ActiveVital: Geometry-Aware Embodied Vital Signs Monitoring for
Home Healthcare Robots
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Fig. 1: Geometry-Aware Embodied mmWave Vital Signs Sensing (ActiveVital). (a) Static Sensing relies on user alignment
to maintain favorable observation geometry. (b) Proximity Embodied Sensing improves signal strength by reducing distance
but does not regulate anatomical alignment. (c) Geometry-Aware Embodied Sensing actively controls sensor pose to achieve
chest-centric geometric alignment and stable measurement. (d) Vision-based chest localization and geometric reference
estimation. (e) Closed-loop radar alignment and mmWave-based respiration and heartbeat extraction. (f) Quantitative error
comparison across sensing paradigms, demonstrating the benefit of active geometry regulation.

Abstract— Home robots require reliable vital signs monitor-
ing to support long-term companionship and safety in daily
environments, yet obtaining respiration and heart rate without
physical contact remains challenging in unconstrained home
settings. Millimeter-wave (mmWave) radar offers a promis-
ing solution due to its phase sensitivity to sub-millimeter
motions. However, mmWave measurements are fundamentally
constrained by observation geometry, since only the radial com-
ponent of motion is observable. Consequently, arbitrary robot—
human orientations often introduce angular misalignment that
destabilizes vital signs estimation. To address this limitation, we
reformulate vital signs monitoring from passive signal recovery
to active geometric regulation. We propose ActiveVital, a vision-
guided sensing framework that treats sensing geometry as
an explicit control variable for robots. It localizes the chest
anchor via visual keypoints and converts alignment errors
into control commands. This steers the robot-mounted radar
toward near-normal incidence to the thoracic surface, maxi-
mizing radial observability within a perception-action loop. A
differential phase enhancement module further stabilizes signal
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extraction under motion. Experiments show that ActiveVital
reduces respiration interval error from 0.87 s to 0.14 s and heart
rate error from 13.59bpm to 2.22bpm, achieving accuracy
comparable to controlled static sensing while remaining ro-
bust under unconstrained robot-human configurations. Project
page: https://yuxuanhu9.github.io/ActiveVital/

I. INTRODUCTION

Home robots are increasingly deployed for long-term in-
home service and companionship. Beyond task execution,
these robots are expected to support user well-being through
health monitoring during daily interaction. Reliable respi-
ration and heart rate monitoring is therefore critical for
ensuring user safety and enabling health-aware interaction.
However, obtaining these vital signs without physical contact
remains challenging in unconstrained home environments.
Millimeter-wave (mmWave) radar has been proven to be
a promising solution, as it captures thoracic micro-motion
contactlessly through phase variations [1], [2]. Beyond vital
signs, wireless sensing has also advanced broader human per-
ception tasks such as pose estimation, mesh reconstruction,
and action recognition [3], [4], [5].



Nevertheless, mmWave radar measures displacement only
along the line of sight, meaning that only the radial com-
ponent of respiration and heartbeat motion is observable.
Consequently, geometric misalignment directly attenuates
the measurable signal, particularly for heartbeat components
with extremely small amplitudes. This geometry-induced
observability constraint indicates that measurement quality
is governed primarily by sensor-human relative pose rather
than signal processing alone.

Most existing systems adopt a static sensing paradigm [6],
as illustrated in Fig. 1(a), requiring users to remain aligned
with the radar to maintain favorable observation geometry.
Some studies deploy embodied sensing on mobile plat-
forms [7], [8], as shown in Fig. 1(b), but they regulate only
spatial proximity and improve measurement quality mainly
through distance reduction. Consequently, current methods
lack a closed-loop pose regulation mechanism that directly
optimizes vital sign observability.

In domestic environments, where users may be sleeping,
seated, or moving freely, pose and interaction behaviors are
inherently uncertain, making sustained near-axial observa-
tion difficult. Consequently, observation geometry must be
actively regulated by the robot rather than passively relying
on user alignment. To address this challenge, we propose
ActiveVital, a chest-centric embodied sensing framework
(Fig. 1(c)). Visual keypoints are used to estimate a chest
reference, enabling the robot to regulate radar pose and
achieve near-axial alignment with the thoracic surface within
a closed-loop control framework. To ensure stable signal
extraction under residual pose variations, a position-robust
phase enhancement module is integrated for reliable res-
piration and heartbeat separation. The overall perception-
to-alignment pipeline and quantitative comparison are illus-
trated in Fig. 1(d)—(f).

