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Abstract—Monitoring vital signs such as breathing or heart
rates as well as other physical movements in complex environ-
ments is the basis for many emerging applications spanning from
healthcare to autonomous vehicles. Designing Radar systems
capable of remotely monitoring these movements necessitates
measurement campaigns in combination with advanced machine-
learning algorithms. Despite the compelling applications and the
need for large and diverse data sets for validation of design, there
are few examples of simulated human movement in multipath
environments in the literature. To address this gap, the work
presented here outlines a method to accurately simulate Radar
back-scatter from time varying human movement. Specifically,
we animate human breathing with anatomically accurate math-
ematical models through physical-optics-based simulation and
validated them against monostatic Radar measurements with a
28.5 GHz channel sounder in a semi-anechoic chamber by the
National Institute of Standards and Technology, capturing phase
and path loss over time from a human breathing positioned 2 m
away. Using vital sensor data as ground truth, we demonstrate the
animations to match the simulated human’s breathing patterns
and heart rate. Furthermore, the simulation resulted in excellent
agreement with the measured phase across ten breaths, and had
a root-mean-square error (RMSE) of 2.1 dB in path loss.

Index Terms—Raytracing, Physical Optics, human breathing,
mmWave, WaveFarer

I. INTRODUCTION

Radar-based non-contact vital sign (NCVS) monitoring sys-
tems have a wide range of application across industries [1]–
[3]. The techniques have been thoroughly demonstrated in
research settings, the clinic, and marketplace products. In
medicine, radar methods minimize contact with patients while
avoiding the privacy concerns of camera-based monitoring [4].
Respiration and heart beat have been measured in clinical
trials using 2.4 GHz radar [2], [5]. Furthermore, advanced
heart sound monitoring has been demonstrated using 24.1 GHz
radar combined with advanced algorithms [6]. Other medical
applications of radar-based monitoring include sleep disorder
diagnosis [7], fall detection [8], and palliative care [9].

Outside of biomedical applications, there is increasing
demonstration of highly accurate feature detection using radar

micro-doppler [10] such as distinguishing birds from drones
[11] and hand gesture recognition [12]. Similarly, sensing is
becoming more integrated in highly connected “smart” homes
equipped with radar security systems or cars with advanced
driver assistance systems [13]–[15]. For radar sensing and
micro-doppler applications, the complex back-scattering from
reflected and refracted signals is often fed into intelligent al-
gorithms such as k-nearest neighbor algorithms [12], machine
learning (ML) [16], or neural networks (NN) [17].

For ML or NN based systems there is a need for large
training data sets from lengthy measurement campaigns or
physics informed data sets. Simulation tools offer a great
alternative to in situ measurement in speed, scalability, and
customization. However, examples of validated computer mod-
eling that accurately capture radar fading, back-scattering, and
micro-doppler of vital signs or gestures are limited. Simulation
of the radar cross section (RCS) of a humanoid using physical
optics (PO) has been previously achieved [18], however the
humanoid was static and the study focused on the validity of
the methods presented.

Numerical electromagnetic solvers based on ray-tracing
methods may use PO to accurately simulate back-scattering
problems. In this article, we utilize the PO solver available in
Remcom’s WaveFarer® radar simulation tool [19]1 to simulate
back-scatter from the chest of an animated human model and
compare the predictions against 28.5 GHz measurements col-
lected by the National Institute of Standards and Technology
(NIST). The novelty of this work is twofold:

1) It presents a method to accurately animate vital signs
over time in simulation.

2) It simulates multipath components over time including
back-scattering and fading validated with measurements.

1Certain equipment, instruments, software, or materials are identified in
this paper in order to specify the experimental procedure adequately. Such
identification is not intended to imply recommendation or endorsement of
any product or service by NIST, nor is it intended to imply that the materials
or equipment identified are necessarily the best available for the purpose.
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Fig. 1. The human subject’s dimensions and relative positioning with respect
to the Rx for the measurement campaign and simulation. The center of the
Rx was 1.53 m from the ground, the human chest 2 m from the Rx, and the
top of the head 1.82 m from the ground.

II. METHODS

A. Measurement Methods (NIST)

1) Measurement Setup: The measurements performed at
NIST utilized a single dual-polarized phased-array board of
64 microstrip antennas at the transmitter (Tx), and four of the
same boards stacked side-by-side (256 microstrip antennas) at
the receiver (Rx), a 360° azimuth camera, lidar and Movesense
vital sensors. The antenna array channel and sounding tech-
nique were previously described in [20]. For the measurements
described in this article a human sat 2 m from the Rx. Relative
positioning of the subject to the Rx is described in Fig. 1
and Table I. Samples were collected every 26 ms with the
subject breathing at a normal rate for 25 s while vital signs
were monitored.

TABLE I
SUBJECT POSITIONING

Feature Elevation angle (°) height (m)
Head (nose) 7.7 1.8

Shoulder 2.6 1.71
Chest 0 1.53, 0.37a

Stomach -3.7 1.4
aWidth of shoulders.

