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Abstract—Most research on human-robot handovers focuses on
how the robot should approach human receivers and notify them
of the readiness to take an object; few studies have investigated
the effects of different release behaviors. Not releasing an object
when a person desires to take it breaks handover fluency and
creates a bad handover experience. In this paper, we investigate
the effects of different release behaviors. Specifically, we study
the benefits of a proactive release, during which the robot actively
detects a human grasp effort pattern. In a 36-participant user
study1 , results suggest proactive release is more efficient than
rigid release (which only releases when the robot is fully stopped)
and passive release (the robot detects pulling by checking if a
threshold value is reached). Subjectively, the overall handover
experience is improved: the proactive release is significantly
better in terms of handover fluency and ease-of-taking.
Index Terms—Human-Robot Handover; Robots

Release when arm
is fully extended

Release before
fully extended

threshold

Rigid Release

Passive Release

Detect human grasp
pattern and release

pattern

Proactive Release

I. I NTRODUCTION
Handover is an essential step to achieve fluent human-robot
collaboration [1]. However, it is not an easy task for a robot
with manipulators to hand over an object to human fluently.
The whole handover process consists of three phases: the
approach phase, the signal phase, and the transfer phase [2].
The robot giver that possesses an object first approaches the
human receiver who would like to get the object, signals the
intent that the robot is ready to hand over the object, and
transfers the object to the receiver.
Failures and bad user experiences can occur in any phase.
Imagine you just went to your home office from the bedroom,
and you asked your robot to bring the cell phone that you
left behind. The robot approaches you and stands in front
of your desk, behind computer monitors, waiting for you to
stand up and take it. The experience would be better if the
robot moved beside you so that you could get the object while
sitting [3], [4]. Your robot also may fail to signal the readiness
of releasing the object: i.e., the cell phone in the robot’s hand
is not pointed towards you but towards the robot. Intent is
better signaled if the robot holds the cell phone horizontally
and the side near you slightly upwards [5].
Compared to failures in approaching the receiver and signaling the readiness of the event, the transfer phase is the
1 The study is ready to reproduce with a Baxter robot. The code and environment setup is available at https://github.com/umhan35/handover moveit

Fig. 1. To investigate the effects of the release behavior during human-robot
handovers, we studied three release policies: proactive release, rigid release,
and passive release. Participants took less time to complete handovers with
the proactive release, which was rated as more fluent and easier to take the
object. Overall, most participants preferred the proactive release.

most vital step because it determines whether the receiver will
successfully retrieve the object; if it fails, the object might
be dropped and broken [6], causing harm to humans. From
the human’s perspective, fluency [1] is hardly perceived: the
receiver has to waste time waiting for the robot to release
the object, and the experience of a certain number of failed
attempts is frustrating [7]. To achieve fluent and comfortable
handovers, robot designers need to tackle this problem.
To increase handover fluency and improve handover experience, we conducted a user study to investigate different ways
for robots to release objects during a human-robot handover,

We study proactive release along with two other release
policies, rigid release and passive release (Fig. 1). In the
rigid release policy, the robot first fully extends its arm and,
only when finished extending, detects pulling to release the
object in the hand. During the passive release policy, the
robot attempts to extend its arm fully while detecting pulling
along the way, releasing the object accordingly. A pull is
detected if the exerted force is over a predefined threshold.
In the proactive release policy, the robot attempts to extend
its arm fully while actively detecting a force change pattern
inspired by human grasp effort along the way (e.g., Fig. 3),
releasing the object early if a pull is detected.
In this paper, we present a within-subjects user study
(N = 36) with three conditions to investigate the effects of
different types of release behaviors in the handover process
with a Rethink Robotics Baxter robot. We implemented existing mechanisms that attempt to achieve handover fluency in
the human-robot interaction (HRI) literature, to allow the study
to concentrate on the release behavior itself. Across a desk,
participants attempt to take a foam cylinder from Baxter which
stands one meter away [8], [9], shows gaze cues by looking at
the object during the whole handover [10], and uses its right
gripper [9] to grasp the object such that the bottom end of
the cylinder is towards participants to easily grasp [5]. We
also programmed Baxter so that the orientation of its arm and
gripper is human-like, approaching from below to human arm
height, rather than approaching from the top like an excavator,
during the whole handover process (Fig. 2).
Results demonstrate handover efficiency and better user
experience during the proactive release trials. Proactive release
is also preferred over the other two release types by most
participants. The proactive release is the most efficient among
all three release types: participants complete the handover one
second earlier than with the rigid and passive releases. Regarding handover fluency, the analysis of participants’ Likert
ratings reveals that proactive release is perceived to be more
fluent than the rigid release. As expected, the analysis also
suggests that it is easier to take the object during proactive
release. In post-experiment surveys, participants noted that
the robot “lets it go like a human” in the proactive release
but “won’t let it go” in the other two releases. However,
given that the best existing mechanisms to achieve fluent
handover experiences are implemented in all three releases,
we did not find significant improvement in terms of trust,
feeling comfortable, and capability. When we decompose the
handover time, participants are neither early in preparing to
take the object nor in attempting to get the object, but they
did spend less time taking the object.
II. R ELATED W ORK
The literature in robotics and HRI has covered all three
phases of the handover process, including the transfer phase,
but none has investigated the effects of different kinds of
release behaviors on improving fluency.
Through observations of a robot handing over a drink during
a public demonstration, Cakmak et al. [7] confirmed that those