The system is implemented on a mobile robot equipped
with a 60GHz frequency-modulated continuous-wave
(FMCW) radar and evaluated under three sensing modes:
Static Sensing, Proximity Embodied Sensing, and Geometry-
Aware Embodied Sensing. Experimental results show that
closed-loop chest alignment significantly improves estima-
tion accuracy, enabling stable non-contact vital sign moni-
toring in real domestic environments.

The main contributions are summarized as follows:

+ Geometry-Regulated Embodied Sensing: An embod-
ied vital sign sensing paradigm that actively regulates
radar observation geometry through feedback-driven
pose alignment, enabling reliable sensing under uncon-
strained robot-human configurations.

« Vision-Guided Pose Regulation with Robust Signal
Extraction: A vision-guided alignment pipeline steers
the robot-mounted radar toward near-axial observation,
while phase-based signal enhancement stabilizes respi-
ration and heartbeat extraction under pose variations.

o Cross-Paradigm and Cross-Baseline Validation:
Evaluation under three sensing paradigms (Static Sens-
ing, Proximity Embodied Sensing, and Geometry-
Regulated Embodied Sensing) with three baseline meth-

ods demonstrates consistent accuracy improvements
over existing approaches.

II. RELATED WORK

This section reviews prior studies on non-contact vital
signs monitoring from the perspective of perception—control
coupling in robotic systems, highlighting the limitations of
passive static observation and the need for geometry-aware
embodied sensing as a controllable observation paradigm.

A. Static Vital Signs Monitoring

Non-contact vital signs monitoring has been explored
using visible-light imaging, thermal sensing, acoustics, Wi-
Fi, and radar [9], [10], [11], [12], [13]. Among these
modalities, FMCW mmWave radar is widely adopted due
to its sensitivity to thoracic micro-motion along the radar
line of sight [14]. Most mmWave systems follow a static
sensing paradigm in which the sensor is fixed and subjects
are assumed to remain within favorable observation geom-
etry. Under this assumption, research primarily concentrates
on backend signal processing, including differential phase
enhancement [15], model-based separation [16], and high-
resolution spectral analysis [17]. These methods improve ex-
traction performance when geometry is stable, but they treat
observation geometry as externally imposed rather than ac-
tively controlled. Recent multimodal approaches incorporate
vision or thermal sensing to assist localization and motion
compensation [18], [19], [20], [21], [22]. However, these
systems still rely on passively configured sensing axes. Prior
studies further indicate that misalignment between the radar
probing vector and the effective thoracic surface reduces
the radial projection of cardiac-induced micro-motion [16],
which degrades heartbeat-related phase observability.

B. Proximity Embodied Vital Signs Sensing

To alleviate fixed-view limitations, several studies embed
mmWave radar into mobile robotic platforms, leveraging
mobility to achieve spatial proximity and enhance echo am-
plitude [8], [23], [24]. However, existing approaches primar-
ily emphasize distance reduction rather than structure-aware
geometric alignment. The coupling between chest anatomy
and radar observation geometry is rarely modeled explicitly,
and observation pose is seldom treated as a controllable
variable. Pose-aware systems that introduce directional ad-
justment mechanisms [7], [25] typically rely on heuristic
rules without explicitly incorporating anatomical constraints.
In summary, existing work either optimizes signal extraction
under fixed geometry or exploits mobility for proximity
without achieving explicit regulation of radar line-of-sight
alignment with the thoracic surface. A sensing paradigm
that integrates anatomical priors with mmWave geometric
constraints and treats observation geometry as a controllable
variable remains largely unexplored. To address this limita-
tion, we propose ActiveVital, which actively constructs near-
axial alignment through vision-guided embodied alignment
and combines it with a geometry-robust phase refinement
module for stable respiration and heartbeat estimation under
posture variation.
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Fig. 2: Processing pipeline of the proposed Geometry-Aware Embodied Sensing framework. (a) Vision-guided chest
localization using human skeletal keypoints and image-space offset alignment to define a geometric reference. (b) Closed-
loop pose regulation and FMCW radar signal acquisition, where the robotic arm actively adjusts sensor orientation to achieve
chest-centric alignment. (c) Motion-constrained vital signs extraction, including range selection, phase refinement, spectral

decoupling, and respiration/heartbeat rate estimation.

1. METHOD

ActiveVital resolves the geometry-induced observability
constraint through a three-stage pipeline integrating vision-
guided pose regulation and phase-domain enhancement
(Fig. 2). First, visual keypoints define a chest-centered ref-
erence in the image domain. Second, this reference drives
closed-loop pose control to align the radar line-of-sight
with the thoracic surface normal. Third, differential phase
enhancement stabilizes signal extraction and separates respi-
ration and heartbeat components.

