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Abstract— Radial pulse measurement is an important physi-
ological assessment method in healthcare and wellness monitor-
ing. While most existing pulse measuring devices are dedicated
instruments requiring precise placement, this work explores a
human-like approach using a general-purpose humanoid robot.
In this work, we present a proof-of-concept study on radial
pulse measurement using the AIREC humanoid robot equipped
with a 3-axis 8x6 matrix uSkin tactile sensor embedded in its
palm. A dual-arm motion strategy allows one hand to support
the subject’s wrist while the other applies gentle pressure
for stable human-robot contact. Contact stability is evaluated
by both normal and shear measurements. Then, the tactile
signals from the array are scanned to identify the optimal
sensing location, and bandpass filtering is applied to extract
the pulse waveform. Preliminary results show accurate pulse
rate estimation compared with a commercial pulse oximeter,
demonstrating the feasibility of a human-like bio-information
measurement in humanoid robots.

Keywords—human-robot interaction, tactile sensing, hu-
manoid robot, dual-arm manipulation, radial pulse detection.

I. INTRODUCTION

Rapid population ageing is reshaping care needs world-
wide and acutely in Japan, where people aged older than 65
already comprise up to 29% of the population, intensifying
demand for assistance in homes and care facilities [1].
General-purpose humanoid robots are a promising way to
support diverse daily tasks in such settings, complementing
limited human caregivers [2]. User acceptance is critical:
robots that look and behave more like humans tend to
elicit greater trust, social engagement, and compliance. Prior
human-robot interaction (HRI) work shows that human-like
form factors and socially engaging behaviors increase users’
willingness to interact and be influenced, suggesting human-
like interaction styles can smooth adoption in everyday
contexts [3][4].

Among the many modalities of human-like interactions,
physical touch remains relatively less explored in HRI than
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Fig. 1. The humanoid robot AIREC measures the radial pulse at
the human wrist via a tactile sensor embedded in its palm. During
measurement, one hand supports the human wrist, while the other
gently applies pressure to stabilize it.

speech or vision. Physical touch interaction is often involved
in human-assistance tasks [5][6][7]. Touch is distinctive as
it has the ability to combine function with social meaning.
Touch interaction is especially crucial for humanoid robots
designed for caregiving, where touch can convey trust and
emotional connection. Radial pulse assessment is a routine
healthcare task, where caregivers can collect physiological
data through gentle wrist palpation while offering reassur-
ance. Pulse measurement is foundational in healthcare and
wellness monitoring, with applications ranging from clinical
triage to consumer wearables and remote patient monitoring.
Reviews of non-invasive radial pulse sensing and large cohort
studies highlight robust pulse-based monitoring in daily
life [8][9][10].

However, introducing dedicated medical devices to home
interactions can “medicalize” the encounter and reduce nat-
uralness. In contrast, human clinicians often assess the radial
pulse through gentle palpation with the fingers while support-
ing the wrist: an everyday, low-intrusion practice that people
intuitively understand and thereby trust [11][12]. Beyond its
functional role, touch itself carries social meaning: affec-
tionate or caring touch regulates stress, supports attachment,
and conveys emotion. Analogous touch-based cues have been
explored in HRI as a channel for affect. Enabling robots
to take a pulse via gentle touch could therefore preserve
intimacy and acceptance while gathering biosignals [13][14]

Building on the importance of socially meaningful touch
in caregiving, we utilized a dual-arm robot, AIREC [15], as
our research platform. The robot is capable of gentle physical
interaction, making it well-suited for exploring tactile sensing
in physiological assessments. This paper proposes a human-
like pulse-taking workflow on AIREC (shown in Figure 1)



addressing the following challenges:

« Integration of tactile sensing: Seamless interation of 3-
axis 8x6 uSkin tactile array in the robot’s palm, enabling
pulse measurement with rough wrist placement, while
contact stability is ensured by jointly evaluating normal
and shear forces to detect slip.

Human-aware motion planning: An impedance-
controlled dual-arm motion planning framework

is developed, leveraging skeleton recognition to
support and stabilize the human wrist during pulse
measurement.

Tactile signal processing: Implementing contact and slip
evaluation, band-pass filtering, noise suppression, and
array scanning for pulse-rate estimation.
These objectives form a proof-of-concept that aligns with
everyday human practice while moving toward natural, ac-
ceptable robot-mediated pulse sensing in home settings.
The remainder of this paper is organized as follows.
Section II presents a review of related work. The proposed
method is then introduced in Section III. Section IV describes
the experiments and their results. Finally, future work is
provided in Section V.