receivers who closely attend to the handover process tend
to take the object early, while the robot is still moving or
before prompting that the object is ready, and fail. The reason
is attributed to the unclear signal phase and the ambiguous
boundary between carrying and transfer. However, in the
proposed solution [7], the robot fails to detect when the human
desires to take the object. Chan et al. [6], [11] proposed
design implications of handover controllers and conducted a
human-human handover experiment. In the experiment, they
discovered that both the giver and the receiver control their
grip force according to load force, prompting the necessity
of handling the grip force from a robotic giver. In the work
done by Grigore et al. [12] to determine whether to release
the object, the system monitors the human’s focus of attention
by analyzing whether the user simultaneously looks at and
touches the cup through a head-mounted motion tracking
system and a hand-worn glove. While the results show that
adding a glove improves the handover success rate, it requires
two extra pieces of intrusive equipment where, in our opinion,
the glove can be replaced with a force sensor on the robot to
improve the user experience. A few researchers [5], [13] have
made use of the force sensor available on manipulators to
detect object pull from the receiver, but, by the definition of
pull, the receiver must draw with force to retrieve the object,
in which scenario the robot passively releases the object, still
breaking fluency and user experience. More recent work has
been studying how to learn human preference [14] and model
the approaching phase [15] during the handover process.
Because we also used Baxter’s head-mounted display to
express gaze behaviors, we surveyed the literature which
investigated the effects of Baxter’s virtual face or compared
physical heads with virtual heads of different robots, including
Baxter’s; this work is discussed below in Section IV-A.
III. H YPOTHESES
We anticipate that the rigid release policy will have the
worst user experience and delay the handover completion time
because the robot refuses to release objects while extending
its arm, even if the human receiver is ready to grasp the
object. We expect that passive release will rank in second place
because a forced pull to release is not as efficient as active
detecting of force patterns. Thus, we propose the following
hypotheses:
Hypothesis 1 (H1) - Release While Extending Arm.
Detecting human grasp effort while extending its arm will
improve the human receiver’s experience of the handover,
measured by early attempts, which affects completion time,
and subjective measures.
Hypothesis 2 (H2) - Handover Efficiency. Proactive detection of human grasp effort makes the handover more efficient,
measured by a reduction in handover completion time.
Hypothesis 3 (H3) - Handover Perception. The proactive release behavior increases the overall experience of the
handover measured by subjective measures.

Fitter et al. [16] with modifications to add eyeball movement to
convey the handover task status and keep participants engaged.
B. The Procedure and The Task

Fig. 2. Natural arm movement and the best mechanisms in the literature
to achieve fluency are implemented in all three release policies. During the
handover process, the robot, Baxter, turns its head and moves its eyes (face
by Fitter et al.) [16] to keep looking at the cylinder [10]. The robot uses its
right arm [9] to grasp the top part of the object, extending the bottom of the
cylinder towards participants [5]. The arm of the robot is also as extended as
possible to better signal its readiness [5].

