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Abstract

Robots that can physically interact with humans in a safe,
comfortable, and intuitive manner can help in a variety of
settings. However, perceptions of the users greatly affect the
acceptability of such robots. Ability of the system to under-
stand user’s perception of the physical interaction as well as
adapting robot’s behaviors based on user perception and in-
teraction context can facilitate acceptability of these robots.
In this paper we propose a perception-based interaction adap-
tation framework. One main component of this framework
is a multi-modal perception model which is grounded on the
existing literature and is intended to provide a quantitative
estimation of the human state- defined as the perceptions of
the physical interaction- by using human, robot, and context
information. This model is intended to be comprehensive in
many physical Human-Robot Interaction (pHRI) scenarios.
The estimated human state is fed to a context-aware behavior
adaptation framework which recommends robot behaviors to
improve human state using a learned behavior cost model and
an optimization formulation. We show the potential and feasi-
bility of such a human state estimation model by evaluating a
reduced model, with data collected through a user study. Ad-
ditionally, through some feature analysis, we aimed to shed
light on future interaction designs for pHRI.

Introduction

Robots may make physical interaction with humans in a
variety of contexts, from instrumental for medical reasons
(Chen et al. 2014), to affective for social reasons (Zheng
et al. 2019). How humans perceive those interactions would
affect the level of integration of such robots in our societies.
In existing literature, human perception when physically in-
teracting with robots, namely perceived safety (Rubagotti
et al. 2022), comfort and trust (Akalin, Kristoffersson, and
Loutfi 2022), were investigated under different settings (i.e.,
robot giving bed bath, assisted feeding) and using different
robotic platforms (i.e., robot arm, mobile robot) (King et al.
2010; Hu et al. 2020). However, previous works focused on
studying human perception in a single context (e.g. task,
body part), with one particular robot and around specific
robot parameters and human backgrounds, and the physical
interaction did not necessarily involve robot-initiated touch.
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In addition to the qualitative nature of such revealed inter-
connections, past work did not intend to develop a model of
human perception of physical interaction based on a com-
prehensive collection of attributing factors, such that it may
be applied to robotic touch settings within a variety of con-
texts, robot platforms and parameters, and human back-
grounds, and it can quantitatively output the human state.
With the purpose of enabling robots to perform safe and hu-
man friendly interactions, in this work we aim to develop a
multi-modal human perception model for physical human-
robot interaction (pHRI) that is comprehensive to be appli-
cable to most robot-initiated touch scenarios. By considering
variables such as the inherent robot attributes human back-
ground, robot behaviors, human responses, and interaction
context, the model is intended to be utilizable in various
pHRI scenarios. While evaluation of the full model requires
extensive data collection through a separate study, in the cur-
rent work we show the feasibility of such a model by eval-
uating a reduced model through the data collected for some
representative robot-initiated touch scenarios.

While understanding human perception is the first step
toward a more pleasant interaction, adapting the robot be-
haviors in accordance with the perceived state of human or
their preference is the next necessary step, however, the lit-
erature lacks such developments. Thus, in this work, we de-
signed the framework of a context-aware behavior adapta-
tion model for robot-initiated touch with verbal and non-
verbal behaviors to improve human state during interaction.
In the core of the system, we introduced the behavior cost
model, through which the robot can learn the communica-
tion preference of humans based on human background, hu-
man state, and interaction context to recommend a set of
behaviors that could potentially improve the state of human
in terms of perceived safety, comfort, and intuitiveness.

In summary, our contributions in this paper include:

1. A human perception model for estimating human state
that can be applied to most pHRI scenarios, specifically
robot-initiated touch.

2. A framework on robot behavior adaptation with verbal
and nonverbal behaviors for improving human states.

3. Guideline on designing pHRI behaviors for improving
perceived human safety, trust, and comfort in pHRI.



Related Work
Human Perception of Robot-Initiated Touch

Previous work have studied some of the parameters that
may influence human’s perception during interaction with
a robot. Akalin (Akalin, Kristoffersson, and Loutfi 2022)
claimed that perceived safety in human-robot interaction
(HRI) is associated with comfort and trust, and that human
background such as personality, gender, age, and robot fa-
miliarity have influence on this perception. Hu (Hu et al.
2022) concluded that human posture and robot proxim-
ity have effect on human’s physical and mental state dur-
ing an active physical interaction with a robot. And Hoff-
mann (Hoffmann and Kriamer 2021) suggested that motion
parameters like speed, delay, force, and softness of the touch
contribute to human perception and emotions while inter-
acting with humanoid robot NAO (Gouaillier et al. 2009).
In addition, parameters such as robot size and appearance
(Rubagotti et al. 2022), shape, color, and mobility mecha-
nism (Kanda et al. 2008), and level of robot autonomy (Gut-
man, Olatunji, and Edan 2021) are identified as additional
influencing factors. Except for such scattered studies, HRI
literature is lacking a comprehensive model that can deter-
mine human state based on the collective influencing factors.

