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Abstract— Physical touch, such as handshakes, plays a criti-
cal role in human-robot interaction (HRI), influencing perceived
naturalness and social presence. This study investigates how
arm compliance, hand grip strength, and motion synchrony
jointly affect the subjective quality of a human-robot hand-
shake. We implemented a fully actuated, tactile-sensorized
humanoid hand mounted on a manipulator arm and designed
a compliant, oscillatory handshake controller with adaptive
synchronization. Sixteen participants experienced handshakes
across a 2x2x2 factorial design, varying arm compliance, grip
strength, and synchrony. Objective kinematic analysis revealed
significant main and interaction effects across all factors. At
the same time, subjective ratings showed clear preferences for
a weaker grip and greater arm compliance, with synchrony
exerting minimal influence on perceived naturalness. These
results highlight a perceptual hierarchy in HRI: foundational
haptic properties exert the strongest influence on user expe-
rience, while advanced kinematic adjustments have limited
impact when basic comfort is lacking. This insight provides
concrete guidance for designing robotic handshakes that feel
more human-like and pleasant.

I. INTRODUCTION

Physical contact is a key element in social robotics, with
tactile interactions like handshakes enhancing a robot’s nat-
uralness and perceived social presence [1]. The handshake,
a culturally significant gesture involving prolonged contact,
effectively conveys nuanced social cues [2]-[4], and initi-
ating interactions with a handshake can foster cooperation
and positive outcomes [5], [6]. In human-—robot interaction
(HRI), robotic handshakes can shape perceptions of warmth,
likability, and social competence [7], [8], and insight into
human hand morphology [9]. Furthermore, even quadruped
robots have demonstrated the capacity to convey a sense of
naturalness through handshakes or “paw” gestures [2], [10].

Implementing human-like handshakes presents technical
challenges, primarily in achieving mechanical compliance
and real-time sensory feedback. Compliance, the ability of
the robot to yield and adapt to external forces, is critical
for safety and user comfort, as overly stiff systems can
exert excessive force or resist natural movements [3], [11],
[12]. Unlike simple trajectory synchronization, compliance
requires modulating the robot’s impedance to mirror subtle
human adjustments. Real-time adaptation also depends on
accurately sensing the human partner’s forces and motions,
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necessitating a sophisticated anthropomorphic end-effector
with integrated force sensors and a soft structure [12]-[15],
enabling secure yet comfortable interaction [16], [17].

The naturalness of a handshake further depends on hu-
man perception. Achieving human-like handshakes requires
adaptive control responsive to the partner’s timing, grip, and
motion, with real-time compliance and synchronization being
essential [3], [18], [19]. Social psychology demonstrates
that synchronized behavior, through movement, posture, or
subtle nonverbal mirroring, builds rapport, enhances positive
emotions, and strengthens social bonds [20]-[24].

In HRI, synchronization extends beyond imitation: ef-
fective interaction requires the robot to align its actions
intentionally and adaptively with human behavior [25], [26].
Timing mismatches can make handshakes feel awkward,
whereas approaches using Central Pattern Generators (CPGs)
to adapt motion and stiffness produce individualized, natural
handshakes and even reveal social cues [18]. Tele-haptic
studies further show that reproducing mutual grip forces
rather than maintaining a rigid grip yields more realistic,
synchronized interactions [27]. These findings underscore the
need for handshake controllers integrating timing synchro-
nization and adaptive compliance.

Robotic handshake research has explored embedding com-
pliance through impedance/admittance control, distributed
sensing, and adaptive stiffness. For example, [28] devel-
oped a gripper with proprioceptive sensing that estimates
interaction forces in real time, enabling safe and adaptive
handshakes. Grip modulation strongly influences perceived
naturalness and comfort: tactile sensors that detect when to
squeeze and release improve ratings [29], and compliant,
gentle grips convey warmth and empathy [1]. Synchro-
nization and bidirectional haptic coordination also enhance
realism [27], [29].