II. RELATED WORK
A. Robotic Palpation and Tactile Sensing

Robotic systems for pulse acquisition have been developed
to automate palpation while ensuring consistent pressure
and positioning. Notable examples include pulse-sensing
robotic hands designed for tactile pulse palpation [16], multi-
fingered robotic platforms for TCM pulse diagnosis [17],
and robotic palpation systems capable of acquiring pulse
waveforms for diagnostic purposes [18]. Reviews of tactile
sensor systems for robotic palpation highlight the diversity of
sensing technologies—from resistive and capacitive arrays to
optical and magnetic methods—each with trade-offs in spa-
tial resolution, sensitivity, and mechanical compliance [19].
Moreover, the above-mentioned method relied solely on a
single-axis tactile sensor, thereby not accounting for the
valuable information contained in shear forces regarding slip
conditions.

Apart from healthcare, research has examined approaches
that integrate tactile sensing into broader interactive con-
texts [20], such as social touch in assistive robots [21].
These works demonstrate that tactile interaction can serve
not only as a diagnostic channel but also as a medium for
building trust and emotional rapport, supporting the case for
embedding pulse measurement within human-like behaviors
of humanoid robots.

B. Touch-based Radial Pulse Sensing

Pulse measurement using tactile sensing is capable of
capturing physiological signals without relying on dedicated
medical devices [22]. Robotic systems have been devel-
oped to replicate the palpation techniques [23], including
those inspired by Traditional Chinese Medicine (TCM) prac-
tices [24], [25]. Instrumentation developments include array-
based pulse acquisition systems [26], [27] and prototypes
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Fig. 2. Full-body view of the dual-arm humanoid robot AIREC and
a close-up of the head showing the RGB-D camera.

capable of capturing both 3D pulse contour images and
1D pulse waveforms [28]. These advances are particularly
valuable for accommodating variations in wrist placement
and contact force.

Wearable sensors, such as wristbands, chest straps, and
smartwatches, allow for continuous and mobile health moni-
toring [29], but prolonged skin contact can cause discomfort
and their sensing is typically limited to a fixed body location.
Non-contact optical methods, such as camera-based remote
PPG (rPPG), detect subtle skin color changes caused by
blood perfusion to estimate pulse rate [30], yet they are sensi-
tive to lighting conditions, skin pigmentation, and movement,
which can limit their robustness. In contrast, touch-based
robotic systems can combine functional pulse measurement
with human-like, reassuring interactions [3], [4].

There is a need for a robotic palpation method based on
tactile sensing that operates in a human-like manner and does
not require precise alignment between the human wrist and
the sensor.

III. METHODS

As previously mentioned, the AIREC robot shown in Fig-
ure 2 was used as our research platform. The robot consists of
dual arms with hands, a torso, and an omnidirectional mobile
base. All joints in the arms and torso are equipped with
torque sensors, allowing position, velocity, and impedance
control. The robot’s head includes a RealSense SR300 RGB-
D camera, which provides color and depth information. To
enable a humanoid robot to perform human-like, natural
pulse palpation, an array of tactile sensors is employed. The
sensors are arranged in a matrix configuration, providing a
sufficiently large sensing area so that precise positioning
of the contact point is not strictly required. In typical
clinical practice, pulse palpation is conducted for at least
four seconds to ensure an accurate reading. To maintain
stable measurements during this period, a dual-arm robotic
configuration is adopted: one arm supports the subject’s
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Fig. 3. AIREC robot showing tactile sensor location with exploded
view of sensor assembly.

wrist, serving as the primary measurement platform, while
the other arm gently applies pressure to the wrist to minimize
unintentional movement, as seen in Figure 1.

A. Integration of uSkin sensor

In this work, a 3-axis tactile sensor is required: the
normal force is used for pulse rate measurement, while the
shear information together with the normal force is used to
evaluate contact stability. Several soft tactile sensors capable
of measuring 3-axis forces have been reported [31], [32]. For
installation on a robotic hand, uSkin [33] was selected due
to its ease of integration. The AIREC robot was originally
equipped with elastomer coverings on its palms, so we embed
uSkin sensor into the elastomer. This sensor comprises two
uSPa46 modules arranged side-by-side, yielding a total of
48 taxels in an 8x6 matrix configuration. A custom outer
cover was designed to eliminate any air cavity between the
taxels and the sensing surface, mimicking the compliance of
human soft tissue. The cover was fabricated via injection
molding with a Shore hardness of 00-50. Its geometry
follows the original AIREC Hand profile, maintaining the
overall thickness, and incorporates a mounting base plate at
the bottom to enable direct replacement of the original palm
part (see Figure 3). Data acquisition is performed by two
microcontrollers, each sampling the 24 taxels in three axes
via I2C at 83 Hz per taxel. The microcontrollers are daisy-
chained via a CAN bus, which is also used to transmit sensor
data to the robot through a CAN-USB converter.