IV. E XPERIMENT D ESIGN
A. Robot Platform
A Baxter humanoid robot built by Rethink Robotics is
used in this experiment. Baxter is equipped with two seven
degree-of-freedom arms, each of which has a 2-finger gripper.
Each gripper is equipped with a force sensor that outputs
values ranging from 0 to 100, but these values are not
available through Rethink’s API. We attached a thin, square
force sensing resistor [17] to the right gripper; the sensor is
connected to a voltage divider [18] to an interface board [19]
to a computer. The standard screen on Baxter’s head is used
to show the facial expression with gaze behaviors.
Some researchers have investigated Baxter’s facial display.
Si et al. displayed a portrait photo of a human on Baxter’s
facial screen and found that portraits on the screen “hurt the
subjects’ trust and the perceived friendliness of the robot”
[20]. Other researchers have been focused on displaying facial
expressions only. Indeed, the original design of the display is
to only show facial expressions. The paper on the process of
developing Baxter by Rethink [21] explained that the display
was designed to be pleasant and a lack of mouth can indicate
that, as a colleague, Baxter will never retort. For the effect of
a facial display versus a physical head capable of expressing
emotions, Zhao et al. [22] compared the physical head of
NAO and the facial display of Baxter, concluding that human
observers understand both robots’ visual perspective at the
same level. Sauppe and Mutlu [23] earlier found that eye
movements following arm trajectories convey task status and
intelligence for factory workers. In addition, Mizanoor et al.
[24] found the same effect and that, when facial expressions
are suitable, task performance is improved and the human
partner is more engaged. To improve the validity of the
experiment, we only used the facial expression designed by

Each participant follows a within-subjects experiment design, to allow participants to compare the three different
release policies by the robot. The order of the three rounds,
one for each of the types of release behaviors, is randomized
prior to each participant to control for order effects through full
counterbalancing. We used a script of instructions to control
the variance that could introduced by instruction difference.
Before the experiment, participants were asked to read and
sign an informed consent form which let participants know the
purpose of the study, the duration, and the whole procedure.
We also asked participants to ask clarification questions to
ensure their understanding of the material. This study was
approved by the ethics committee at the authors’ institution.
Participants were asked to stand inside of a square of blue
tape on the floor. The robot handed over the foam cylinder
from a blue square on the desk. After participants took the
object from the robot, they were asked to put the object back
in the blue square after the robot retracts its arm because the
participant’s attention needs to be redirected to avoid potential
judgment over the robot, also known as washout, between
handovers, as in [5], [7], [10]. Participants were also told that
there were would be three sets of handovers, each with ten
trials (designed to avoid participants actively looking for the
differences in different handover release behaviors, similar to
[25]). Ten trials for each round allowed participants to build a
consistent feeling and opinion on each type of release behavior,
making the answers to the questionnaire also more consistent
and thus reliable. At the beginning of each set, participants
were reminded to think aloud, to say whatever comes into their
mind. At the end of each set, the participants were asked to sit
down to fill out part of the questionnaire, then the remainder
of it at the end of the experiment.
C. The Handover Process for the Robot
Based on prior human-human handover studies on how a
giver should approach a receiver [8], [9], the robot is approximately one meter away from participants. In accordance with
gazing behavior experiments in the literature, Baxter turns its
head and moves its eyeballs to look at the cylinder during
the whole handover process [10] to avoid shifting the human
receiver’s attention, which negatively affects the handover
efficiency [13]. As suggested by Koay et al. [9], Baxter’s
right arm and gripper are used. Inspired by studies of human
preference of object configuration [5], the robot grasps the
top of the cylinder, extending the bottom towards participants
around 10 cm so that the object’s orientation will not affect
participants’ feeling of how easy it is to take it. The robot’s arm
is also as extended as possible to better signal the readiness to
transfer the object [5]. At the end of each trial, the robot turns
its head and moves its eyeballs to look at the participant’s head.
Baxter then hands over the cylinder and releases it according to
the three policies, depending upon the round. When released,