A. Chest Localization

As illustrated in Fig. 2(a), posture variations in non-
cooperative scenarios can misalign the radar line-of-sight
with the chest surface, reducing cardiopulmonary motion
observability. To enable active pose regulation under such
conditions, a chest-centered reference is defined in the image
domain. We employ ViTPose [26] to detect four torso
keypoints:

P157 PrSa Rhu th € R

ey
where each keypoint is written as P, = [Py ;, Py,,-]T in an image
coordinate system with the x-axis pointing rightward and the
y-axis upward. The shoulder and hip midpoints are computed
as
_ B+ Py
sC — 2 ’

P+ P
PthTr~ 2)

The vertical coordinate of the chest reference is interpo-
lated along the torso axis as

0Py se + (1= 0)Py e,

where o € (0,1). We set a = 0.75 to bias the sensing anchor
toward the upper chest region. To compensate for lateral
anatomical asymmetry, a horizontal offset proportional to
shoulder width is introduced. Define

Py,ref = (3)

Wahoulder = |Px,ls - Px,rs| ) 4)
and the horizontal coordinate is defined as
Px,rcf = Px,sc + BWshouldera (5)

where B = 0.1 shifts the reference toward the cardiac-
adjacent region. The final chest sensing anchor is given by

T
Pref = [Px,refa PyA,ref] (6)

B. Chest-Centric Observation Construction

1) Closed-Loop Error-Driven Pose Regulation: As illus-
trated in Fig. 2(b), the robot regulates its sensor pose so that
the radar probing axis intersects the chest reference point Pref.
Pixel deviations are converted into motion commands within
a closed-loop control scheme. Let the image dimensions be
Wimg and Hjmg. The image center is defined as

VVimg Himg

2 2 M

L= 5 Ly:



Let Pes = [x,y] . The pixel error vector is

E = [e,, ey]T, ex=x—Ly, ey=y—L,. (8)

To suppress oscillatory motion caused by estimation noise,
tolerance thresholds 6y, 8, € R, are introduced. When |e,| <
O and |ey| < 8y, no motion is executed. The control output
is defined as A = [ay, ap] ", where

1, e >4, I, ex> 6,
ay = _la ey<_5y» ap = _17 €x<—6x, (9)
0, otherwise, 0, otherwise.

Here, a, > 0 and ay > 0 correspond to rightward and
upward sensor motion in the robot coordinate frame, re-
spectively. The binary control vector A determines motion
direction along the horizontal and vertical axes, while the
motion magnitude is scaled according to the projected metric
displacement derived from E. Alignment is established be-
fore each measurement, after which the seated subject stays
still over a short window so the radar holds a fixed chest-
centric pose.

2) Image-to-Robot Spatial Mapping: Pixel-level motion
commands are converted into metric displacements using
depth information and camera intrinsics. Let D denote the
stereo depth map. The target distance is estimated within a
neighborhood A (Pes) as

Dyarger = median{D(u,v) | (u,v) € N (Per)}. (10)

Using the pinhole camera model with focal lengths f;
and f,, the spatial compensation corresponding to E is
approximated by

ay |€y‘ Dtarget 7 AL — an |€x| Dtarget )
Iy fx
Depth is regulated by AD = Dyyger — Drer, Where Dyt is
the desired sensing distance. The resulting command u =
[AL, AH, AD] drives radar-chest alignment.

AH — an

C. Geometry-Constrained Phase Processing

1) Phase Modeling: Under chest-centric alignment, radar
phase variation is governed by radial cardiopulmonary dis-
placement, modeled as

R(t) =Ro+AR(t), AR(t)=d(t)cos0, (12)

where d(?) is the true chest displacement and 0 is the angle
between the radar line-of-sight and the chest normal. Active
alignment drives 8 — 0, maximizing radial observability.

St(t) = Arexp(j (2nfor + nK %)), (13)

where fj is the carrier frequency and Kj is the chirp slope.
The received signal reflected from the chest is

Sr(t) =Arexp(j [27fo(t — T) + 7K, (1 — T)* + 27 fa(t — 7)]) ,
(14)
where 7(f) = 2R(t)/c and fy capture range modulation and
micro-Doppler induced by chest motion. After mixing and
low-pass filtering, the intermediate-frequency (IF) signal is
obtained, whose phase encodes radial displacement.