Despite these advances, most studies address compliance,
grip modulation, or synchronization in isolation, leaving the
combined effect on user perception largely unexplored. For
example, [28] highlights compliant grasping for safety, [29]
demonstrates improved naturalness through tactile squeeze
timing, and [27] emphasizes mutual grip—force adaptation in
tele-haptic handshakes. Recent work suggests that integrating
compliance and grip control may yield richer interactions
[30], with adaptive controllers learning preferred grip from
human feedback. Our approach differs in two ways: we frame
grip control in terms of compliance rather than force, and we
employ a high-density silicone-based tactile array, improving
interaction compared to the aluminum hand with 15 sensors
used in [30].
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Fig. 1.
performed handshakes upon instruction from the experimenter.

Fig. 2. Sensor array layout (left). Illustration of the sensor array covering
the palm and fingers of the Meka M2 Robot hand (right).

These observations highlight the need for multi-factor ex-
perimental designs that systematically vary compliance, grip
force, and synchronization to uncover interaction effects that
single-factor studies cannot capture. Our study addresses this
gap by using a factorial design that manipulates compliance,
grip stiffness, and synchronization, providing insights for
both HRI research and social robot design.

II. METHODS
A. Robotic System Overview

The robotic system consists of the Meka M2 robotic
hand with a tactile interface, mounted as an end-effector
for the Franka Emika Panda (FEP) arm. The FEP is a
lightweight, 7-axis collaborative robot arm designed for safe,
direct interaction with people. Its integrated torque sensors
on all joints provide a unique, human-like sensitivity.

B. Tactile 5 DoF Humanoid Hand End-Effector

The hand comprises five motors and four fingers. It is
covered with a dense, in-house fabricated tactile sensor array
consisting of 90 elements. The sensors operate at 512 Hz, and
their real-time data is used to modulate the hand’s grip during
a handshake. The distribution of the tactile array elements on
the hand is shown in Fig. 2.

C. Compliant and Synchronous Handshake

To control the arm motion, we used a classical joint-space
impedance controller in which the desired joint torques,
74, are computed based on the impedance model, which
is defined by the following decoupled relationship for each
joint:

74 = K(qqa —q) — Dq (1)

Here, q and q are the current joint position and velocity
vectors, respectively, while qg is the desired joint position

Sixteen participants took part in the handshake experiment, which was conducted in a calm setting. Participants stood in front of the robot and

vector. The diagonal matrices K and D denote the stiffness
and damping gains, respectively. To ensure a smoother
input for the damping term and to further enhance system
stability, the measured joint velocity, q, is filtered using a
first-order low-pass filter.

Handshake Trajectory Generation: The handshake motion
was modeled as an oscillatory movement along a smooth
path in the n-dimensional joint space:

I':se0,1] »T(s)eR” 2)

where s is a scalar path parameter. The desired joint trajec-
tory qq(t) is generated by moving along this path according
to a parameter s(t), which is driven by an oscillator with
phase ¢(t):

qa(t) =T (s(t)) 3)
s(t) = s. — E(t)sq cos @(t) ())

Here, s. € [0, 1] is the path’s midpoint, s, € [0,1] is the
half-span of the traversal, and E(t) € [0,1] is the minimum-
jerk envelope that smoothly ramps the motion amplitude at
the beginning and at the end of the motion.

J(r), =g, 0t <Tip
E(t) =41, Ty <t <Tot — T2 6)
i), 7= To— Tz <t < T

where j(7) = 1073 — 157% + 67°.

This generates a smooth oscillatory trajectory that is
passed to the joint trajectory impedance controller.

Synchronization Controller: Synchronization in our con-
troller is defined as the minimization of apparent resistance.
Algorithm 1 details the synchronization control procedure.
In joint impedance control, apparent resistance is naturally
measured as the difference between the commanded and

actual joint positions, expressed as the error term in Equation
6.

eq(t) = at) — qa(?) (6)

The error is projected onto the path’s tangent to obtain
a phase-consistent error measure. The tangent is g(s) =
I'(s), and the phase tangent (normalized derivative with
respect to ¢) is (0qq/09)(t) = g(s(t)) E(t) sq sin ¢(t), with
normalized tangent direction in Equation 7.
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(7

where € > 0 prevents division by zero. The tangential
motion error of the robot is then expressed as shown in
Equation 8.

e(t) = b(t) Tey(t) (8)

This overall error is subsequently decomposed to address
two distinct synchronization objectives. Temporal adaptation,
which tunes the phase and frequency of the handshake,
is handled through the phase-consistent error e;(t). Spatial
adaptation, which refines the geometric shape of the path, is
addressed using the generalized projection error eg(t) (see
Equation 9).

o BTy
) = TgG@ONE + =

Remark: To enhance numerical stability, the phase-aligned
error e;(t) and the generalized projection error e (t) are low-
pass filtered before being used in the adaptation laws. The
filtered signals are denoted by é; and €é,(t).