Baxter retracts its arm. Fig. 2 shows a glimpse of the gazing
behavior, head movement, and the object configuration.
D. Policy Implementation
Because the experiment is exploring the effects of the three
different release behaviors, all other movements executed by
Baxter are preconfigured, including head movements, facial
expressions, gaze directions, approaching and grasping the
object, extending its right arm, approaching participants, and
retracting its arm. In addition, because the built-in inverse
kinematics solver always generates trajectories that approach
objects from above, like an excavator, we used the MoveIt!
motion planning framework [26] to specify the orientation
of the gripper so that Baxter approaches the object and
participants from the side in a human-like manner, shown in
the right image of Fig. 2. To ensure repeatability, Baxter’s
motion remains the same across all conditions.
The rigid release policy serves as a baseline. The desk between Baxter and participants is modeled as a collision object
so that Baxter does not hit participants. In the rigid release,
the robot is programmed such that force detection only starts
when the specified trajectory is completely executed. A voltage
value, proportional to the force applied to the surface of the
force sensing resistor, is received every 256 ms, the default
rate in the hardware API [27]. We empirically determined
the handover force change using a range of grasping attempts
from a light grasp to a heavy pull and set its corresponding
voltage change to 0.03 to avoid accidental drops caused by
arm movement and unstable stoppage.
The only difference between the passive release policy and
the rigid release policy is that the force detection in the passive
release policy starts when the robot’s arm passes a distance
threshold to be within a participant’s reach.
In the proactive release policy, the force detection starts at
the same time and distance as in the passive release policy;
however, it receives a message every 1 ms so that we are
able to look for a decreasing force pattern presented during
grasping. Fig. 3 shows an example of the pattern that we
found after observing the force data stream during a range
of grasping attempts in varying degrees, from a light grasp
to a heavy pull. The voltage values decrease because the
friction force, which is not orthogonal to the pressing force,
counteracts the pressing force. In the implementation, we used
a moving average technique to calculate the average values of
windows of 180 voltage data points, collected over 180 ms.
The program then checks the past 90 windows to determine
if 35% of the average values are decreasing from window to
window to determine whether to release. Similar to the voltage
threshold used in the rigid and passive release policies, this
threshold is selected to avoid accidental drops caused by arm
movement and unstable stoppage.
E. Data Collection and Measures
All experiments were videotaped then coded to extract
timing and frequency data. Additionally, the task completion
time was logged by the software from when Baxter grasps

Fig. 3. One example of the decreasing pattern presented during human
grasping. The y-axis represents the voltage proportional to force and the x-axis
represents time in seconds. Voltage values decrease during grasping because
the friction force, which is not orthogonal to the pressing force, counteracts
the pressing force.

the object (th ) to when the participant successfully takes the
object or Baxter releases the object (tr ).
We extracted four pieces of timing and frequency information from the videos: when participants prepare to take the
cylinder (tp ) by starting to move their arm or hand to take it;
whether Baxter stops moving without participants touching the
object (fs ); when participants touched the object (tt ), meaning
there is no space between the object and participants’ fingers;
and if Baxter accidentally dropped the object (fd ).
In order to gather the timing data, we set up a total of four
camcorders. One camcorder (C4 ) was placed above the scene,
allowing coders to code tp , tt and tr . Another camcorder (C1 )
was placed to the left side of participants, which helped to code
fs and disambiguate tt . The remaining two camcorders were
placed to the right side of participants: one behind the left arm
of Baxter (C2 ) to verify tp and record the facial expression
of participants for subjective analysis, and another to the right
rear of participants (C3 ) to code th .
With the data, we are able to explore some research questions to support our hypotheses. tp th , or simply tp , answers
how early people attempted to take the object. tr tt answers
how long and how easy it is for people to take the object. If tt
is later than when the robot stopped, we count it as one early
handover attempt, i.e., fs . The total number of appearances of
fd shows dropped cases in different release policies.
Participants completed a questionnaire throughout the study
to capture subjective experience. Participants first answered
demographic questions. After each round, participants were
asked to complete a page of the questionnaire with the same
Likert scale questions regarding fluency, ease-of-taking, trust,
comfort, and capability, listed in Table I. The question about
the fluency aspect is inspired by Hoffman [1]. After each Likert question, participants were encouraged to leave comments.
When they completed the questions for the last set, they were
encouraged to change their previous answers, if desired, after a
comprehensive comparison of all three release behaviors. The
post-session questions also helped participants avoid fatigue
that might affect study results. After the last round, they were
asked to answer the remainder of the questionnaire which
consisted of free-form questions regarding the different types
of release behaviors and the overall handover experience.
The experimenter and one independent coder coded the
videos of 36 participants frame by frame for the timing
information of th , tp , tt and tr , and the frequency of fs , as
detailed earlier. The coder and experimenter jointly coded a
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random of 10% of the videos; the remainder of the videos
were coded solely by the experimenter. Due to the accuracy
achieved through frame-by-frame coding, Cohen’s  shows
strong agreement between the two coders. Because the videos
are shot at 30 frames per second (FPS), the agreement of one
event happening at the same time depends on the allowable
frame difference chosen. Shown in Fig. 4, we achieve a 
value over 0.8 (almost perfect agreement [28]; p < 0.001)
when the frame difference is 3, in which the time difference
is only 0.1 second. When the frame difference is increased to
4 (0.13 second),  is increased to 0.9 (p < 0.001).
F. Participants
We recruited 41 participants from the university community
and the surrounding city using flyers and email lists. Five
were excluded due to hardware failures. To control for order
effects, we continued recruiting until we had valid data from
36 participants (6 multiples of 3! = 6). For the 36 participants
whose data was used, from the answers to how they heard
about us, we estimate that 14 (39%) were non-students and 22
(61%) were students. Participants were given a $15 gift card.
Ages ranged from 18 to 57 (M = 29, SD = 12), with 21
male and 15 female. Three said they were left-handed, while
the rest were right-handed. When asked if they had experience
with robots, 8 agreed, 26 disagreed and 2 chose neutral.
V. R ESULTS
We used R to analyze the data logged by the software and
coded from the videos. M used without standard deviation
values denotes median values throughout this section.
A. Preference
Twenty-nine (of 36) participants explicitly stated a single
preference in the questionnaire after the experiment. Twenty
of these 29 (69%) participants preferred the proactive release,
7 (24%) liked the passive release more, and 2 selected the rigid
release, as shown in Fig. 5. For the remaining 7 participants,
2 chose passive/rigid because they preferred a forced pull, 3
did not notice any difference, and the other 2 did not answer
the question explicitly or imply any preference.
We performed a multinomial goodness-of-fit test on the
preference data with the sample size of 29 and found a
statistically significant result (p < 0.001). We also performed
post-hoc binomial tests with Holm-Bonferroni correction [29]
for pairwise comparisons, which shows statistically significant