Under the Geometrical Theory of Diffraction (GTD) in-
terpretation, the chest echo can be approximated by a finite
set of dominant scattering centers. For the i-th scatterer with
distance R;(¢) and delay 7;(¢) = 2R;(¢)/c, the corresponding
IF phase term is approximated by

(/)i(fi) (1) = 21 foT; + 2K, Tit —ZEféi)t. (15)

A range FFT is applied to obtain the range profile, and
the chest bin jyy is selected by amplitude-based detection
with temporal continuity constraint. The slow-time phase
sequence is then constructed as

¢(m) = arg(SIF(jtrgtym))a m=1,...,M.

2) Differential Phase Enhancement: The raw phase se-
quence ¢(m) is first unwrapped to obtain a continuous
trajectory Qunwrap ().

To suppress low-frequency drift and enhance periodic
micro-motion, first-order temporal differencing is performed:

A¢unwrap (m) = ¢unwrap (m) - ¢unwrap(m - 1) a7

To mitigate impulsive noise, a Hampel filter is applied
within the window

(16)

Qu={m—r....m+r}. (18)

Within this window, the local median and deviation are
computed as

med(m) = median{A@unwrap (i) }, (19)
MAD(m) = median | AQunwrap (i) —med(m)| . (20)
The robust scale estimate is
o(m) = kMAD(m), (21
where k = 1.4826.
Samples satisfying
| AGunwrap (m) — med(m)| > to (m) (22)

are replaced by med(m) to suppress outliers. _

The refined phase sequence is denoted as ¢ (m).

3) Respiration and Heartbeat Rate Estimation: The mag-
nitude spectrum of the refined phase sequence is computed
as

P(f) = [FET{g(m)} 23)

Respiration and heartbeat components are separated via
Gaussian smoothing and FIR band-pass filtering, yielding

Presp (f) and Prear(f)-

The heart rate is estimated via energy-weighted averaging
within the cardiac band:
e = Zkfkpheart(fk).
Zk Pheart (f k)

The final heart rate is HR = 60 fieart-
For respiration, if K peaks are detected between #,"" and

(24)

1", the breathing rate is
K—1
BR = ey X 60. (25)
k —h
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Fig. 3: Experimental hardware configuration and scene setup. (a) 60 GHz FMCW radar hardware, including antenna
array and radar board. (b) Robot-mounted radar with onboard RGB-D for chest localization. (c) External RGB camera for the
respiration-rate reference. (d) Fingertip pulse oximeter providing reference HR. The robot-mounted radar actively regulates
its pose toward the seated participant for embodied vital signs sensing.
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Fig. 4: Progressive evolution of observation geometry and corresponding spectral responses. Upper panels show
representative physical configurations from long-range and off-axis conditions to chest-centered alignment. Lower panels
present the associated phase-derived spectra, illustrating the transition from indistinguishable signals to clearly separable

respiration and heartbeat components.

IV. EXPERIMENT
A. Experimental Setup

The proposed ActiveVital system is implemented on
a Galaxea R1 Lite mobile robotic platform integrating
millimeter-wave radar and RGB-D vision modules, as illus-
trated in Fig. 3. The radar module is rigidly mounted on the
robot arm to enable active pose regulation, while an RGB
camera provides visual keypoints for chest localization.

Specifically, the system incorporates a 60 GHz FMCW
radar with a 1T3R antenna configuration (Fig. 3(a)(b)). The
radar operates over 57.5-63.5 GHz with a chirp slope of
91.5MHz/us and a sampling rate of 2MHz. Each chirp
lasts 71.8 us with a frame period of 50 ms, yielding a range
resolution of approximately 0.0228 m. Raw ADC data are
streamed to a host computer for signal processing.

An onboard RGB-D camera (Fig. 3(b)) extracts human

skeletal keypoints for geometric reference construction. Pixel
deviations between the radar optical axis and the chest
reference are converted into metric displacements through the
image-to-robot mapping described in Section III, enabling
closed-loop regulation of the sensing pose.

All experiments are conducted in a 6.6m X 63m X
3.5m indoor environment under controlled lighting condi-
tions. Participants remain seated in a natural posture without
explicit alignment instructions. Heart rate ground truth is
synchronously recorded using a fingertip pulse oximeter
(Fig. 3(d)), while respiration rate is derived from chest
motion measured by the RGB camera (Fig. 3(c)) as an
external reference for evaluation.