2) Path loss and Phase from Measured Data: The mea-
surement data comprised of time of arrival (ToA), angle-of-
arrival (AoA) in the elevation and azimuth planes, path loss,
and phase for each multipath component (MPC). Assuming 0
dBm Tx power, the normalized received power (Pi) for the
ith MPC can then be defined as,

Pi = 10(−PLi/10) (1)

where, PLi is the path loss per MPC. A ToA- and AoA-
based search method is used to identify the MPCs that back-

scatter from the human subject. The normalized received
power and phase for these MPCs are combined to obtain the
total normalized received power (P ) as,

P =

∣∣∣∣∣
N∑
i=1

√
Pi exp(jϕi)

∣∣∣∣∣
2

(2)

where N is the number of selected MPCs, and ϕi is the phase
of ith component. The total received phase may be described
as

Φ = ∠
N∑
i=1

√
Pi exp(jϕi) (3)

The total path loss (PL) is then defined as,

PL = −10 log10(P ). (4)

B. Simulation Methods

1) EM Prediction using Physical Optics: To accurately
simulate the back-scatter observed in the measurements we
utilised a 3D human phantom, as shown in Fig. 1. The human
phantom surface has 8210 facets, each of which is associated
with different radii of curvature. Scattering from the complex
surface is precisely modeled by PO [21], as it performs a
surface integral that incorporates the sizes and shapes of small
facets on the surface.

In the PO method, the scattered field is computed from the
surface currents on the scattering object due to the incident
geometric optics (GO) fields. The scattered far-fields are
then obtained from these surface currents by performing the
radiation integrals. The scattered field computation can be
mathematically expressed through vector potentials [22] given
by

A =
µ

4π

∫∫
S

JS
e−jkR

R
dS′ (5)

F =
ϵ

4π

∫∫
S

MS
e−jkR

R
dS′ (6)

where A is the far-field magnetic vector potential, µ is
the magnetic permeability, JS is the surface electric current
density, R is the radial distance between the source and the
observation point, S is the integration surface, F is the far-
field electric vector potential, ϵ is the electric permittivity, and
MS is the surface magnetic current density. Consequently, the
scattered far-field electric (Escat) and magnetic (Hscat) fields
are given by,

Escat ≈ −jωA − 1

ϵ
∇× F (7)

Hscat ≈ −jωF +
1

µ
∇× A (8)

where ω is the angular frequency of the scattered wave. The
GO surface currents do not capture the non-uniformity of
the current densities close to an edge, thus the method of
equivalent currents [19] must be used to add the effects of edge
diffraction to the PO scattered field solution. In this study, we
used WaveFarer’s PO solver to simulate the back-scatter from
the human phantom.
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Fig. 2. The animated vertices are highlighted in orange. A shows the vertices
representing the shoulders and chest. B shows the abdomen. C shows the back
and shoulder vertices.

2) Animations in Blender: In order to accurately capture
small changes in the human phantom due to breathing and the
heart beating, animations were mathematically modelled using
the open source 3D creation suite, Blender 3.5.1. The human
model is surface based with 4122 vertices and 8210 facets. An-
imations were performed by manually selecting vertices on the
chest, shoulders, back, and abdomen to localize displacement
due to breathing and the heart beating. The vertices selected
on the human model can be seen in Fig. 2.

The vertices’ displacement over time due to the lungs
inhaling and exhaling air follows the equations given by [23].
The chest, shoulders, abdomen, and back are animated over
time using

rbreath(t) =

{
−rmax

TiTe
t2 + rmaxT

TiTe
t t ≤ Ti

rmax

1−e − Te/τ

(
e

− (t − Te)/τ − e
− Te/τ

)
Ti < t ≤ T

(9)
where rmax is the maximum displacement due to a breath,
Ti the inspiration time, Te the expiration time, T is the time
period of one breath where T = Te + Ti, and τ is the decay
constant of the expiration. The displacement due to the heart
beating was modelled with a simple sinusoid as

rheart(t) = rh,max sin (2πtHR/60) (10)

where rh,max is the maximum displacement due to the heart
and HR is the heart rate in beats per minute (bpm). The
total displacement on the chest where the heart and breathing
contribute to movement was animated over time as

rtotal(t) = rbreath(t) + rheart(t) (11)

Figure 3 demonstrates the contributions of Eqs. (9), (10), and
(11).

Using Blender’s python scripting interface, each set of
vertices is associated with a shape key. When the shape key is
fully activated, the rmax is applied to each group of vertices.
The shape key is then linked to expressions outlined in Eq. (9)
and Eq. (10) where all time variables are converted to units
of frames where one frame is arbitrarily chosen to last 1 ms.
As the frames change, the magnitude of the shape key and
thus the displacement of the vectors is adjusted following the
expressions. Key frames of animation are exported as .STL
files at variable sample rates. The .STL file export was set to
every 50 frames (50 ms sample rate) to minimize the number
of simulation runs. Following [23], Ti/Te was assumed to
be 0.6 and τ was set to Te/5. The remaining parameters:

Fig. 3. Mathematical model of displacement due to breathing, the heart beat,
and their combined sum. The data represent 12 breaths/min, Te = 3.125 s,
T i = 1.875 s, τ = Te/5, HR = 75 bpm, and 3.5 and 0.8 mm for the
maximum displacement for the breathing and heart respectively.