Unlike general HRI, human’s perception during robot-
initiated touch interactions is a much less explored area.
Chen (Chen et al. 2014) investigated the task of robot wiping
participants’ forearms, in which participants have more pos-
itive responses to instrumental touch than affective touch.
King (King et al. 2010) claimed that participants feel more
trust towards the robot if they have more exposure to the
robot, and their perception change with the touch location.
Similarly Zheng (Zheng et al. 2019) concluded that touch
position, length, and force can cause changes in human emo-
tions. Except for such qualitative explorations, there is cur-
rently no human perception model for determining the hu-
man state in robot-initiated touch scenarios within multi-
ple contexts and considering various influencing parame-
ters. Our work addresses this shortcoming through a multi-
modal model that can quantify human states during physical
human-robot interaction using robot, human, and context in-
formation, and such that the model can be used across vari-
ous settings. While our human perception model is a collec-
tion of influencing parameters mainly grounded on the ex-
isting pHRI literature, we added additional modalities which
we believe can affect human perception.

Behavior Adaptation for Improved Interaction

To accommodate human preferences, previous works have
explored robot behavior modifications in social robotics
through some parameter adjustments. Mitsunaga (Mit-
sunaga et al. 2008) proposed a policy gradient reinforcement
learning (RL) method to adapt robot’s behaviors such as dis-
tance to human, robot gaze direction, timing and speed of
gestures based on the human’s comfort level. Later works
used RL for the problem of robot parameter adaptation for
making robot’s behavior less boring and more effective for
long-term human-robot interaction (Magyar and Vircikova
2015). However, adaptation of robot behaviors including
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communication behaviors to improve human perception in
pHRI, specially in the context of instrumental robot-initiated
touch, has not been explored before. To have a method that
can be applied to various contexts of pHRI in an online
manner without need for large human interaction data for
RL training, we propose an adaptation framework which
considering information about human like background and
state and task context, and using a regression-based behavior
cost prediction model, recommends best feasible adaptation
behaviors. We formulated recommendation framework as a
knapsack problem which has been used in some recent work
in recommendation systems (Ozsoydan and Golciik 2023;
Thongsri et al. 2022), however, knapsack has not been stud-
ied in the pHRI context before.

Perception-based Interaction Adaptation

The overview of the proposed system is shown in Fig. 1.
Data from human (background, human responses), context
(task, level of emergency), and robot (robot attributes and
robot behavior) are fed into the perception model, which out-
puts the estimated human state (perceived safety, perceived
comfort, perceived trust). For the Behavior Adaptation, data
from human (background), context (task and level of emer-
gency), current human state, along with budget, namely ex-
ecution time, are passed in. The behavior adaptation mod-
ule contains a regression model that learns the costs and
benefits associated with each behavior based on the human
background, context, and current human state. Then, those
estimated costs and benefits of the behaviors along with a
budget value are passed to a Knapsack-based optimization
solver which is intended to generate the recommendations
for communication behaviors and robot parameter adapta-
tions. The recommended behaviors are then executed and
fed back into the Perception Model for the next iteration.

Perception Model

The purpose of the perception model is to estimate human
state during physical human-robot touch interactions based
on human, robot, and context inputs. This model is presented
in Fig. 2. Utilizing the literature, we proposed five sub-
modules in the perception model: Robot Attributes, Robot
Behavior, Human Background, Human Responses, and Con-
text, which will be individually described in the following
subsections. In addition to information extracted from liter-
ature, we proposed additional factors and more in-depth cus-
tomized categorizations of factors, namely “Contact Confor-
mity”, “Physical Condition”, “Degrees of Freedom”, “Level
of Emergency”, as well as categorizations of “Mobility”,
“Appearance”, and “Level of Autonomy” which we be-
lieve can also affect human perception. For more real-world
robotic usage scenarios, we developed the model based on
sensory information that can be obtained by the robot and
does not need human wearable sensors (thus the exclusion of
physiological parameters such as heart rate). Current model
inputs are obtainable through computer vision, brief pre-
screen questions, and internal parameters of the robot.