At the beginning of each trial, the robot is positioned
approximately 1 m in front of the subject, with the chest
located within the field of view of the arm-mounted camera.
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Fig. 6: Radar-measured phase signal representations under
Static and Proximity Embodied Sensing. (a)(c) Slow-time
phase sequences. (b)(d) Corresponding amplitude spectra.
The first row corresponds to Static Sensing, and the second
to Proximity Embodied Sensing.

Chest localization is then performed using ViTPose [26], and
chest-centric alignment is achieved within a few seconds.

To illustrate the impact of observation geometry, Fig. 4
presents representative configurations from long-range and
off-axis conditions to chest-centered alignment. The cor-
responding spectral responses demonstrate the progressive
emergence of respiration and heartbeat components as geo-
metric alignment improves.

B. Evaluation Across Sensing Paradigms

1) Geometry-Dependent Observability: We compare three
sensing paradigms under identical hardware configuration
and signal processing pipeline: Static Sensing, Proximity
Embodied Sensing, and the proposed Geometry-Aware Em-
bodied Sensing. They differ only in geometry. In Static
sensing, the radar is fixed and the seated subject faces it while
manually keeping near-axial alignment. In Proximity sensing,
the robot uses the same keypoints to approach and shorten
the distance but does not align the radar to the chest [7], [8].
In the Geometry-aware setting (ActiveVital), the robot aligns
the radar with the chest to reach near-normal incidence.
Fig. 5 shows the refined slow-time phase sequence measured
from the radar signal and its corresponding spectrum under

Static (Ref)
Static (Meas)

— — Proximal (Ref)
Proximal (Meas)

— — Geometry-Aware (Ref)

Geometry-Aware (Meas)

Index

Fig. 7: Estimation results under three sensing paradigms
using the same signal processing method. (a) BI estimation
across 12 peak intervals under Static Sensing, Proximity Em-
bodied Sensing, and ActiveVital, compared with reference
measurements. (b) HR estimation across 16 sliding-window
segments under the same paradigms, with corresponding
reference values.

ActiveVital. The respiration fundamental, harmonic, and
heartbeat peaks are clearly separated, enabling stable vital
signs extraction. Fig. 6 presents the corresponding results
under Static and Proximity Embodied Sensing. Static Sens-
ing preserves distinguishable respiration and heartbeat peaks
because subjects are deliberately positioned to maintain near-
axial alignment with the radar line of sight. In contrast,
under Proximity Embodied Sensing, misalignment reduces
the radial projection of cardiac micro-motion. The attenuated
heartbeat component falls close to the noise floor, making
the spectral peak indistinguishable from background noise
and leading to unstable estimation. These results indicate
that deviation from optimal geometric alignment reduces the
radial projection amplitude of cardiac micro-motion, thereby
degrading its spectral observability.

2) Geometry-Dependent Estimation Accuracy: Measure-
ment results of breath interval (BI) and heart rate (HR) under
the three sensing paradigms are shown in Fig. 7, where
estimated values are compared against reference measure-
ments. Quantitative accuracy is further evaluated using mean
absolute error (MAE) and root mean square error (RMSE),
as summarized in Table 1. BI is computed from 75s of
data, yielding 12 peak-to-peak intervals. HR is estimated
from 50 s of data using a sliding window (20 s initialization,
2s update), resulting in 16 HR estimates. For BI, Static
and Geometry-aware Sensing achieve comparable accuracy
(MAE: 0.15s vs. 0.14s; RMSE: 0.19s vs. 0.17s), while
Proximity Sensing exhibits significantly larger errors (MAE:
0.58s; RMSE: 0.78s). For HR, Static yields the lowest
error (MAE: 1.66 bpm; RMSE: 1.96 bpm). Geometry-aware
Sensing achieves comparable performance (MAE: 2.22 bpm;
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TABLE I: Quantitative comparison of BI and HR under
different sensing paradigms using the proposed method.

Paradigm BI (s) HR (bpm)
MAE RMSE MAE RMSE
Static 0.15 0.19 1.66 1.96
Proximity 0.58 0.78 5.26 6.59
ActiveVital 0.14 0.17 2.22 2.59

RMSE: 2.59bpm), substantially outperforming Proximity
Sensing (MAE: 5.26 bpm; RMSE: 6.59 bpm).

