In addition, we conducted an exploratory analysis of
potential objective metrics for fluency by correlating them
with the subjective fluency measurements from participant
questionnaires:

o Task Completion Time
« Average acceleration magnitude and change in accelera-
tion experienced by the shared object/IMU (in all trials)

To investigate these hypotheses, we conducted a two
by two between by within study, with a between-subjects
condition of role (leader vs follower) and within subjects
condition of partner type (robot vs human). Each human
participant was randomly assigned as either a leader or a
follower, and collaborated with both a human and a robot



partner. Participants were additionally randomly assigned to
experience either the robot partner condition first or the
human partner condition first. Table I summarizes the condi-
tions of the study and order randomization, with participants
acting as either Leader or Follower, and with a Human
partner or a Robot Partner first.

We measured the fluency of collaboration using survey
questions after each collaboration trial, to capture the partici-
pant’s immediate reactions to the experience. We collected an
additional subjective measurement of fluency after all three
collaborations in the condition were complete.

TABLE I: The four possible sequences for a human par-
ticipant as either Leader or Follower, and with a Human
partner or a Robot Partner, and the number of participants
who experienced that sequence.

| Leader | Follower

Human First 7 10
Robot First 10 7

A. Experimental Apparatus

At the start of the session, the Leader was given 3 motion
plan cards selected from a set of six similar motion plans
(Figure 2). The Leader additionally was given a card with
a simplified motion plan card (a triangle) for practicing the
protocol. The cards used were pre-randomized as a balanced
set: three were used in each of the two conditions (human
partner/robot partner) such that all participants saw all the
cards from the set during the experiment, in a random order.

In order to isolate the haptic communication channel from
the effect of visual and aural communication, all participants
were asked to remain silent during the experiment except to
coordinate with the researcher. In addition, participants in
the Follower role were blindfolded during the manipulation
of the object to avoid accidental visual exposure to the
motion plans. Participants taking the Leader role were not
blindfolded in order to enable them to use visual feedback
for their own motion to replicate the trajectories on the cards.

The shared object (Figure 3) used in this study is a custom-
made, low-cost, instrumented board approximately 30 cm
wide, 60 cm long and .5 cm thick. An Arduino RP2040
Connect running a custom web server controls the 2040’s
onboard Inertial Measurement Unit, giving 6 DoF data on
the object’s motion at its approximate center of mass. IMU
data from the shared object and overhead video of the
task execution provided ground truth data on the motion
of the object as the participants manipulated it through the
challenges.

In the human-robot interactions, we added to the experi-
mental apparatus a social mobile manipulator robot (Figure
4). We used a social mobile manipulator robot rather than
just a robot arm based on the Reed’s finding [1] that users
appeared to use haptic signaling only when they believed that
they had a human partner: by making the robot collaborator
more anthropomorphic we increase the chances of haptic
communication in the human-robot collaborations. The robot

Fig. 3: A transparent CAD view of the shared object, show-
ing the acrylic board, 3D printed electronics cage, RP2040
Connect and LiPo battery
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Fig. 4: The Social Mobile Manipulator Robot, blindfolded
as in the Human Leading Robot condition. The blindfold
covers both the LED eyes and the robot’s RGBD camera
to strengthen the similarity in the mind of the participant
between the robot and the participant’s human collaborator
in the other condition.

took the place of one of the human participants in the
collaboration, as either Leader or Follower.

The social mobile manipulator robot used in this study is a
1.5m tall, custom-built humanoid robot, with a Fetch robotics
base, central pillar and LED expressive face, a 7DoF Kinova
Jaco 2 arm, a Bota SensOne force-torque sensor with IMU,
and a Robotiq two-fingered 85mm gripper. It uses AWS Polly
for speech synthesis of phrases in English to greet and say
goodbye to participants using pre-generated phrases.

In the Follower role, the robot used a custom, hand-tuned
proportional and derivative controller over the Cartesian
forces detected at the force-torque sensor. The sensor is
located just above the gripper, to capture off-axis forces that
are not reflected in joint torques due to system compliance.
The controller used the same proportional and derivative
gains (Kp = —0.4, Kp = —5.0) applied in all three cardinal
directions (x,y,z) and included a deadband of £2 Newtons
for noise reduction.

In the Leader role, the robot used waypoints collected



to match the trajectories from the motion planning cards
and then processed into trajectories for robot arm movement
using the OMPL planner for the Jaco2 arm.