Robot Attributes This module contains the inherent pa-
rameters of the robot that are unchanged in the course
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Figure 1: Overview of the Perception-based Interaction Adaptation System.

of physical interaction. Those parameters include size
(Rubagotti et al. 2022) (the physical size of the robot), mo-
bility (Kanda et al. 2008) (robot’s possessed mode of mo-
bility, i.e., legs, wheels, none), appearance (Rubagotti et al.
2022) (physical appearance of the robot, i.e., anthropomor-
phic, zoomorphic, mechanoid), shape (Rubagotti et al. 2022)
(whether the robot has curved or sharp surfaces), DoF (de-
grees of freedom the robot has), and skin (the color (Kanda
et al. 2008), robot’s body material and end-effector contact
material (Hoffmann and Kramer 2021), the part that comes
into contact with humans, such as rubber glove for robot
hand). It also includes level of autonomy (Gutman, Olatunji,
and Edan 2021) of the robot (adapted from 10 (Beer, Fisk,
and Rogers 2014) to 4 levels), which are No Autonomy
(human-operated), Low Autonomy (all robot parameters are
input by users), Some Autonomy (the robot plans its actions
but asks users for permission to execute), and High Auton-
omy (the robot plans and acts autonomously).

Robot Behavior This module contains parameters of the
robot that could be changed during physical interaction
and each can be mapped to a discretized level in their de-
fined range. Those parameters include contact conformity (a
proposed parameter representing how conformed the robot
hand is to human body part), force (Hoffmann and Kramer
2021) (force applied by the robot hand), speed (Hoffmann
and Kriamer 2021) (how fast the robot hand moves), body
part (King et al. 2010) (the interaction location on human’s
body), trajectory (Rubagotti et al. 2022; Chen et al. 2014;
Ngo and Steinfeld 2024) (timings of motions and the number
of end-effector waypoints), proximity (Hu et al. 2022) (how
close the robot is to human), and communication (binary
verbal and nonverbal communication such as gaze (Hirano
et al. 2018; Shiomi et al. 2020), facial expression (Pefia and
Tanaka 2020), nonverbal gestures (Ngo, Carter, and Stein-
feld 2024), and speech (Mazursky, DeVoe, and Sebo 2022)).

Human Background This module contains the informa-
tion about the human user who interacts with the robot,
mostly inspired by (Akalin, Kristoffersson, and Loutfi
2022). It include age, gender (categorized), ethnicity (cat-
egorized), and robot familiarity (level of familiarity with or
previous exposure to the robot). Finally, physical condition
of the human user is a proposed parameter.

Human Responses This module represents existence of
verbal and physical responses from humans when physically
interacting with robots. Those responses include speech (i.e.,
(Alonso-Martin et al. 2013)) (whether and what humans ver-
bally utter) and pitch (i.e., (Yutaka and Ken 2005)) (human’s
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verbal utterance pitch), facial expression (Hoffmann and
Kriamer 2021), gaze (Hoffmann and Krimer 2021; Hu et al.
2020; Rubagotti et al. 2022) (human’s gaze direction), and
proximity (Hu et al. 2022) (human’s distance from robot).

Context This module contains the task context (Chen et al.
2011; Mazursky, DeVoe, and Sebo 2022; Chen et al. 2014)
(whether the interaction has affective or instrumental nature)
and level of emergency (proposed parameter) of the situation
that the human is in (i.e., medical situations).

Behavior Adaptation Model

We assume that robot actions -defined as robot behaviors-
which could be verbal or non-verbal and communication or
non-communication related, can change the state of the hu-
man. However, to fully consider human preference of ac-
tions, their perception on how time consuming or interrup-
tive an action could be needs to be considered as well, when
applicable. We assume such preferences can be learned
through data collected from humans, either through ques-
tionnaires or experiments. Thus, in order to improve hu-
man’s perception of interaction, the adaptation module rec-
ommends a set of behaviors that can be performed within a
certain time and can maximize the total sum of benefits (rep-
resenting benefit-cost). This representation fits well with the
Knapsack problem formulation (Martello and Toth 1987).

Problem Formulation We assume that the robot can per-
form N behaviors in total, where each behavior, denoted
by ¢, has some cost ¢; and benefit b; associated with it
and takes time ¢; to be performed. There exists a maxi-
mum cost 7" as the total time budget for the entire behav-
iors to be performed (does not include human’s response
time during the sequence of robot’s behaviors). Additionally,
there may be Mutual Exclusivity M between pairs of be-
haviors which prevent simultaneous execution of those be-
haviors (i.e., Gaze At User and Gaze At Touch Location).
M = [m,; ] is an N x N symmetric, binary matrix with
zero diagonal, where

e — 1 if ¢ and j are mutually exclusive
“J 10 otherwise.

We model our behavior adaptation as a modified 0-1
Knapsack problem from (Fréville 2004), with the introduc-
tion of Mutual Exclusivity M (Eq. 1). The optimization de-
termines the behaviors to be performed by the robot (behav-
ior ¢ will be performed if x; = 1 and not if z; = 0) such that
the weighted sum of the benefits and costs associated with
the behaviors is maximum, while the total execution time of
all the selected behaviors stays below 1" (design choice).
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Figure 2: Perception Model for human state estimation based on human, robot, and context information.