B. Algorithm Overview

The overall process can be described by a high-level
control algorithm as seen in Figure 4. The flowchart outlines
the stages that guide the robot through skeleton detection,
subject interaction, and radial pulse data acquisition.

The algorithm begins with the robot transitioning from an
initial home position to a predefined standby position. This
standby position is an intermediate pose which provides a
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Fig. 4. Flowchart illustrating control flow of the proposed algorithm
for radial pulse data acquisition.

consistent starting configuration regardless of subject vari-
ability. It also moves the robot head, and in effect, adjusts
the camera angle to properly detect the human subject in
the later stages. Once in standby, the algorithm initiates
the MediaPipe [34] node, which uses Google’s open-source
framework for perception and image-processing, to detect
the skeleton of the subject. If no skeleton is detected, the
algorithm enters a loop, where it continuously searches until
detection. If a skeleton is detected, then the algorithm moves
the end-effector (denoted as ee) to a predefined goal with
reference to the skeleton.

After the end-effector reaches the goal position, it transi-
tions to an idle state. During the idle position, the robot waits
for a manual confirmation by the operator that the subject
is ready. The subject is required to rest their wrist on the
robot’s palm and remain as still as possible to be considered
ready. To further ensure readiness, the algorithm monitors the
wrist stability using the shear force information. If the subject
is not ready, then the algorithm loops in the idle state and
waits. Once the operator sends the confirmation signal, the
robot begins the data acquisition process through the tactile
sensor. This phase lasts approximately 15 seconds, after
which the collected data undergoes a postprocessing step.
The postprocessing may also be done offline as the data is



RealSense
SR 300

1 uve video _stream

librealsense2

embedded camera_info

color/image_raw [calibrated]

=

MediaPipe Node

[ S
points 2D

aw

Pose Estimation Node

joint_angles

Motion Planner
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also stored as comma-separated value files. Upon completion
of the postprocessing stage, the algorithm terminates.

1) End effector position Estimation: To enable safe in-
teraction with the subject, a vision system was utilized
to guide the movement of the end-effector to a goal po-
sition relative to the detected subject’s joint location. A
RealSense SR300 RGB-D camera that captures both color
and depth information was used. The overall processing
pipeline is illustrated in Figure 5. The system subscribes
to the /color/image_raw ROS topic published by the
camera to receive the RGB image stream. These images are
then processed through the MediaPipe node, which performs
human pose estimation by detecting a set of predefined
skeletal keypoints. For the purpose of this work, we focus
specifically on the shoulder joint, since it provides essential
relative position information between the robot and the
human subject.

The MediaPipe node then passes the obtained 2D points
to the Pose Estimation node (see Figure 6), which is also
subscribed to the /aligned_depth_to_color_raw ROS
topic published by the camera. This topic publishes a matrix
consisting of per-pixel depth data aligned with the RGB
image. Therefore, the corresponding depth value of the 2D
points can be retrieved and a complete 3D point in the camera
frame can be acquired, as seen in Figure 7.

The end-effector goal is therefore described relative from
the detected shoulder point as:

[ Eramera _ pcamera + [ Toff, Yofts Zoff]

(D

Where xof, Yoft, 2ot are predefined offset values that are
chosen based on the desired spatial relation between the end-
effector and the subject’s shoulder. Specifically, x.¢ iS zero
in most cases, yof is defined as half the shoulder length, and
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Zotr 1S defined as half the distance between the robot and the
subject.