Same
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Fig. 5. Most participants preferred the proactive release. A multinomial
goodness-of-fit test and post-hoc comparisons show statistically significant
differences in the rigid and proactive releases.

density

Fig. 4. The  values for video coding to illustrate almost perfect intercoder
agreement [28] when the frame difference is increased to 3 (p < 0.001 across
all frame differences).

Proactive Passive/Rigid

0.5
0.4
0.3
0.2
0.1
0.0

Rigid

Passive

M = 3.7

M = 3.5

2 3 4 5 6 7 8 9 10

2 3 4 5 6 7 8 9 10

Proactive
M = 2.7

2 3 4 5 6 7 8 9 10

Completion Time (Seconds)
Fig. 6. The density plots with rug plots at the bottom and median lines show
the highly skewed distributions of the handover completion time for rigid and
passive release types and a slight departure from the normal distribution for
the proactive release. Along with the violation of homoscedasticity, we used
Friedman’s test [30] for handover timing analysis.

preferences in rigid (p < 0.01) and proactive (p < 0.001) but
not in passive (n.s.).
B. Objective Measures: Handover Completion Time
We first analyzed the overall handover completion time,
which supports H2: the proactive release behavior makes the
handover process more efficient. Of the 3 conditions, the rigid
and passive releases are both time-consuming: the former takes
M = 3.7 seconds and the latter takes M = 3.5 seconds,
between which we did not find a statistically significant difference. Unsurprisingly, we found strong statistically significant
differences between the proactive trials and the rigid trials
(M = 2.7 vs. M = 3.7, p < 0.0001) and between proactive
and passive (M = 2.7 vs. M = 3.5, p < 0.0001). There is no
statistically detectable difference between rigid and passive,
but we argue the effect at the end of this subsection by taking
a closer look at the density plots shown in Fig. 6.
To understand whether there is a difference in handover
completion time with different types of release behaviors,
we first considered performing a one-way repeated measures
ANOVA. However, both the assumption of normality and
homoscedasticity are violated, at a level that ANOVA is
not robust anymore. Shown in Fig. 6, we found that the
handover completion time data are not normally distributed
in each release type but rather highly right-skewed except
for the proactive type. The non-normality is confirmed by
the Shapiro-Wilk normality tests (extreme violation in rigid
data: W = 0.73, p < 0.0001, more than moderate violation
in passive data: W = 0.90, p < 0.001, marginal violation in
proactive data: W = 0.94, p = 0.051). Indeed, one-sample
Kolmogorov-Smirnov goodness-of-fit test in each release type
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The robot contributed to the fluency of the handover: the robot
handed over like a human.
Ease-of-taking (Cronbach’s ↵ = 0.72 if dropped)
It is easy to take the object from the robot.
Trust (Cronbach’s ↵ = 0.70 if dropped)
I trust the robot to do the right thing at the right time.
Discomfort (Cronbach’s ↵ = 0.78 if dropped)
I feel uncomfortable with the robot.
Capability (Cronbach’s ↵ = 0.72 if dropped)
The robot was capable of handing over the object.
* Likert items are coded as -3 (Strongly Disagree), -2 (Disagree),
-1 (Moderately Disagree), 0 (Neutral), 1 (Moderately Agree),
2 (Agree), and 3 (Strongly Agree).
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results from Friedman’s test reports statistical significance and the post-hoc
Wilcoxon signed-rank test [31] results.
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shows that the completion time follows a log-normal distribution (rigid: D = 0.13, n.s., passive: D = 0.11, n.s., proactive:
D = 0.10, n.s.). The assumption of homoscedasticity had
also been violated, suggested by the Brown-Forsythe test
(F (2, 105) = 3.31, p < 0.05).
In the past, ANOVA and the t test for the post-hoc pairwise
comparisons have been shown to be relatively insensitive to
moderate normality violation for the size of each sample over
30 [32], [33] and relatively insensitive to the homogeneity of
variance assumption violation. But because both the normality
violations in rigid and passive are more than moderate, we
conduct the non-parametric asymptotic Friedman’s test [30].
The Friedman’s test shows that there is a statistically
significant effect of release types on the median handover
completion time at the p < .05 level for the three conditions
( 2 (2) = 34.06, p < 0.0001). As illustrated on the top of
the box plots in Fig. 7, we performed post-hoc pairwise comparisons using Wilcoxon signed-rank tests [31] with HolmBonferroni correction, which show a statistically significant
difference (p < 0.0001) between rigid (M = 3.7) and
proactive (M = 2.7), and a significant difference (p < 0.0001)
between passive (M = 3.5) and proactive (M = 2.7). This
statistical result confirms that the decreasing pattern detection
implemented in the proactive release policy is effective.