Although Static Sensing achieves the lowest HR error
under manually enforced near-axial alignment, this config-
uration requires explicit subject cooperation to maintain fa-
vorable geometry. In contrast, ActiveVital autonomously reg-
ulates the radar—thorax alignment, constructing comparable
observation geometry without requiring posture constraints.
These results demonstrate that preserving near-axial align-
ment maintains the radial projection amplitude of cardiac
micro-motion, thereby stabilizing heartbeat estimation under
realistic posture variation.

C. Algorithm Performance Across Sensing Paradigms

To analyze how different signal processing algorithms
perform under varying sensing paradigms, we compare four
methods across Static Sensing, Proximity Embodied Sensing,
and ActiveVital. While the previous subsection examined the
effect of geometry on observability and estimation accuracy,
this subsection investigates the interaction between sensing
geometry and algorithm design. Fig. 8 presents temporal
comparisons under Static Sensing. Aggregated MAE and
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Fig. 9: Distribution of absolute estimation errors for HR
and BR. (a) Histogram of absolute errors. (b) Cumulative
distribution function (CDF). Dashed vertical lines indicate
the 95th percentile error thresholds.

RMSE results across all three sensing paradigms are sum-
marized in Table II.

Under Static Sensing, the proposed ActiveVital method
achieves the lowest MAE for both BI (0.15s) and HR
(1.65bpm), outperforming all baseline methods. When
switching to Proximity Embodied Sensing, errors increase
for all algorithms due to degraded observation geometry.
However, the proposed method exhibits smaller performance
degradation, particularly in HR estimation. Under Geometry-
aware, Bl estimation remains competitive across methods,
while the proposed approach achieves the lowest HR error
(2.22 bpm), indicating stronger preservation of weak cardiac-
induced phase components.

Across sensing paradigms, all methods capture overall
rhythmic trends. However, baseline approaches exhibit more
pronounced error amplification as geometric conditions de-
teriorate. For example, the HR MAE of Baseline2 increases
from 6.29 bpm under Static to 13.59 bpm under Proximity,
whereas the proposed method increases from 1.65bpm to
5.26 bpm. This cross-paradigm comparison demonstrates that
the proposed algorithm maintains superior stability under
geometry-induced observability variation.

D. Statistical Evaluation of BR and HR Estimation

To assess consistency, we analyzed 30 independent 25
recordings, each yielding one breathing rate (BR) and HR es-
timate against the reference. Fig. 9 shows the absolute-error
distribution (histogram and CDF) and Table III summarizes
MAE, RMSE, and P95. BR errors are tightly concentrated
(MAE 0.26 bpm, P95 0.72bpm), while HR shows broader
but bounded dispersion (MAE 1.67 bpm, P95 4.65 bpm) due
to the weaker, lower-SNR cardiac micro-motion.

V. CONCLUSION

This work introduced ActiveVital, an embodied sens-
ing framework that regulates radar—chest alignment through
vision-guided pose control and phase-domain enhancement
to maximize radial cardiopulmonary observability. Exper-
iments across three sensing paradigms show that cardiac
observability is geometry-dependent, and ActiveVital attains



TABLE II: Cross-algorithm comparison under three sensing paradigms (MAE and RMSE for BI and HR).

Static Proximal Geometry-aware

Algorlthm BI (S) HR (bpm) BI (S) HR (bpm) BI (S) HR (bpm)

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Second-Order DE [15] 0.51 0.68 2.93 3.44 0.65 0.75 9.27 12.12 0.93 1.40 7.60 9.48
Band-pass Filter [8], [17] 0.56 0.75 6.29 7.36 0.87 1.18 13.59 15.07 0.30 0.37 14.48 15.88
Scattering Model [16] 0.31 0.57 2.81 3.60 0.60 0.89 11.82 13.67 0.12 0.16 6.78 8.55
ActiveVital (Ours) 0.15 0.19 1.65 1.96 0.58 0.78 5.26 6.59 0.14 0.17 2.22 2.59

TABLE III: Statistical error metrics for HR and BR estima- [10] C. Hessler, M. Abouelenien, and M. Burzo, “A non-contact method

tion over 30 independent recordings (25 s each).

Metric MAE (bpm) RMSE (bpm) P95 (bpm)
BR 0.26 0.33 0.72
HR 1.67 2.16 4.65

accuracy comparable to static sensing without active sub-
ject cooperation while clearly surpassing proximity-based
sensing, with the largest gains in heart rate where cardiac
signals are weak. These results establish sensing pose as
a controllable variable for robust non-contact physiological
monitoring. As an opportunistic function of a multipurpose
home robot, ActiveVital provides contactless monitoring at
a comfortable standoff without wearables or pre-installed
infrastructure.
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