Figure 3: Wiping arm and grooming hair tasks.
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In our implementation, the benefit b; of each behavior
is represented with the ratings of safety, comfort, and in-
tuitiveness of the behavior as perceived by the users. The
cost ¢; of each behavior is the ratings of the level of time-
consumption and interruptiveness of the behavior as per-
ceived by the users. The coefficients o and (§ are the di-
mensionless, relative scaling factors between the benefit and
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cost (0 < a, 8 < 1). In our implementation, we set &« = 1
and 8 = 0.5 because we cared more about the behavior
benefit than the cost. However, they can be customized in
other specific applications and purposes. We use a Benefit
& Cost Predictor which determines the benefits and costs
of all the behaviors based on human background, context
(task and level of emergency of the situation), and the cur-
rent human state determined from the Perception Model.
The pipeline is shown in Fig. 4. We used Dynamic Program-
ming to solve the 0-1 Knapsack problem for its fast compu-
tation and guarantee of optimal solutions. Additionally, we
consider 7' = 10 seconds in our specific implementation.

Data Collection and Model Evaluation
Perception Model

In a separate work, we have conducted a co-design exper-
iment with 20 participants to understand users’ perception
of robot-initiated touch interactions based on varied robot
parameters (speed, timing, smoothness of motion, number
of contact points, force applied by the robot at contact, and
contact material), and through two tasks- namely wiping
arm to represent a medical scenario of sterilizing the area,
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Figure 4: Behavior Adaptation pipeline, containing Behav-
ior Benefit & Cost Predictor and Knapsack Solver. Behavior
Benefit & Cost Predictor module provides the predicted ben-
efit and cost of the available behaviors, and Knapsack Solver
outputs the optimal behaviors to improve the interaction.

and grooming hair to represent a scenario of assistance with
daily activities (Fig. 3)- with two trials per task. Order of
tasks each participant would receive was randomized. The
arm wiping task involved the robot using its hand to si-
multaneously apply pressure and sweep across participant’s
forearm. The hair grooming task involved the robot using its
hand to stroke over participant’s hair near forehead. Partici-
pants include 14 male and 6 female with age range (23-58),
from different ethnicity, various levels of familiarity and ex-
perience working with robots (from having no exposure to
robots to being a robotics researcher with daily exposures
to running robots), and different levels of physical condi-
tions (from some limitations in performing physical activi-
ties to no limitations). Each participant started with a prac-
tice task of pressing wound with robot hand to get familiar
with the robot and different parameter choices. Then, for ex-
periment tasks of wiping arm and grooming hair, for each
task, in the first trial participants were asked to specify the
values for each of the modifiable parameters of the robot,
mentioned above, then the robot would execute the designed
touch interaction for the participant to experience and eval-
uate the interaction in terms of Perceived safety, Perceived
Comfort, and Perceived Trust, and report it through the sur-
vey and post-experiment interview. In the second trial, they
were asked to modify as many of the parameters from first
trial as they want in a way that they think will improve their
perception. Then, the robot would execute the modified be-
havior and similar to first trial, the participant would eval-
uate and report on how they perceived the modified touch
interaction. Thus, each trial of each participant was com-
pletely different from others, which highlights the variabil-
ity and diversity of the collected dataset. All the related sur-
vey questions were based on 11-point Likert scale, ranging
from O to 10. Noting that the main focus of the study was
to explore what parameters participants selected to change
and the resultant effect on their perception of interaction,
and considering the already long 90-minute experiment ses-
sion per participant for 4 trails, we believe two iterations for
each task was reasonable. Moreover, due to the nature of a
co-design study where participants could freely choose the

677

robot parameters, we suspect that further evaluation (e.g., in-
creased number of iteration per task to allow further rounds
of change) would make major difference in data compared
to the 2nd iteration, since people get more familiar with the
robot and the task.

The hardware we used was a Franka Research 3 arm
equipped with a QB SoftHand2. We used the data collected
through this study - which contains human background, hu-
man responses, robot behaviors, context and the associated
human state ratings- for training and evaluation of the Per-
ception model. Since a single platform was used to conduct
this user study, most of the Robot Attributes were fixed and
except for “End-Effector Contact Material” they were not
used for model training and evaluation. The study was ap-
proved by our institution’s Institutional Review Board.

We used the data collected for the above experiments to
train and evaluate a reduced version of the perception model-
based on the subset of the parameters we had access to:

Robot Behavior are robot parameters, with “Contact
Conformity” (discretized into 5 levels) representing con-
tact surface between robot hand and body part, “Force”,
“Speed”, “Delay”, and “Number of Waypoint” are dis-
cretized into 5 levels according to their associated allowable
range, “Body Part” is one-hot encoded for arm, head and
back, and “Verbal” and "Nonverbal” are binary of whether
the robot performs verbal and/or nonverbal behaviors.