The Wilcoxon signed-rank test did not detect a significant
difference between rigid and passive. However, from the left
two density plots in Fig. 6, comparing the left skew in each
density curve tells us that there are a number of people who
are able to complete the handover in 2 to 2.5 seconds during
the passive trials, which did not happen in the rigid trials.
There are no order effects found by examining the handover
completion time across different orders. The completion time
in any order does not follow normal distribution, confirmed
by Shapiro Test for order 1 data (p < 0.0001), order 2 data
(p < 0.0001), and order 3 data (p < 0.001). However, the
ANOVA assumption of homoscedasticity is confirmed by the
Brown-Forsythe test (F (2, 105) = 0.28, n.s.). Because of the
extreme violation of the normality violation, we conducted
Friedman’s test ( 2 (2) = 2.67, n.s.).

Ease−of−taking
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Likert Rating
Fig. 8. All raw questionnaire responses. After conducting Friedmans tests
and Wilcoxon signed-rank tests, we found statistically significant results in
responses to the fluency and ease-of-taking questions. Trends are found in
responses to the trust and capability questions.

C. Subjective Measures: Questionnaire Responses
Table I lists all Likert questions from the questionnaire and
the codes for each Likert item. Indicated by Fig. 8, all of the
data significantly departs from the normal distribution for each
question-release type. Because Likert ratings are nominal data,
we conducted Friedman’s test again. Fig. 8 plots all Likert
ratings and shows the statistical results and the median values.
Fig. 9 summarizes the data using box plots.
After reversing the ratings of responses about discomfort to
comfort, Cronbach’s alpha reports an acceptable level of internal consistency reliability (↵ = 0.77) [34]. The Cronbach’s
↵ values when a question is dropped are also given in Table
I: 0.68 for fluency, 0.72 for ease-of-taking, 0.70 for trust, 0.78
for discomfort, and 0.72 for capability.
In the fluency question responses, Friedman’s test suggests there is a statistically significant difference ( 2 (2) =
21.46, p < 0.05). Post-hoc pairwise comparisons using
Wilcoxon signed-rank tests with Holm-Bonferroni correction
shows that there is a statistically significant difference between
the rigid (M = 1) and the proactive (M = 2) release behaviors
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(p < 0.05). However, there are no statistically detectable
differences between rigid-passive and proactive-passive pairs.
In the ease-of-taking Likert ratings, Friedman’s test suggests
there is a stronger statistically significant difference ( 2 (2) =
7.66, p < 0.0001). The same type of post-hoc pairwise
comparisons indicate that the proactive release (M = 2)
is significantly better than the other two (rigid - M = 1:
p < 0.0001; passive - M = 2: p < 0.01). Unsurprisingly,
there is no detectable difference between rigid and passive.
However, we only found a marginally statistically significant difference in the trust ratings through Friedman’s test
( 2 (2) = 5.86, p = 0.05). Post-hoc pairwise comparisons
using Wilcoxon signed-rank tests with Holm-Bonferroni correction show that the trend is between rigid and proactive
(p = 0.05). For responses regarding discomfort, we did not
find a statistically significant difference ( 2 (2) = 2.23, n.s.).
Friedman’s test suggests there is only a trend in the capability
between three release behaviors ( 2 (2) = 5.64, p = 0.06).
Post-hoc pairwise comparisons suggest the trend in between
rigid and passive (p = 0.06). The release type is not a
significant factor that affects whether the robotic handover is
comfortable to humans and its handover capability.
We also did not find any order effects via Friedman’s test
on each question response data across different orders (n.s.).
D. Breakdown of Handover Completion Time
Across three release policies, we did not find statistically
significant effects on when participants prepare to take the
object (tp ), whether participants attempted to get the object
while the robot was still extending its arm (fs ), or the
number of drops (fd ). However, participants spent half of the
time taking the object (M = 0.507) in the proactive trials,
consistent with the finding in the completion time.
Similar to the timing data of handover completion time, we
chose to perform Friedman’s test for all the analysis in this section. Despite the confirmation of homogeneity by the BrownForsythe test (tp : F (2, 105) = 0.89, n.s.; tr : F (2, 105) =
0.04, n.s.; release duration: F (2, 105) = 0.45, n.s.), the violation of normality is extreme across all handover timing data
after the Shapiro-Wilk normality tests are performed across all
release types (tp : W = 0.91, p < 0.01 vs. W = 0.91, p < 0.01
vs. W = 0.88, p < 0.01; tr : W = 0.73, p < 0.0001 vs.
W = 0.90, p < 0.001 vs. W = 0.90, p < 0.001; release