B. Study Procedure

We recruited 34 participants in 17 pairs from the university
and the nearby community to collaborate in manipulating a
shared object through a series of predetermined motion plans.
Participants ranged in age from 18 to 54 years old, with
14 women, 18 men, and 2 non-binary people. The protocol
of this study was approved by the University’s Institutional
Review Board (IRB) as Study 00002967.

In each condition (human-human, robot leading human,
human leading robot), the agent acting as the leader was
given three of the motion plan cards, each with a plan for how
to move the shared object, according to one of six trajectory-
following motion plans (Figure 2). To control against the
follower pre-generating their own motion plans (which might
agree or conflict with those of the leader in confounding
ways), the follower in each condition did not have any prior
knowledge of the motion plans and was blindfolded for the
duration of the task.

We evaluated the collaborations both qualitatively and
quantitatively, using annotated video recordings of partici-
pants and annotated motion data from the RP2040 Connect
IMU on the shared object. IMU data allows the capture of
subtle motion characteristics which might be obscured in a
purely visual observation.

1) Human-Human Collaborative Manipulation: In the
human-human collaborations, two humans participate in a
physical collaboration task. We record their motion via the
acceleration data from the RP2040 Connect IMU. Partici-
pants were asked to introduce themselves to their collab-
orator prior to the experiment, and to disclose their level
of familiarity with their assigned collaborator, which is
considered as a potential co-variable. Each participant was
assigned either the “Leader” role or the “Follower” role for
all their interactions.

2) Human-Robot Collaborative Manipulation: In the
human-robot collaborations, a human and an anthropomor-
phic robot participate in a physical collaboration task. At the
beginning of each participant’s interaction with the social
mobile manipulator robot of Figure 4, they were introduced
to the robot and given a short description of its capabilities.

Each of the 34 participants experienced the same condition
(Leader or Follower) with the robot collaborator that they ex-
perienced with their human collaborator, but with a different
subset of 3 cards to ensure motion plan novelty. Half of the
participants collaborated with the robot before collaborating
with a human partner, and half experienced the collaboration
with a human partner first, as per Table 1.

Time sequences for the robot collaboration were captured
both with the IMU data from the shared object and with
force data and joint positions captured via ROSbag from the
robot.

C. Measures

The same subjective measures are used to evaluate the
fluency of task collaboration for both the human-human and
the human-robot interactions.

1) Subjective measures of Task Fluency: After each task,
the participants were was asked to rate the fluency of the
collaboration on a 1-5 scale. These comprise the “Task
Rating” of fluency. In addition, after each set of three tasks
with a single collaborator, each participant was asked to
give an overall rating for fluency with this collaborator, the
“Overall Rating” of fluency.

2) Task Duration Video Analysis: Task duration is cap-
tured via video annotation and cross-checked with IMU
and ROSBag datastamps. In addition to task duration, the
duration of each of the six legs of the motion plan (henceforth
“subtask durations” ) were collected from visual observa-
tion of the video data. Video data was not captured for
five interactions (four human-human and one robot-leader
interaction), which were excluded from this annotation and
subsequent analyses that rely on task or subtask durations.

3) Motion Characterization: The IMU in the RP2040
captures acceleration in the X, Y, and Z directions and
rotational acceleration around the X, Y, and Z axes, at a
variable data rate between 2 and 5 Hz. The IMU start time
is written to the IMU data file at the beginning of data
collection, and task start time is captured via video data. In
the version of the IMU data collection used in the study, the
clock time at the end of the IMU recording was not recorded
in the IMU data file, so the video-captured task end clock
time is used as the end time for both.

To account for the differences in data rate, task completion
times, and wait time (the time between the start of IMU data
recording and the video-annotated task start time), we scale
the collected IMU data in two ways depending on the needs
of our analysis:

Scaling Method 1: IMU data scaling to clock time The
wait time is added to the task completion times (from video
data), and then IMU datapoints are scaled to cover this clock
time. In this visualization, the variance in total task duration
is visible between trials.

Scaling Method 2: IMU data scaling by task subseg-
ment To more accurately compare each task subsegments
and identify common features at the subsegment level, after
the data was correlated to clock times, the subtask durations
(identified by video annotation) were used to identify the
breakpoints in each IMU file correlating to the point where
the interaction leader changed their primary motion direction
to follow the new leg of the motion plan.