Human Background were obtained from pre-experiment
survey, in which “Age” is discretized into levels from 1 to 5,
“Gender” and “Ethnicity” are one-hot encoded, ‘“Robotics
Background” is binary, “Interaction Duration” is the trial
number (1 and 2), and “Physical Condition” is an integer
from 1 (Have limited ability for physical activities) to 5
(Could do most physical activities effortlessly).

Human Responses were obtained from the interaction
videos, in which “Semantic” and “Pitch” are binary depend-
ing on whether participant talks and has pitch change, “Fa-
cial Expression” is binary depending on whether participant
shows any recognizable facial expression (happy, sad, etc),
“Gaze” is binary depending on whether the human looks at
the robot end effector, “Proximity” is integer from 1 to 3
representing the distance participant stands from the robot.

Context were obtained from the task description. “Task
Context” is one-hot encoded between “Instrumental” and
“Affective”, and “Level of Emergency” (discretized into 5
levels from 1 to 5) is chosen as*“1” (no emergency) for all
the participants due to experimenting in a laboratory setting.

Human State were obtained from post-interaction sur-
vey, in which for each of Perceived Safety, Perceived Com-
fort, and Perceived Trust, participants rated from O to 10.

We explored different methods for regression, and ended
up using Random Forest (Breiman 2001) to predict the con-
tinuous values of the human states on the evaluation set due
to its better performance compared to the other two. The
dataset contains 80 data points (20 participants, each under-
goes 2 tasks with 2 trials each). We performed the 80/20 ran-
dom split for collected data for training/evaluation purposes
such that data of each participant (containing the entire 4 tri-
als) were treated as one; thus we had whole data of 20% of
participants (i.e. 4 participants) randomly selected for eval-



Metric Perceived Safety Perceived Comfort Perceived Trust Group Behavior Description
MAE 0.842 0.779 0.933 Greetings The robot verbally greets users
MSE 1.177 0.820 1.086 Prescreen Robot asks user some background questions
Verbal Permission Robot asks user for permission before touching
. . erbal - - - -
Table 1: Perceptlon Model Evaluation Results Intention Robot describes the intention of the touch to
Description user before touching
uation, and the whole data of the other 16 participants for Notification Robot notifies user before ending the touch
.. . . . . Feedback Robot asks user for feedback on the touch
training. We did this to avoid any data leakage, where in- -
£ ti f th artici t micht in both Eye Gaze Robot looks at user or looks at touch location
orma 1011 rom the same participant mig appeat: m . 0 Facial Robot shows facial expression, either static or
the training and evaluation sets, to ensure generalizability. Nonverbal | Expression dynamic, during the touch

Moreover, for training, we used 5-fold cross validation to
mitigate the effects of our rather limited sample size, in or-
der to provide a more robust assessment of the model’s per-
formance and help prevent overfitting. The evaluation with
Mean Absolute Error and Mean Squared Error is shown in
Table 1. Noting that the safety, comfort, and trust ratings in-
dicated by participants in our collected data ranged from 4
to 10, 3 to 10, and 3 to 10, respectively, the prediction errors
are low, as shown in Table 1.

While we were able to evaluate a reduced version of the
proposed perception model through the collected data (with-
out most of Robot Attributes), the results of current evalua-
tion indicate that the perception model has the capability to
estimate human states with proposed parameters.

Communication Behavior Adaptation

For evaluating feasibility of the behavior adaptation module,
we conducted a user study to collect some data on users’
preference for robot’s nonverbal and verbal communication
behaviors while physically interacting with humans. The be-
haviors are described in Table 2. These communication be-
haviors are adapted from HRI literature on robot behaviors
(Ngo, Carter, and Steinfeld 2024; Han, Phillips, and Yanco
2021; Rawal and Stock-Homburg 2022; Kshirsagar et al.
2020) as well as desired behaviors extracted from the post-
experiment interviews of the user study in . Of the 20 par-
ticipants who took part in the study described in Perception
Model section, 16 (11 male, 5 female and age range (27-58))
participated in this data collection.