Temporal Synchrony Control Laws: The oscillator phase
dynamics are adapted using é;(¢):

O(t) = w(t) + Ky E(1) &(t)
w(t) =K, E(t) ét(t) - Aw (w(t) - WO)

9

(10)
(1)

with Ky, K, > 0 (temporal synchrony gains) and A\, > 0
(drift damping), and we impose hard bounds wpin, < w(t) <
wIIlaX'

Spatial Synchrony Control Laws: We adapt the path
midpoint s, and path span s, by gradient steps using €& (¢):

$c = K. E(t) és(t), (12)
8¢ = — K, E(t) cos ¢(t) és(t). (13)
with K., K, > 0. We impose hard bounds
0 < Smin Ssc S Smax < 1 (14)
0< Sa,min Ssa S Sa,max (15)

In both temporal and spatial synchrony control, we in-
troduce a top-level term 7, called the synchrony factor. All
four adaptation constants Ky, K,,, K., K, are multiplied by
1 before controller activation so that the synchrony level is
adaptable.

Special Case Demonstration: Straight line in joint space.:
If T;(s) = (1 — 8)Q1 + sQ2, where Q1,Q2 € R™ are two
points in joint space. One can set

C=1(Q1+ Q) (16)
A=3Q:— @) (17)
qda(t) = C — E(t) Acos ¢(t) (18)

Here, C represents the midpoint (bias) of the handshake
trajectory, while A represents the oscillation amplitude.

Algorithm 1 Compliant and Synchronous Handshake Con-
trol

1: Initialize ¢(0), w(0) = wo, S, Sa

2: for 0 <t < Tjpt do

3: Measure joint state (q(t), q(t))

4 Filter velocity:

qrlk] = (1 — a)qslk — 1] + aq[k]

5: Compute envelope E(t)
6: Generate desired trajectory:

qq(t) =T(s(t)), s(t) =sc— E(t)sq cos p(t)
Compute error: e, (t) = q(t) — qq(t)

8: Project errors:
g(s(t)) "eq(t)
e:(t) = b(t) "eq(t), es(t) = W
9: Low-pass filter e;,es +—> €, €5

10: Update phase dynamics:
w=K,Et)é — Ao (w — wp)

¢ =w+ K,E(t)é,,
11: Update path parameters:
éc = KCE(t)ésv Sa = *KaE(t) CoS ¢(t)és

12: Apply impedance torques
13: end for

The bias and amplitude adaptations then simplify to the
standard joint-space laws:

C = K B(t)é(t)
A= —K,E(t)cos ¢(t) &(t)

A one-degree-of-freedom (DoF) simulation of the syn-
chrony controller is illustrated in 3.

It is possible to adapt the geometric shape of the joint-
space trajectory I'. We parametrize [' by a finite parameter
vector 6 (e.g., control points, affine pose, or low-rank basis)
and update 6 by gradient descent on the instantaneous
squared tracking error. The resulting law 6 = Ky.Jr(s,6) e,
(J is the Jacobian with respect to the parameters) generalizes
both the earlier tangential-only adaptations (when 6 =
(S¢, Sa)) and the straight-line full joint space adaptation when
6 = (C, A). Regularization, damping, and projection ensure
that the adaptations remain physically safe and bounded.

19)
(20)

III. EXPERIMENTAL DESIGN

The goal of this study is to explore how different compli-
ance levels in a robot’s arm and grip (i.e., hand compliance
and grip strength), and handshake synchrony affect the
perceived naturalness of a human-robot handshake. Specifi-
cally, we aim to investigate how these kinematic parameters
influence:

« Motion synchronization.

o Force distribution and tactile comfort.

« Subjective human perception (i.e., naturalness, comfort,

and human-likeness)
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Fig. 3. 1-DoF simulation of a handshaking synchronous controller.