Fig. 4. Power spectral density of Φ (Measured) and Φtotal. The blue box
in the image denotes the frequency components of interest due to breathing
alone (12 breaths/min to 30 breaths/min); while the yellow box denotes the
same for heartbeat (60 bpm to 120 bpm).

(rmax, rh,max, HR, and breath rate) were estimated from the
measurement campaign described in section II-C.

C. Parameter Extraction from Measured Data

In order for the animation to accurately represent the
human breathing, some parameters were extracted from the
measurements. The vital monitors electrocardiogram (ECG)
data reported the heart rate as 75 bpm. rmax, rh,max, and
the breath rate were not measured directly but were estimated
from the fluctuations in the total received phase. The power
spectral density (PSD) of the total received phase Φ, is plotted
in Fig. 4 (red solid line). Normal human breathing rates at
rest fall between 12 breaths/min to 30 breaths/min and are
indicated by the blue box in Fig. 4. Similarly, the yellow box
in Fig. 4 denotes the frequency range of interest due to the
heart beating at a resting normal rate (i.e. 60-120 bpm). The
peak in the breathing region corresponds to a breathing rate
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Fig. 5. Comparison of simulated phase to measured phase.

of ≈ 25 breaths/min (0.42 Hz). The heartbeat region shows
the dominant heartbeat frequency as 75 bpm (1.25 Hz) which
matched the ECG data.

Next, the maximum chest displacement due to breathing,
rmax, was estimated from the peak power in the breathing
region as 3.5 mm. Since the dominant heartbeat frequency
coincided with the third harmonic due to breathing, it is not
possible to directly predict the rh,max from the PSD of the
measured phase alone. Hence, the phase shift due to rtotal

Φtotal =
2πrtotal

λ
(12)

was defined, where λ is the signal wavelength. Φtotal’s PSD
was plotted against the measurement as shown by the solid
green line in Fig. 4. By comparing the two PSDs, it was found
that rh,max = 0.8mm provided the best match of the power
level at 1.25 Hz.

III. COMPARISON OF SIMULATED AND MEASURED PATH
LOSS AND PHASE

Blender-generated breathing animation with the human
phantom was imported as snapshots every 50 ms into Wave-
Farer. The human phantom was assigned a skin relative
permittivity of ϵr = 15.5− 14.2j, as reported for 28 GHz in
[24]. The Tx and Rx were assigned Gaussian antenna patterns
with 22.5◦ half-power bandwidth (HPBW) in the elevation
and 30◦ HPBW in the azimuth plane. Both the Tx and Rx
were located at the same location and 2 m away from the
human phantom. The polarization was vertical for Rx and
Tx. Each simulation in WaveFarer with the PO model took
approximately 2 min. The simulation was run for one breath
period (2.4 s) and the path loss and phase simulated during
that one period was concatenated to compare against the 10
breaths that were measured.

First, we compare the simulated and measured phase in Fig.
5 and their PSDs in Fig. 6. Excellent agreement between the
phase and the PSD show that we have accurately predicted
the breathing and heartbeat parameters, and have established
a successful process to generate realistic simulations through

Fig. 6. Comparison of simulated PSD to measured PSD.

Blender animations imported in WaveFarer. Variations be-
tween the measurement and simulation in Fig. 5 may be due
to the breathing rate varying over time, the heart rate’s phase
varying each breath, and each breath varying in maximum
displacement. It is also possible that the subject slightly moves
towards (breath 3) or away (breath 4) from the Rx.

Next, the measured and simulated path loss are compared
in Fig. 7. The path loss shows good agreement with a root-
mean-squared error (RMSE) of 2.1 dB across the 10 breaths.
Note that the RMSE is defined as,

RMSE =

√√√√ 1

N

N∑
n=1

(PLn
meas − PLn

sim)2 (13)

where PLn
meas and PLn

sim are respectively the measured and
simulated path loss in dB at time index n, and N is the total
number of measurements. The simulation data set was interpo-
lated to match the measured data since the measurement was
performed every 26 ms versus every 50 ms for the simulations.
The simulations overestimate the path loss slightly. This may
be due to the neglect of the effect of clothing, and the physical
differences between the simulated human phantom and the
person whose breathing was measured.

IV. CONCLUSION

In this study, we demonstrate a process to realistically
animate a human phantom through the open-source software
Blender and import those animations into theWaveFarer radar
simulation tool to simulate back-scatter from the human chest
due to breathing and the heart beat. The PO method in
WaveFarer yielded a RMSE of 2.1 dB when compared against
28.5 GHz measurements provided by NIST. Excellent match
in received phase was also shown.

Future work will include study of back-scatter from other
human postures like standing and lying down with the inclu-
sion of more realistic human movements where breathing rate,
heart rate, and their displacement amplitudes vary across time.
WaveFarer simulations will sweep parameters for improved
agreement between measurement and simulation. Additional
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Fig. 7. Comparison of simulated path loss to measured path loss.

noise sources such as clothing will be investigated by the
inclusion of a surface roughness factor in WaveFarer.
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