Considering the two touch tasks in IV.A, we asked the
participants to rate how they would perceive the interaction
if the robot showed any of the communication behaviors in
Table 2 and during different timings of interaction such as
”Before Touch”, "During Touch”, and ”Before First Con-
tact”. We considered “Eye gaze at user” and “Eye gaze at
touch location” as two separate behaviors. Thus, the actual
total number of behaviors in our dataset was 20. We col-
lected 1600 data in total, consisting of 16 participants, 20
behaviors, and 5 human perception of the behaviors (safety,
comfort, intuitiveness, time-consumption and interruptive-
ness). The questions targeted at adding specific behaviors
and asked whether each behavior in question would con-
tribute to the participant’s feeling of safety, comfort, and
intuitiveness in the interaction with the robot and how time-
consuming and interruptive they find that behavior to be. The
questionnaire was designed using the Godspeed Question-
naire (Bartneck et al. 2009) and the robotic social attributes
scale (Carpinella et al. 2017). All questions were based on
7-point Likert scale ranging from 1 (Strongly Disagree) to
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Robot shows its hands to user (before first con-
Hand Showing tact, before each contact, after touch, or before

changing direction)

Robot pauses shortly right before the contact to

Short Pause obtain unsaid permission (before first contact,
before each contact, or before finishing touch)
Robot taps lightly on user to signal intention

Light Tap (before first contact, before each contact, or be-

fore finishing touch)

Table 2: Robot behaviors and descriptions

7 (Strongly Agree). The study was approved by our institu-
tion’s Institutional Review Board.

Using the collected data, we trained a "Behavior Benefit
& Cost Prediction” model which predicts the benefits (av-
erage value of Perceived Safety, Comfort, and Intuitiveness)
and costs (average value of Time-consumption and Interrup-
tiveness) associated with each behavior, given the informa-
tion on human’s current state, human background, and con-
text (“task” and “level of emergency”). The output is a pair
of real numbers from 1 to 7. For the human’s state and back-
ground, and task context, we used the data collected in IV.A
associated with each participant and task, and the human
state values are associated estimated values provided by the
output of the Perception Model.

Similar to the Perception Model, the training set for
the "Behavior Benefit & Cost Prediction” model consisted
of 80% of data where data was split randomly and was
participant-specific: whole data of randomly selected 13 par-
ticipants were used for training and whole data of remaining
3 participants were used for evaluation. We used both deep-
learning (TabTransformer (Huang et al. 2020), TabNet (Arik
and Pfister 2021)) and tree-based methods (Random For-
est (Breiman 2001), XGBoost (Chen and Guestrin 2016))
for our model training and evaluation (fine-tuned with Ran-
dom Search (Bergstra and Bengio 2012)). For comparison
metrics, we used the average MAE and MSE values for all
robot behaviors on our evaluation set (data from 3 partic-
ipants). Specifically, we calculated the MAE and MSE of
each behavior (with associated interaction timing if avail-
able). Then, we took the average MAE and MSE values on
all 20 behaviors for 3 evaluation participants. Thus, the final
MAE and MSE values for behavior benefit and cost predic-
tion were represented per behavior per participant. Among
the methods, XGBoost performed the best overall, with ben-
efit prediction MAE of 0.743 and MSE of 0.959, and cost
prediction MAE of 0.945 and MSE of 1.468.

Finally, using the predicted benefits and costs of behav-
iors, along with time budget (7' = 10) and Mutual Exclusiv-



Rank Perceived Safety Perceived Comfort Perceived Trust
Feature Value | Feature Value | Feature Value
1 Proximity 0.0913 | Age 0.1801 | Interaction | 0.0842
Duration
2 Body Part 0.0826 | Physical 0.1299 | Contact 0.0831
Condition Conformity
3 Contact 0.0762 | Body Part 0.0906 | Facial 0.0694
Conformity Expression
4 Interaction | 0.0238 | Proximity 0.0706 | Proximity 0.0574
Duration
5 Age 0.0235 | Interaction 0.0477 | Age 0.0519
Duration

Table 3: Human State Contributors (Mean Absolute SHAP)

ity M, through the modified Knapsack Solver (described in
Communication Behavior Adaptation section) the behavior
adaptation module outputs the optimal robot communica-
tion behaviors to improve human perception. For example,
the model output of one of our participants (White Male, has
robotics background and rated “5” on physical condition,
age from 45 to 60) was “Greetings”, ‘“Permission”, “Inten-
tion Description”, “Gaze at touch location”, “Dynamic Fa-
cial Expression”, “Hand showing first contact”, and “Light
Tap first contact”. Their outputs consist of 3 out of 6 verbal
behaviors and 4 out of 14 nonverbal behaviors, which indi-
cate their preference towards verbal behaviors and consistent
with our previous analysis.