The top plot shows the commanded joint position (red dashed) converging
toward the actual joint position (blue) to track the human input (green).
The grey dashed line represents the envelope E(t). The second plot shows
the tracking error, both raw (eq, purple) and filtered tangent (€¢, orange),
which reflects the apparent interaction force. The third, fourth, and fifth plots
illustrate the adaptation of the handshake descriptors: frequency, amplitude,
and bias, respectively. The robot gradually adjusts these parameters to
synchronize with the human, reducing interaction forces and achieving
coordinated motion by the end of the brief handshake.

A. Participants

A total of 16 participants (10 men, 6 women; mean age
27.0 £ 8.9 years, range 20-54) took part in the study.
Participants originated from Europe (n = 10), Africa (n = 4),
and Asia (n = 2). Personality was assessed with a short 10-
item Big Five inventory [31] administered on a 5-point Likert
scale; items were mapped to the five traits (i.e., openness,
conscientiousness, extraversion, agreeableness, neuroticism).

B. Experimental Design and Conditions

To investigate these effects, we employ a 2 x 2 x 2 factorial
design with three independent variables: Arm Compliance
(Low, High), Hand Grip Strength (Weak, Strong), and
Synchrony (Not Present, Present).

This creates eight experimental conditions, as detailed in
Table I.

TABLE I
EXPERIMENTAL CONDITIONS FOR THE 2 X 2 X 2 FACTORIAL DESIGN.

Condition | Arm Compliance | Hand Grip Strength | Synchrony
Cl High Weak Not Present
C2 High Strong Not Present
C3 Low Weak Not Present
C4 Low Strong Not Present
C5 High Weak Present
(€9 High Strong Present
(ey) Low Weak Present
C8 Low Strong Present

1) Operationalization of Independent Variables:

o Arm Compliance: We tune the compliance of the robot
arm by selecting impedance stiffness matrix K as fol-
lows Ko, = diag(150,150, 150,150, 10,6, 2), Khigh =
diag(20, 20, 20, 20, 10, 6, 2)

o« Hand Grip Strength: Weak and Strong grips are
defined as 30% and 75% of the highest possible force
the Meka M2 robot hand can apply. Grip Force is
controlled using the tactile array.

o Synchronization: We define the conditions with label
”No Synchrony” to have the synchronization controller
gains set to zero, with the robot not adapting its hand-
shake trajectory with the user at all. We define the label
”Synchrony” with the robot adapting its commanded
joint trajectory to the user’s handshake trajectory using
the synchrony controller.

C. Procedure

Participants first received an informed consent form in
a quiet laboratory setting. After providing consent, they
completed preliminary questionnaires to collect demographic
information (height, gender, ethnicity), assess personality
traits using the short Big Five Inventory [31], and record
their current mood with the Pick-A-Mood test [32]. Figure
1 shows a subset of participants interacting with the experi-
mental setup, which includes a robot arm and the Meka M2
robot hand.

The experiment consisted of a series of handshake in-
teractions with a robotic arm. The session comprised eight
distinct experimental conditions (see Table I), representing a
full factorial design of the three independent variables. The
presentation order of the conditions was randomized for each
participant to mitigate potential order effects. During each
trial, the robot initiated an up-down oscillatory handshake
movement. Each interaction was designed to last approxi-
mately 5 to 8 seconds, a duration chosen to more closely
reflect the brevity of natural human handshakes compared to
the extended interactions used in some prior HRI studies.
Immediately following each handshake, participants were
prompted to provide subjective feedback on five questions
assessing Naturalness, Comfort, Human-Likeness, Fluidity,
and Pleasantness:

o Please evaluate the following statements:

— The handshake was natural
— The interaction was physically comfortable
— The handshake was human-like

The handshake was fluid

— The handshake was pleasant

After completing all eight conditions, participants took
part in a semi-structured interview to collect qualitative
insights, focusing on factors that contributed to a natural or
unnatural experience, their preferences, and any changes in
perception over time.

D. Data Collection and Measures

To evaluate the quality of the handshake across conditions,
we collected a combination of objective performance metrics,
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subjective perceptual ratings, and user data.

1) Objective Metrics: The physical dynamics of the in-
teraction were captured using the robot’s onboard sensors.
This provided a rich dataset for post-hoc analysis, including
kinematic data such as the robot’s joint positions and veloc-
ities, as well as kinetic data such as measured joint torques
and estimated external forces at the end-effector. These
objective measures allow for a quantitative characterization
of interaction effort and motion smoothness.