Since the robot’s control is conducted with reference to
the base frame, the end-effector goal position is transformed
using a static transform between the camera and the base
Tbase as:

camera

E Ebase _ Tbase

camera

. | preamera )

Finally, the end-effector goal is passed to a prebuilt inverse
kinematics (IK) service, which converts the 3D Cartesian
coordinates into the corresponding joint angles. These joint
angles are then published to the robot’s motion planner that
plans and executes the trajectory needed to move the end-

effector to the desired goal.
camera
frame

Fig. 7. Illustration depicting the relationship between the end-
effector’s goal (star) and the camera frame.



subject rests
their wrist on
the robot’s palm

robot gently applies
pressure to stabilize

the arm
=

raw data

Right_arm Joint Position

Left_arm Joint Position

Position [rad]
Position [rad]

1A

5 10 15 3 30 40 o

20
Time [s]
—— right_arm/joint_1 —— right_arm/joint_3 right_arm/joint_5

right_armfjoint_2  —— right_armjjoint 4  —— right_arm/joint_6

right_armjoint_7

— leftarm/joint 1 —— left arm/joint 3 —— left arm/jeint 5
left_arm/joint 2 —— left_arm/joint 4 —— left_armfjoint_6

10 20 30
Time [s]

left_armyjoint_7
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images showing robot’s motion and interaction with the subject, (bottom) corresponding joint angles of the robot’s arms over time.

2) Pulse Measuring: To ensure reliable pulse acquisition,
the onset of measurement was gated by a set of stability crite-
ria derived from the tactile sensor array outputs. Specifically,
the normal force measurement total was defined as

N
F, = Zfz,i7
=1

and the shear force total as

3

vi T Lo “

Sshear =
where f. i, fz.i, [y,i denote the three-axis readings of the i-th
taxel, and N = 48 in the present setup.

Contact was assumed when the median normal force Fz
exceeded either (i) a baseline-referenced threshold

Fz > Fz,base + k(r IQR(Fz,base)a (5)
with k, = 1.2, or (ii) a small absolute floor value F, >
F, min with F, nin = 0.25. The constant values were

selected based on prior experiments, and IQR denotes the
interquartile range of baseline fluctuations.
To monitor slip, the shear ratio was computed as

S, shear

Rshear = I +€a

(6)
with ¢ = 107 for numerical stability. A valid contact state
required Rgpeay to remain below an adaptive limit

1
1+ F,)’

where 71,5 1S set to be 1.8 based on successful measuring
experience. Finally, to avoid false triggers from transient
fluctuations, an additional dwell time of T3wen ~ 0.35s was
required, such that all above conditions (contact, shear) had
to be satisfied continuously for at least Tywer. Once these

Ryax = Thase + 0.4 - @)
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criteria were met, the system automatically issued an OK-to-
measure signal and proceeded to channel selection and pulse
waveform extraction.

The tactile data produced 48 distinct channels correspond-
ing to the z-, y-, and z-axis force components. For the
purposes of pulse rate detection, only the z-axis channels
were used, which represent the normal force. Each channel
was processed with a two-stage Butterworth bandpass filter,
first by a high-pass followed by low-pass. This is done
in order to isolate the frequencies within the physiological
range of radial pulses. The normal cutoff frequency w,. was
computed as:

_fe
~0.5f,

where f. is the cutoff frequency in hertz, and fs is the
sampling frequency, also in hertz. The selected range was
determined from the relationship between the radial pulse in
beats per minute (BPM) and frequency as:

®)

We

BPM

f =60

This relation implies that 0.5 Hz corresponds to 30 BPM
and 5.0 Hz corresponds to 300 BPM, which was the selected
range. After filtering, each taxel signal was assigned a
score that summarizes how reliable the signal is for pulse
measurement. This quality score was computed as

©)

score = (10)

p
CV+e

where p is the mean peak prominence, CV is the coef-
ficient of variation of the peak intervals, and € is a small
constant to prevent division by zero. This metric favors
signals that have well-defined peaks and are consistent in
time. The signal with the highest score is selected, and the
radial pulse in beats per minute is then computed as:



60

BPM = — 11
~ Y

where At is the mean time between successive peaks.

IV. EXPERIMENTS AND RESULTS

During the experiments, the AIREC robot first uses its
Realsense SR300 camera to detect the subject’s skeleton with
a few key points to estimate the position where it should
reach out the hand. The subject then can place their wrist
roughly on the robot’s palm, thanks to the 6 x 8 arranged
tactile sensor array, the radial artery on the wrist can be easily
covered, even without precise guidance of a doctor. Then,
the robot plans the motion of the left arm to press on the
subject’s wrist gently using an impedance controller, in this
way to achieve safe interaction while also be able to keep the
human wrist in place to eliminate unintentional movements
that might cause pulse measuring artifacts. As seen in
Figure 8. The motion planing performance was evaluated by
comparing the actual joint positions to the desired. Across
all joints of the right arm, the maximum deviation from the
planned trajectory was 0.00065 £ 0.00064 rad, while the
average deviation was 0.000034 + 0.000019 rad. As for the
left arm, the maximum deviation was 0.013674 0.00964 rad,
and the average deviation was 0.00707 & 0.00557 rad. The
increased variability in the left arm was considered to arise
from the use of the impedance controller in conjunction with
physical interaction with the subject’s arm. The stabilizing
pressure applied to the wrist may have perturbed the joints,
thereby contributing to the observed variability.