Design Insights for pHRI

We performed SHAP Feature Importance analysis (Lund-
berg 2017) to quantitatively determine which features con-
tribute the most to the human state estimation, based on fea-
ture’s mean SHAP values on all data points averaging across
Perceived Safety, Perceived Comfort, and Perceived Trust.
The top 5 most important features are shown in Table 3.
Results show that “Proximity”, “Robotics Background”,
and “Age” are among the most important features determin-
ing human state. This indicates that people with different
robotics background and age could have different percep-
tions of robots, and their proximity to the robot is a good in-
dicator of their state during interaction. In addition to those
parameters, “Body Part” (touch location) and “Contact Con-
formity” (how much the robot hand conforms to the hu-
man body part) also have high influence on human percep-
tion. Such insights of “Proximity” and “Body Part” are con-
sistent with previous works (Zheng et al. 2019; Rubagotti
et al. 2022), validating feasibility of our proposed percep-
tion model. In addition to the mean absolute SHAP values,
some directional contributions of the features to the out-
put can also be concluded from mean signed SHAP values
(i.e., a positive mean SHAP value means increasing that fea-
ture also increases the output, and vice versa). For example,
higher “Proximity” resulted in higher perceived safety, indi-
cating that participants standing further from the robot felt
safer during interaction. Participants having higher “Phys-
ical Condition” felt more comfortable interacting with the
robot. Higher SHAP values for “Contact Conformity” and
“Physical Condition” also verify our hypothesis that these
proposed parameters to the perception model by us (non-
literature based) are valid to be considered in the perception
model. Higher “Interaction Duration” increases trust, as par-
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ticipants trust the robot more if they spend more time with
it, which is consistent with literature where human percep-
tion such as trust is a function over interaction time (Lewis,
Sycara, and Walker 2018). Moreover, having visible facial
expressions and lower contact conformity (fingers wrap less
around contact area) indicate a lower level of trust. More-
over, with “Age”, older participants had higher perceived
safety and comfort level, but lower trust, which make sense
as people of different ages form their perceptions towards
robots differently (Morillo-Mendez et al. 2022). Finally, fa-
cial expression is a good indicator of human perception to-
wards robot, as participants might show some recognizable
facial action when touched by robots, such as eyebrow rais-
ing (Hoffmann and Kriamer 2021). All the above insights
suggest that researchers should consider task related param-
eters (i.e., “Contact Conformity”, “Body Part”, “Proximity”,
etc) to inform the design of robotic touch behaviors. Factors
such as “Level of Emergency” or “Task Context” did not
show up in the top of important features, due to all partic-
ipants being under the same condition and situation. How-
ever, the importance of those factors are supported by litera-
ture (Rossi et al. 2017; Chen et al. 2011), thus their inclusion
in our perception model is still valid.

In addition to SHAP analysis, we performed ablation
study to see if excluding any feature could worsen the safety,
comfort, or trust prediction results. The result is shown in
Table 4. We observed that including human background (i.e.,
“Age”, “Physical Condition”) improves the prediction re-
sults of safety and comfort. Moreover, robot behavior (i.e.,
“Speed”, “Delay”, “Number of Waypoint™) is needed in pre-
dicting safety, and “Body Part” is valuable in both safety
and comfort prediction. Finally, neglecting human responses
(i.e., “Speech”, “Pitch”, “Facial Expression”, and “Gaze”)
worsen the results of safety prediction. Thus, part of robot
attributes (e.g., “End-Effector Contact Material’’), robot be-
havior, human background, and human responses are impor-
tant for more accurate human state prediction.

Finally, we performed two t-tests to compare benefit and
cost in verbal behaviors and nonverbal behaviors. Nonver-
bal behaviors (M 3.952,SD 0.596) have higher
cost than verbal behaviors (M = 3.224,5SD = 1.031);
t(15) = —2.368,p = .025. Such result suggests that ver-
bal behaviors are a more preferred and efficient way of com-
munication, which is consistent with literature (Ngo, Carter,
and Steinfeld 2024; Han, Phillips, and Yanco 2021).

Discussion
Perception Model

Although previous works have investigated how human state
is influenced by human background, robot parameters, and
interaction context (Akalin, Kristoffersson, and Loutfi 2022;
Hoffmann and Kriamer 2021; Hu et al. 2022; Kanda et al.
2008), there hasn’t been an effort on building a consol-
idated multi-modal perception model for the purpose of
determining human states, especially during robot-initiated
touch scenarios. We presented the consolidated knowledge
from the literature through a multi-modal model that can be
applied to most robot-initiated touch scenarios. While full