Fig. 10. The box plots with rug plots at the bottom show the release duration.
Friedman’s test reports statistical significance and the post-hoc Wilcoxon
signed-rank test [31] results are also shown. Note that, in the rigid box plot,
two outliers between 6 to 8 are not shown.

duration: W = 0.73, p < 0.0001 vs. W = 0.87, p < 0.0001
vs. W = 0.90, p < 0.001).
There are also no order effects found. Given the extreme
violation of normality on all orders (W = 0.92, p < 0.01 vs.
W = 0.90, p < 0.01 vs. W = 0.86, p < 0.001), we conducted
Friedman’s test (tp : 2 (2) = 0.22, n.s.; tt : 2 (2) = 0.06, n.s.;
release duration: 2 (2) = 0.72, n.s.).
By analyzing when participants prepare to take the cylinder,
tp , we found that participants did not attempt to move their
arms or hands earlier to take the object in any release condition. This is expected because release does not affect how
human receivers approach the object. There is no detectable
difference across the three release types (M = 0.673 vs.
M = 0.605 vs. M = 0.648), 2 (2) = 3.17, n.s..
We also did not find a statistical difference in whether
participants attempted to take the object early while the robot
was still extending its arm: in all release types, half of the
participants did while the other half did not. We performed
multinomial goodness-of-fit tests on the fs frequency data
across all release types and found no significant results.
As expected, by analyzing the fd frequency data using a
multinomial goodness-of-fit test, there is no detectable difference in the number of drops across the three conditions. In the
1080 trials, there were 2, 4, and 8 drops in the rigid, passive,
and proactive conditions, respectively. All of the drops were
due to participants, e.g., focusing on the head while grasping.
When analyzing when participants touched the object, tt ,
we found significant differences (Friedman’s test: 2 (2) =
36.17, p < 0.0001) between proactive and rigid (p < 0.0001),
between proactive and passive (p < 0.0001), but not between
rigid and passive (n.s.), reported by the post-hoc Wilcoxon
signed-rank tests. In proactive trials (M = 1.884), participants
touched the cylinder 88 ms earlier than rigid (M = 1.972)
but 46 ms later than passive (M = 1.838). This may suggest
release behaviors does not affect early attempts.
Finally we analyzed the release duration, calculated by tr
tt (Fig. 10). Results show participants only spend half of the
time in proactive trials (M = 0.507) than in rigid (M = 1.339)