Fig. 9. Heatmaps showing sensor readings according to different
wrist positions: (a) along the palm, (b) across the palm, and (c)
diagonally.

Figure 9 shows the heatmaps of three wrist positions, this
indicates a correct sensing in z-axis, as well as an acceptable
spacial resolution of the tactile sensor. Figure 10 shows an
example of filtered z - axis signals across all 48 taxels, and
the selected signal according the the scoring criteria. By
counting the periodic peaks within a certain period, we can
measure a radial pulse rate.

Selected Filtered Signal: z16

0.0075

0.0050

0.0025

0.0000

-0.0025

-0.0050

2 4 6 8

Time (s)

10 12 14

Fig. 10. Filtered z-axis data collected from 48 taxels and corre-
sponding best signal according to the scoring criteria.

298

Scatter Plot: Reference vs Our Method Error Distribution Histogram

--- Mean = -0.18 bpm

[E—v—

N @ 9 @ @
s 8 8 £ 3

-
>

Measured BPM (Our Method)

i
2

<
]

~
3

70 72 74 76 78 80 82 84 86 %%

Reference BPM (Oximeter)

5 -4 -3-2-10 1 2 3 4 5 6
Error (Our Method - Oximeter) [bpm]

(®)

(a)
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with an oximeter and (b) error distribution of the proposed method.

Fifty trials of pulse measurement were conducted using
our dual-arm robotic tactile-sensor measuring method, with
a commercial oximeter serving as the reference. Figure
11.a shows that the measurements from our method aligned
closely with the oximeter values. Data points clustered
around the diagonal, indicating strong agreement without
obvious systematic over- or underestimation. However, some
deviations are present and are mostly attributed to the differ-
ence in sensing modality as well as contact conditions while
measuring. In Figure 11.b, the error distribution analysis
showed that the majority of trials had small deviations
from the oximeter reference, with errors centered around
zero and a mean bias of approximately +0.4 BPM. Most
measurements fell within =3 BPM, and the distribution
was fairly symmetric. The standard deviation of 2.3 BPM
further confirms that variability remained within acceptable
limits, demonstrating both feasibility and consistency of the

proposed approach.

V. CONCLUSIONS AND FUTURE WORK

In this work, we propose a novel approach for integrating
the uSkin tactile sensor array into the palm of the humanoid
robot AIREC for radial pulse measurement. The incorpo-
ration of an 8x6 sensor matrix reduces the requirement
for precise positioning of the radial artery, owing to its
large coverage area and high resolution. To achieve human-
like interaction and to mitigate fear associated with medical
procedures, the robot is designed to use one arm to support
the subject’s wrist while the other arm gently presses on it to
obtain more accurate measurements. The right arm employs
a trajectory controller to provide stable wrist support, while
the left arm applies an impedance controller to suppress mo-
tion artifacts from unintentional human movements, thereby
ensuring both signal quality and safety. After contact stability
is confirmed based on combined normal and shear force
measurements, the processing algorithm filters and analyzes
the signals from all 48 sensor channels to identify the
most reliable waveform, from which the radial pulse rate
is calculated.

Looking ahead, for enhanced human-robot interaction, a
dialogue system will be introduced to explicitly guide the
subject’s actions, complemented by camera-based perception
for improved mutual understanding and for substituting wrist



placement when necessary. Furthermore, beyond pulse rate
estimation, the system aims to acquire clear pulse waveforms,
which can provide richer information about cardiovascular
health. Future work will also consider dynamic human
movements during robot motion planning to ensure safer and
more adaptive interaction. By exhibiting human-like palpa-
tion behaviors, the robot conveys care, trust, and reassurance
through touch, thereby enriching the interaction beyond its
functional role. In addition, the obtained pulse signals may be
exploited in entertainment and interactive applications, such
as adapting music, games, or storytelling to the participant’s
heartbeat. Finally, future work also includes evaluation of the
proposed method in a social robotics context, examining how
human-like tactile interactions influence user trust, comfort,
and acceptance in both caregiving and everyday scenarios.
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