Model Variant Safety MAE Safety MSE Comfort MAE Comfort MSE Trust MAE Trust MSE
All Features 0.8420 1.1772 0.7792 0.8200 0.9333 1.0863
Skip “Age” 0.8473 1.1854 0.8317 0.9226 0.8947 1.0259
Skip “Gender” 0.8461 1.1768 0.7756 0.8603 0.8999 1.0698
Skip “Ethnicity” 0.7924 1.0855 0.7499 0.7278 0.9020 0.9894
Skip “Robotics Background” 0.8329 1.1663 0.8043 0.8691 0.8827 1.0536
Skip “Interaction Duration” 0.8351 1.1816 0.7269 0.7309 0.7440 0.7912
Skip “Physical Condition” 0.8493 1.2027 0.8335 0.9054 0.8313 09119
Skip “End-Effector Contact Material” 0.8454 1.1814 0.7309 0.7170 0.8204 0.8810
Skip “Contact Conformity” 0.8844 1.2286 0.7585 0.7585 0.8441 0.9289
Skip “Force” 0.8274 1.1425 0.7377 0.7052 0.8641 0.9346
Skip “Speed” 0.8529 1.1872 0.7787 0.7723 0.8390 09116
Skip “Body Part” 0.9072 1.2464 0.7844 0.8265 0.8902 0.9993
Skip “Delay” 0.8514 1.1797 0.7780 0.8281 0.8857 0.9898
Skip “Number of Waypoint” 0.8636 1.2092 0.7326 0.7302 0.8433 0.8914
Skip “Verbal” 0.8584 1.2089 0.7836 0.8528 0.8685 0.9519
Skip “Nonverbal” 0.8584 1.2089 0.7836 0.8528 0.8685 0.9519
Skip “Speech” 0.8669 1.2047 0.7876 0.8595 0.8810 1.0093
Skip “Pitch” 0.8783 1.2563 0.7434 0.7539 0.8611 0.9422
Skip “Facial Expression” 0.8680 1.2448 0.7258 0.7292 0.8631 0.9422
Skip “Gaze” 0.8856 1.2718 0.7519 0.7526 0.8880 1.0205
Skip “Proximity” 0.7570 0.9782 0.7326 0.7302 0.8671 0.9446
Skip “Task Context” 0.8562 1.1952 0.7744 0.7864 0.9022 1.0096
Skip “Level of Emergency” 0.8697 1.2138 0.7316 0.7145 0.8737 1.0026

Table 4: Ablation Study Results for Perception Model

evaluation of the proposed model under various scenarios
and parameters is a research work of its own- which we
plan to do in the future- nevertheless we were able to show
the feasibility of such a model by evaluating a reduced size
model through user study data. The low estimation errors of
the perception model along with feature importance analysis
reinforced the potential of our proposed model on providing
human state estimates. Future researchers can use this model
to adapt to their specific applications, as well as design a
more comprehensive data collection for their experiments.

In our evaluation, we did not consider Robot Attributes,
except for “End-Effector Contact Material”, due to having
access to a single robot platform. Thus, we couldn’t quan-
titatively validate most of the robot attributes portion of the
perception model. Nevertheless, literature supports robot at-
tributes effect on human perception (Gutman, Olatunji, and
Edan 2021; Rubagotti et al. 2022; Kanda et al. 2008). We
ground our hypothesis on existing literature that robot at-
tributes are contributing factors in human state, and call for
future work of evaluation across robot platforms to further
evaluate the proposed model with varying robot attributes.

Moreover, due to the nature of a co-design study and time
limitations for experiments to minimize participant fatigue,
the perception model dataset contain 2 trials per task per par-
ticipant. While we believed that such number of evaluations
per participant was informative enough for the current pur-
pose of the study, future work could consider expanding the
experimental design to collect a broader range of robot mo-
tion patterns to provide an even more accurate assessment on
how different robot behaviors affect human perception. In an
extended effort, longitudinal data could also be collected to
assess the long-term effectiveness of such proposed param-
eters in the Perception Model.

Finally, although exclusion of physiological measure-
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ments in Perception Model section expands the usable sce-
narios of this model due to lack of dependency on such sen-
sors, physiological data may further enhance the effective-
ness of the Perception Model. Such evaluations need to be
studied in the future by using data from wearable sensors.

Behavior Adaptation

Despite the inclusion of adaptation for robot parameters in
the system overview section, we only implemented the com-
munication behavior adaptation side in this paper. However,
a similar procedure to that of communication adaptation can
be followed for the robot parameter adaptation, in which
participant’s preference on changes of the robot parameters
with respect to a nominal value can be captured through data
collection to train a benefit & cost prediction model. The
Knapsack problem formulation and behavior benefits and
costs prediction can still be applied.

Finally, human’s perception of interaction after the rec-
ommended behaviors are implemented requires further user
studies to evaluate whether they actually improved the user’s
perception or not. This will be studied in our future work.

Conclusion

We introduced a multi-modal perception model for human
state estimation in physical human-robot interaction that can
be applied and adapted to many different contexts, includ-
ing the less explored robot-initiated touch. We proposed
a framework for verbal and nonverbal behavior adaptation
for recommending behaviors to improve human perception
during interaction while considering costs and constraints.
While extensive evaluation of the models should be per-
formed in future studies, the introduced models and the in-
sights gained through the feature analysis, should guide the
design of physical human-robot interaction systems.
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