and passive (M = 1.166). Similar to tt , there are significant
differences ( 2 (2) = 41.17, p < 0.0001) between proactive
and rigid (p < 0.0001), between proactive and passive (p <
0.0001), but not between rigid and passive (n.s.). This result
is consistent with the finding in the handover completion time.
VI. D ISCUSSION
We did not find consistent evidence to support H1 that
releasing while extending the robot’s arm increases the human
receiver’s experience. Against H1, there was no single release
policy where more participants had early attempts. There were
also no detectable differences in completion time between rigid
and proactive releases. However, participants rated the passive
release as easier to take (M = Agree) than the rigid release (M
= Moderately Agree).
H2 is strongly supported: proactive detection of the human
grasp made the handover more efficient. There is a statistically
significant difference in completion time between the proactive
policy (M = 2.7) and both rigid (M = 3.7) and passive
(M = 3.5). There is a statistically significant difference in
release duration between the proactive policy (M = 0.507)
and both rigid (M = 1.339) and passive (M = 1.166).
H3 also holds: the proactive release behavior improved the
overall experience of the handover process. In questionnaire
responses, participants rated proactive being more fluent (M
= Agree) than rigid (M = Moderately Agree), a statistically
significant difference (p < 0.05). The results also suggest that
it is easier (p < 0.0001) to take the object from the robot
during proactive trials (M = Agree) than rigid and passive (M
= Moderately Agree; p < 0.01 and p < 0.0001, respectively).
When trying to take the object from the robot, we observed
that most participants tended to hold or touch the object
without pulling. Twenty-five (70%) participants complained
multiple times about the rigid release seeming inconsistent,
finding it sometimes easy and often hard (9 complained only
during think-aloud; 2 only on the questionnaire; and 14 in
both). Twenty-seven (75%) participants had the same issue
with passive release (7 complained only during think-aloud, 2
only on the questionnaire, and 18 in both). We attribute this
perception to the different ways that participants would grasp
the object in different trials, with the robot not reacting any
differently in either of those two release strategies.
With the proactive release, 12 (33%) participants expressed
just once or twice that they experienced a little pull or a slight
delay (7 only during think-aloud, 3 only on the questionnaire,
and 2 in both). This difference in how people experience the
consistency of the release policy explains why the rigid and
passive releases are less efficient, since it takes more time to
react to seemingly inconsistent releases, supporting H2.
Rigid and passive releases also had less favorable ratings
in ease-of-taking than the proactive release, supporting H3.
The common observation of inconsistency between the rigid
and passive releases also explains why there is no detectable
difference in ease-of-taking ratings between them.
For fluency, thirteen (36%) participants explicitly described
the proactive release as smooth or fluid on the questionnaire

while only 2 participants described passive release this way
and none did for rigid. Ten (28%) participants and eleven
(30%) participants expressed experiencing delay or pull with
the rigid and passive releases, respectively.
There is a potential confound with the sensor sampling rate,
which is 256 ms for rigid and passive but 1 ms for proactive,
as early detection may cause higher ease-to-take perception
ratings and shorter completion time. However, because all
policy implementations start receiving sensor data when the
program starts before the experiment, the faster sampling rate
does not always give the proactive release an advantage of
early detection. In theory, the proactive release only requires
32 decreasing samples (90 windows⇥35%, assuming all of the
last windows have the values) to identify a grasp while the
other two policies require a single sample at the 256 ms rate
that is above the threshold. Depending upon the timing of the
participants grasp, it could actually be the case that a single
data point detected at the 256 ms rate would be registered
before a grasp was detected in the proactive policy, meaning
that 12.5% of the time, the single data point method in the
rigid and passive releases would be faster to record the grasp.
A grasp is not only physically touching an object, but
also feeling these events, in which a 200 ms neuromuscular
response time exists [35], which delays the acknowledgement
of not releasing in the brain. During the experiment, we
did not observe that the longer sampling rate had much of
an impact, perhaps given that it is just 56 ms longer than
the 200 ms neuromuscular response time in addition to the
randomness discussed in the paragraph above. Rather, it is
the early attempt, in which the robot does not release during
rigid trials, or a light pull or simply holding without pulling,
in which the threshold value is not met in both the rigid and
passive trials, that affects participants perception of ease-totake and delays handover completion and release time.
However, at this time, the difference in sampling rates
could be a confound, and this paper has only shown that
the combination of proactive release and its sampling rate is
what makes a difference over rigid and passive releases with
their sampling rates. A future study could be conducted with
identical sampling rates, although we posit that would then
favor the rigid and passive releases (1 ms sampling) over the
proactive release (32 ms minimum). Ultimately, it would be
difficult to guarantee that a persons touch was registered in an
identical amount of time, regardless of the release policy.
VII. C ONCLUSION
We investigated three different release behaviors for humanrobot handovers with 36 participants. Results with strong
statistical evidence suggest that proactive release, in which
the robot actively detects a human grasp effort pattern, significantly improves the handover experience and efficiency.
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