These were used to re-scale the data again, such that the
duration of each subtask was equal to 1 unit. This allows
different participants’ performances of the same motion plan
card to be directly compared, even if they did not perform
the plans at the same speed or at consistent speeds. In this
visualization, all breakpoints occur at the same time on the
graph.

Acceleration Data Calibration In addition to the follow-
ing three scaling methods for the x-axis, we have normalized



TABLE II: Overall and Per-Trial Subjective Fluency Ratings
by Role and Interaction Type (Human Human Interaction or
Human Robot Interaction)

Role, Interaction | Mean | Median | Mode

Leader, HHI 4.294 5 5
Follower, HHI 3.706 4 4
Follower, HRI 3.313 3 4

Leader, HRI 2.627 3 2

the y-axis values on each plot by taking the average of the
first half of the wait time data for each and subtracting that
from the full y-axis set, making the y-axis not acceleration
but change from baseline acceleration. This allows us to
account for miscalibrations in the IMU that would make
comparing trials more difficult, and re-zeros the z-axis ac-
celeration to account for gravity.

Mean Time Series Acceleration by Card Type To
identify changes in acceleration data that are most relevant to
the motion plans associated with each card, we average the
time series data by interaction type (human-human, robot-
leading-human, or human-leading-robot). For this analysis,
an example of which is included in Figure 10, we first scale
by segment (Scaling Method 2), and then combine data into a
single dataframe by timepoint. For each time, we fill forward
the acceleration data from the previous true measurement,
which can then be used to average across the trials despite
the data rate for each trial being inconsistent due to the time-
scaling process.

IV. RESULTS
A. Fluency by Collaborator

We measure subjective fluency with the overall rating
given by each participant to their collaborator at the con-
clusion of the three trials, as well as with the rating given
after each trial.

Figure 6 and Table II show the ratings given to human and
robot collaborators. Human-human interactions are rated as
the most fluent overall, supporting hypothesis H1. Leaders
are more likely to rate the collaboration as fluent than
followers.

B. Haptic Collaboration Previews

Of the 153 trials (17 pairs of participants each with three
human-human, three human-leading-robot, and three robot-
leading-human trials), 13 were excluded from our analysis
due to missing/corrupted video recording (9) or because the
leader did not follow the prescribed motion plan correctly
(4). From the remainder, we plot the linear acceleration by
segment divided by various task factors.

We observe visual differences in the rates of change of
acceleration of the three types of interactions, including
acceleration prior to motion breakpoints (grey vertical lines
separating segments). Figure 5a has rounded “hills” and
“valleys” of acceleration changes, while the robot-led, pre-
programmed trajectory of 5b has sharp transitions and short
bursts of acceleration that correspond with sudden initiation
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Fig. 5: Linear Acceleration Data in the x (left and right), y
(toward or away from the participants), and z (up and down)
directions, averaged over multiple trials

and cessation of robot movements. While there are some
acceleration profiles that seem to preview the motion of the
following segment in the human-human collaborations, they
are not clearly correlated or uniformly present before each
segment boundary, even in the most fluent human-human
collaborations.

C. Exploratory Analysis

1) Task Completion Time: Task completion time is fre-
quently used as a proxy for collaboration fluency in human-
robot interactions. However, in human-human interactions in
our task, we found that task completion time did not correlate
with subjective evaluations of fluency. The distribution of
task times for tasks rated as more or less fluent is shown
in Figure 8. Pearson’s product-moment correlation between
task-specific rating and task time was found to be not
significant (p=.39, correlation factor of -0.086) indicating
that there is no correlation between task time and fluency
for our human-human tasks.
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For our human-robot tasks with a human leader', the
correlation of task time to fluency rating is again not straight-
forward. Figure 8 shows the average time for human-led
human-robot co-manipulations (yellow) and human-human
co-manipulations (purple and blue). There is no significant
correlation between time and fluency for human-human
tasks (Spearman correlation -0.1, p=0.28) or human-robot
tasks (Spearman correlation -0.04, p=0.66). While the lowest (¢) Human Leading Robot, M card, 7 groups and mean
ratings (1) and the longest times (40 seconds) were both
observed in the human leading robot condition, they did not
occur in the same trial and the correlation is not statistically
significant (Spearman correlation -0.24, p=0.08).