2) Subjective Ratings: Subjective perceptions were mea-
sured after each individual handshake using a concise ques-
tionnaire. Participants rated their experience on five distinct
7-point Likert scales (1 = Strongly Disagree, 7 = Strongly
Agree), assessing the handshake’s perceived naturalness,
comfort, human-likeness, fluidity, and overall pleasantness.
The brevity of this instrument was a deliberate design
choice to minimize participant fatigue, given its repeated
administration throughout the experiment.

3) User Data: The demographic, personality, and mood
data collected prior to the interaction serve as user vari-
ables. This supplementary information enables correlational
analyses to examine how individual differences shape per-
ceptions of the robotic handshake. Additionally, trial-by-trial
subjective ratings are analyzed to identify patterns of user
adaptation throughout the session.

IV. RESULTS
A. Factorial Design Results for Kinematic Data

To kinematically assess the quality of human-robot hand-
shakes, we introduce the Objective Comfort Index (OCI), an
integrated measure combining control accuracy and motion
smoothness into a single interpretable score. The root-mean-
square torque error (e, rms) and root-mean-square jerk (jrms)
are incorporated with negative polarity, thereby prioritizing
handshakes exhibiting lower tracking error and smoother
transitions. Each constituent metric is z-score normalized
across all conditions, polarity-adjusted, and subsequently
aggregated to ensure that higher OCI values consistently
indicate greater perceived comfort. By jointly capturing con-
trol fidelity and kinematic smoothness within this structured
framework, the OCI provides a robust and physically inter-
pretable benchmark for evaluating and comparing handshake
conditions.

OCI%¢ = —pg we U, C

T,rms Jrms

2y

“u,c

where égfms and jm)s are the z-score-normalized joint
torque error and joint jerk for user u in condition c.

Before conducting the repeated-measures ANOVA, the
normality assumption was assessed using the Shapiro—Wilk
test on the residuals of each condition. Results indicated no
significant deviations from normality (0.087 < p < 0.65
for all factors), confirming that the data met the assumption
required for ANOVA. The repeated-measures ANOVA was
conducted to examine the effects of Synchrony, Arm Stift-
ness, and Hand Stiffness (Grip) on the Objective Comfort
Index (OCI). All three main factors had highly significant
effects on comfort:

Hand Grip = Soft Grip

0.4 0.4
. I 0.35

Hand Grip = Strong Grip

o
w
I3

Mean OCI
o
w

0.3
0.25 0.25
0.2 0.2

Compliant Stiff
Arm Stiffness

Compliant Stiff
Arm Stiffness

Fig. 4. Three-way interaction between Synchrony, Arm Stiffness, and Hand
Stiffness on the Objective Comfort Index (OCI).

 Synchrony: F'(1,15) = 87.62,p < 0.001
o Arm Stiffness: F'(1,15) = 56.19,p < 0.001
 Hand Stiffness (Grip): F'(1,15) = 84.01,p < 0.001
In addition to the main effects, all two-way interactions were
significant:
o Synchrony x Arm Stiffness: F(1,15) = 53.9,p < .001
o Synchrony xHand Stiffness: F'(1,15) = 83.7,p < .001
o Arm StiffnessxHand Stiffness: F'(1,15) = 43.1,p <
.001

Finally, the three-way interaction (Synchrony x Arm Stiff-
ness x Hand Stiffness) was also significant, F'(1,15) =
48.88,p < 0.001, indicating that the effect of one factor
depends on the levels of the other two.

These results suggest that comfort is not determined by a
single factor alone, but rather by the specific combination of
synchrony and stiffness parameters. For instance, synchrony
may significantly improve comfort when both arm and hand
are compliant, but this effect may diminish when either or
both are stiff.

Comfort is maximized under specific combinations of
synchrony and stiffness. The interaction plots in Figure 4
illustrate these patterns, showing which combinations of arm
and hand stiffness, with or without synchrony, produce the
highest Objective Comfort Index (OCI). This highlights the
importance of considering factor interactions when designing
robotic or haptic systems for optimal user comfort.

B. User State
The distribution of the Big 5 personality traits among the
participants is shown in Table II.

TABLE I
PERSONALITY TRAITS DISTRIBUTION OF THE PARTICIPANTS

Personality Trait High Low

Extraversion 7 9

Neuroticism 5 11

Agreeableness 13 3

Conscientiousness 11 5

Openness 10 6
Momentary affect, as assessed via the Pick-A-
Mood  task, exhibited substantial inter-individual
variability (Tense/Nervous: n = 3; Excited/Lively: n

= 2; Cheerful/Happy: n = 5; Calm/Serene: n = 5;
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Bored/Weary: n = 1), indicative of a heterogeneous
distribution of affective states at the time of assessment.
Each mood rating was systematically located within the
two-dimensional Activation—Pleasantness framework of the
Pick-A-Mood test [32], thereby facilitating a fine-grained
characterization of participants’ affective profiles. Along
the Activation dimension, participants were approximately
evenly distributed between low (n = 6) and high (n =
10) activation levels. Along the Pleasantness dimension,
the majority reported elevated pleasantness (n = 12), with
a smaller subset indicating lower pleasantness (n = 4),
suggesting an overall positively valenced affective context
during the interaction period.

Across all factorial conditions (Grip Strength, Synchrony,
Arm Compliance), analysis of correlations between person-
ality traits, mood, and handshake quality scores (OCI, SRI)
revealed no associations that met the predefined threshold
for a strong correlation (r > 0.55) and statistical significance
(p < 0.05). Similarly, no marginally significant correlations
(0.05 < p < 0.075) exceeded this criterion. In contrast,
strong and significant correlations (r > 0.6, p < 0.05)
were observed between the self-reported quality dimensions
themselves, specifically Naturalness, Comfort, Fluidity, and
Pleasantness, highlighting internal consistency in partici-
pants’ subjective ratings. Interestingly, Pleasantness did not
correlate with Human-Likeness, suggesting that participants’
enjoyment of the interaction was independent of how human-
like the handshake felt.

While several traits (e.g., extraversion, neuroticism, con-
scientiousness) and mood states (activation) showed con-
sistent moderate correlations with interaction ratings and
cooperation indices (r ~ 0.25-0.44, all p < 0.01), these fell
below the threshold for strong effects. Longer interactions
with the robot and a larger sample size would likely enable
the detection of these personality and mood influences more
robustly.

C. Perceived Naturalness

To analyze the subjective ratings from the handshake
interactions, we conducted a 2 x 2 x 2 three-way repeated
measures Analysis of Variance (ANOVA) on the average
of reported items (Naturalness, Comfort, Human-Likeness,
Fluidity, Pleasantness) for each user. We refer to it as the
Subjective Rating Index (SRI).

The experimental factors were Arm Compliance (Low,
High), Hand Grip (Weak, Strong), and Synchrony (Not
Present, Present). The primary analysis was performed on the
composite mean score across all five subjective questions.

The analysis revealed significant main effects for both
Hand Grip and Arm Compliance in the Subjective Rating In-
dex (SRI). However, no significant main effect was found for
Synchrony, nor were any two-way or three-way interactions
between the factors statistically significant. This indicates
that the effects of grip and compliance on user perception
were independent of each other and of the synchrony condi-
tion. The detailed findings are presented below.

D. Main Effect of Hand Grip

The strongest and most consistent factor influencing user
perception was Hand Grip, which had a highly significant
main effect on the Subjective Rating Index (SRI), F'(1,15) =
15.25,p = 0.0014. Post-hoc comparisons confirmed that
the Weak Grip condition (1 = 4.65, ¢ = 1.20) was
rated significantly higher than the Strong Grip condition
(w = 3.39, 0 = 1.57). This preference for a weaker
grip was statistically significant across all five individual
subjective measures: Naturalness (p = 0.0024), Comfort
(p = 0.0024), Human-Likeness (p = 0.0021), Fluidity (p =
0.018), and Pleasantness (p = 0.021). Users consistently
preferred a weaker hand grip, which significantly enhanced
perceptions of comfort, naturalness, human-likeness, fluidity,
and pleasantness. This contrasts with the findings of [30], in
which higher grip strength was preferred by participants. We
suspect this difference is due to the larger and stronger form
factor of the Meka M2 robot hand.