2) Force and Jerk: During the experiment, we observed “1 °
that some participants leading the robot appeared to have
more difficulty, while others were able to lead the robot
effectively. The most visible feature of these difficult collab-
orations were oscillatory behaviors as the participant started
a motion, did not observe the robot responding, and exerted
more force resulting in an overshoot of the planned motion
and the necessity for a corrective action. (Figure 9a shows

an example of this behavior). This oscillatory behavior is a °1
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Fig. 7: IMU data in three axes for all trials of a single card
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'We exclude robot-led tasks from this analysis as all the robot-led tasks Fig. 8: Task Time by Fluency Rating
were pre-planned and therefore have the same task completion time.
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Fig. 9: IMU data from interactions grouped by subjective
fluency ratings

Because our subjective fluency ratings are only at the
task level (we do not have instantaneous fluency ratings
at intermediate points during the task), we compare the
average IMU acceleration and average IMU acceleration
change per timestep. To allow for analysis of the human-
human interactions as well as the human-robot interactions,
we focus on just the IMU data and not the robot end-effector
data.

Fluency does have a correlation with average single-
trial acceleration (Figure 10) and with average change in
acceleration between adjacent IMU datapoints (Figure 11).
Average acceleration over the duration of a single trial is
more than three times as high for the lowest-fluency trials
as for the highest-fluency trials, with a Spearman correlation
of -0.1 (p=0.039). The maximum acceleration over the trial
is also correlated with fluency, with a Spearman correlation
of -0.1 (p=0.037). The change in acceleration over the trial
(point-by-point derivative) is correlated with fluency in all
three axes with a Spearman correlation of -0.133 (p=0.006),
but the maximum change in acceleration is not significantly
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Fig. 11: Mean Change in Acceleration by Fluency Rating

correlated with fluency (Spearman correlation of -0.049,
p=0.309).

V. DISCUSSION

A. Haptic Communication Features

While the IMU acceleration data does show characteristic
differences between the motion of human-human, human
leading robot, and robot leading human motion trials, it is
not clear from this dataset that this characteristic motion
includes reliably identifiable motion previews distinguishable
from noise, failing to prove our hypothesis H2.

However, the IMU data does show observable differences
between human-human and human-robot acceleration pro-
files, and between profiles rated more or less fluent. For
example, in Figure 12, the very smooth profile of Group
7 was rated as much more fluent than the noisy profile of
Group 8, suggesting that smooth changes in acceleration
might be a feature of fluent co-manipulation. These smooth
motion profiles do appear more frequently in collaborations
identified as fluent (partly supporting our hypothesis H3), as
we observed in our exploratory analysis of technical metrics
for fluency—uvisually smooth acceleration changes will result
in numerically low mean changes in acceleration, one of our
proposed technical metrics for fluency.



b o kN ow

Y Acc.(m/s"2)

—— enhpentagon
segment —s— Thhpentagon

Fig. 12: Two “pentagon” motion plans, both executed by
human-human dyads. Group 8 (rated as a fluency of 3 by
both participants, in magenta with circle point markers) has
a path with many apparently noisy features, while Group 7s
path is smooth (rated a fluency of 5 by both participants, in
teal with triangle point markers)

B. Fluency Metrics

In this experiment, we identified no correlation between
fluency and time, which is commonly used as a proxy for
subjective fluency. This suggests that task duration may not
be an appropriate metric for fluency in this type of task.

We propose as alternatives average acceleration or average
change in acceleration (Figures 10 and 11), both of which
correlate with our measures of subjective fluency.

C. Limitations and Future Work

Our analysis is limited by several technical parameters
of the experiment. First, while the IMU data is essential
to capture human-human interactions, the limitations of the
low-cost IMU in both data rate and timestamping capability
limit the data on which to base conclusions about signaling
in various interactions, and make correlating precise clock-
time events to the IMU data challenging. A higher-fidelity
sensor may be able to better distinguish between accidental
and intentional motions to identify true haptic signaling,
and timestamped data collection will allow for more precise
correlation with video data. Additional sensors on the wrists
or arms of the participants may be necessary to identify and
distinguish Leader-initiated motion from Follower-initiated
motion of the co-manipulated object.

VI. CONCLUSION

Haptic communication is used intuitively in physical
collaboration tasks to communicate between human agents
about safety, readiness, and to coordinate the group action.
For robotic participants to join physical collaborations as full
participants, they require explicit training or programming to
be able to interpret and identify these signals, and to generate
them to coordinate with other agents.

Our work identifies a preliminary metric (IMU data) for
identifying haptic communication in a physical collabora-
tion, and demonstrates that haptic communication between
collaborators allows them to more effectively and efficiently
complete their tasks, with higher satisfaction among the
collaborators.
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