E. Main Effect of Arm Compliance

Arm Compliance also demonstrated a significant main
effect on the average user rating (F(1,15) = 5.50, p =
0.033). Participants reported a significantly better experience
with the high compliance conditions (1 = 4.29, o0 = 1.48)
compared to the low compliance conditions (¢ = 3.75,
o = 1.39). This finding was particularly evident in ratings
of Naturalness (p = 0.030) and Pleasantness (p = 0.025),
and was marginally significant for Comfort (p = 0.055).
Thus, higher arm compliance led to a more positive user
experience, particularly enhancing perceptions of naturalness
and pleasantness.

Prior work has shown that increased mechanical compli-
ance in robot arms or end-effectors often improves perceived
comfort, safety, and user satisfaction [30], [33].

F. Absence of Synchrony and Interaction Effects

The main effect of Synchrony was not statistically
significant (F(1,15) = 0.08, p = 0.781), suggesting
that the controller’s synchronization with the user’s mo-
tion did not measurably alter the subjectively reported
quality of the handshake in this study. Furthermore, the
analysis confirmed a complete absence of significant in-
teractions. All two-way interactions (Compliancex Grip,
p = 0.940; CompliancexSynchrony, p = 0.893;
GripxSynchrony, p = 0.575) and the three-way interac-
tion (Compliance x Gripx Synchrony, p = 0.930) were non-
significant. The lack of interactions is visually corroborated
by the parallel trend lines in the interaction plots (see
Figure 5). This simplifies the interpretation of the main
effects, as the ideal setting for each parameter does not
depend on the state of the others.

The detailed analysis of subjective ratings for each ques-
tionnaire item is illustrated in Figure 6, which presents
the mean scores for Naturalness, Comfort, Human-Likeness,
Fluidity, and Pleasantness across all eight experimental con-
ditions. Consistent with the composite Subjective Rating
Index results, users rated the Weak Grip significantly higher
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Bar chart (Left) that represents the reported subjective comfort across the eight conditions. The results show a consistent preference for the Weak

Grip over the Strong Grip and for High Compliance over Low Compliance across most subjective measures. Error bars represent the standard error of the
mean. In interaction plots (Middle and Right), since no lines cross, they display the separation of interactions the users reported for three conditions.

than the Strong Grip for all five items, and High Compliance
generally received higher scores than Low Compliance, par-
ticularly for Naturalness and Pleasantness. The star symbols
under the question labels indicate statistical significance for
the Grip and Compliance factors. These per-question ratings
provide a nuanced view of how each factor individually
influenced user perception, complementing the main effect
trends shown in Figure 5.

V. DISCUSSION AND CONCLUSION

Our findings highlight a clear divergence between objec-
tive kinematic metrics and subjective user perceptions of
a robotic handshake. Although synchrony, arm compliance,
and grip jointly influence the objective comfort index (OCI),
participants’ preferences were straightforward: they consis-
tently favored a gentle grip and a compliant arm, independent
of synchronization.

We suggest a “haptic-first” perceptual model, in which
users experience a handshake primarily through its core
haptic cues. When these sensations are lacking, finer kine-
matic refinements such as synchrony provide little perceptual
benefit. This hierarchy implies that designing human-robot
interactions should first ensure basic haptic comfort before
optimizing motion details. Kinematic data showed signifi-
cant three-way interactions, indicating complex dependen-
cies among parameters for optimal handshake dynamics. In
contrast, subjective ratings revealed no interactions, suggest-
ing that perceived naturalness is dominated by independent
haptic factors. This decoupling simplifies design: focusing
on grip and compliance optimization can yield stronger
subjective evaluations than attempting to perfect complex
kinematic interactions.

Personality traits and affect varied widely across partici-
pants, emphasizing that no single handshake configuration is
optimal for everyone. However, given the high variability
and the small participant pool, these findings cannot be
generalized. Future work could investigate adaptive, person-
alized haptic tuning, where grip and compliance are adjusted
according to individual traits or preferences. This study
involved 16 participants and a single robot platform, lim-
iting generalizability. Handshake duration and task context
were also constrained. Future research could expand the

participant pool, test different robotic hands, explore longer
interactions, and integrate more nuanced social cues, such
as gaze or posture, alongside haptic adaptation. Overall, our
results underscore that tactile and force-based cues are the
primary determinants of perceived naturalness in human-
robot handshakes. Achieving a gentle, compliant touch is
crucial, and only once this baseline is achieved do finer
aspects such as motion and synchrony meaningfully enhance
the interaction.
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