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Abstract—The measurement of breath rate (BR) is essential
for comprehensive human health monitoring across a wide range
of scenarios. Several studies in the literature have explored the
estimation of BR using millimeter wave (mmWave) technology.
However, these approaches typically focus on a single subject
at a time. To enable multi-person estimation, researchers have
often relied on data fusion with camera systems or employed
specialized hardware configurations. On the contrary, this paper
proposes a methodology that employs only one Frequency Mod-
ulated Continuous Wave (FMCW) radar to estimate the BR of
multiple subjects stationary in the environment. The proposed
methodology includes a pre-processing pipeline to refine the
radar-captured signals, followed by frequency-domain analysis
to distinguish between subjects. Finally, phase variations in the
reflected signals caused by chest movements are analyzed to
estimate the BR. Advantages and limitations of the approach
are discussed on the basis of an experimental campaign.

Index Terms—Breath rate estimation, vital-sign estimation,
mmWave radar, multi-person monitoring

I. INTRODUCTION

Monitoring breath rate (BR) is a key factor in assessing
an individual’s physiological state across various scenarios,
including clinical diagnostics, sports performance, and home-
based healthcare. Traditionally, BR has been measured using
contact-based techniques such as spirometry, chest-worn sen-
sors, facial masks, or nasal cannulas. While these methods are
generally precise, they can interfere with natural movement
and behavior due to their intrusive design and constraints like
battery limitations and dependence on external devices [1], [2].

Advancements in monitoring technologies have increasingly
focused on reducing individual’s discomfort and enabling
unobtrusive tracking of physiological signals. This shift has
driven significant progress in the development of contactless
sensing approaches, particularly through the use of Radio
Frequency (RF) technologies that fill a significant gap in health
monitoring practices, providing the capability to measure
physiological parameters non-invasively [3]-[5].

In the context of RF-based methods, several studies have
explored millimeter wave (mmWave) for vital signs detection
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TABLE I: Characteristics of SOTA approaches for BR esti-
mation through mmWave radar technologies together with the
MAE and MAPE.

Ref. | Year | Hardware | MAPE | MAE | # Sbj | Movements

[7] 2016 | Dedicated HW N/A 0.43 2 No

[8] 2022 | TI AWR1642 1.33% N/A 1 No

[9] 2024 | TI AWRI1642 4.44% N/A 1 No

[10] | 2024 | TI AWRI1243 26.72% 2.48 1 Yes, freely
[11] 2023 TI AWR1843 + Camera N/A 0.5 3 Yes, in place

MAE: Mean Absolute Error — MAPE: Mean Absolute Percentage Error

in different settings. These approaches make use of Frequency
Modulated Continuous Wave (FMCW) radars, such as the
AWRI1xxx series from Texas Instruments, which typically
operate in high-frequency bands (e.g., 77-81 GHz), to detect
subtle human body movements, such as those produced by
respiration and heartbeat on the chest [6]. The periodic chest
displacements caused by these physiological activities induce
slight variations in the reflected radar signals, which can be
analyzed to estimate BR, and also heart rate (HR).

Consequently, in the recent past, some approaches have been
proposed to perform vital sign estimation through mmWave,
the current state-of-the-art (SOTA) is summarized in Table I.
In a pioneering work of 2016, Yang et al. [7] propose a system
that uses 60 GHz mmWave signals for vital sign monitoring.
Their setup is composed by two antennas, a transmitter and a
receiver, placed at a distance d inside the environment. Thanks
to this setup, authors were able to obtain a wide field of view
and detailed spatial information, which made them achieve a
Mean Absolute Error (MAE) of 0.43. Authors in [8] performed
vital sign monitoring of a person sitting on a chair inside an
office using FMCW operating at 77 GHz. Furthermore, they
introduced a wavelet-based denoise approach to the mmWave
data. Sadeghi et al. [9] proposed a FMCW radar dataset,
with ground truth annotation provided by a Polar H10 chest
band. Besides, the authors also provided benchmark results,
obtaining a Mean Absolute Percentage Error (MAPE) of
7.33% and 4.44% respectively for HR and BR estimation.
In [10], the authors present a methodology to estimate BR of
a subject freely moving inside and environment, achieving a
MAPE of 26.72%, which correspond, in average, to an error
of 2.48 breaths per minute. Wang et al. [11] proposed a data
fusion-based approach. In particular, they use a Kinect V2
camera to enhance the mmWave estimation, allowing multiple
subjects to monitor the environment and achieve promising
results.
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Fig. 1: Methodology Overview

Overall, the previous methodologies, while promising,
present some limitations: either the BR estimation is limited
to a single subject [8]-[10], or they use a dedicated hardware
setup to monitor multiple subjects [7], [11]. Furthermore, using
other data sources, such as video streaming, like in [11], can
limit the usability and privacy-aware characteristics of the
mmWave technology.

To address the previous limitations, this paper introduces
a novel mmWave-based technique for estimating the BR of
multiple subjects simultaneously present within an environ-
ment, without relying on dedicated hardware or data fusion
from multiple sources. The proposed methodology operates
under the assumption that subjects remain stationary. While
this may appear restrictive, it is highly relevant in practical
scenarios such as monitoring individuals in senior residences
or hospital rooms, particularly during sleep. In particular, the
main contributions of our work are:

o A signal processing pipeline capable of identifying and
isolating stationary individuals simultaneously present
within the radar’s field of view. The pipeline incorporates
spatial filtering techniques to differentiate also between
closely positioned subjects.

« A BR estimation technique based on Fast Fourier Trans-
formation (FFT) spectrum analysis that accurately ex-
tracts respiratory frequencies even in the presence of
potential cross-subject interference. Our algorithm incor-
porates adaptive noise suppression and peak validation
mechanisms.

o An analysis of the proposed method through experimen-
tal validation, comparing our radar-derived estimations
against ground truth data collected using Hexoskin Pro
Kits [12], a clinically validated wearable respiratory
monitoring system.

The remainder of the paper is organized as follows: Sec-
tion II presents the proposed methodology; Section III dis-
cusses the obtained results; and Section IV provides the
concluding remarks.

II. METHODOLOGY

With reference to Figure 1, this section describes the
methodology designed to perform BR estimation of multiple
persons inside an environment. The methodology is com-
posed of three main parts: i) data collection, ii) preprocessing
pipeline, and iii) BR estimation.

A. Data Collection Setup

Our data collection setup employes the Texas Instruments
(TT) AWRI1243BOOST mmWave board for capturing radar
signals. This board interfaces with the DCAI000EVM data
capture adapter, enabling real-time streaming of ADC data to
a host computer system. We managed the entire data acquisi-
tion process through TI’s mmWave Studio software package,
which allows for the configuration of capture parameters.
We configured the system with two transmitting antennas
and four receiving antennas to optimize respiratory movement
detection, exploiting an enhanced Signal-to-Noise Ratio (SNR)
and wider angular resolution. The measurement rate was set at
25 Hz, meaning it collects 25 frames per second, to adequately
sample breath-related motion. Each frame is composed of 99
chirps that capture 374 analog-to-digital (ADC) samples. In
practice, each frame collected from the mmWave board can
be represented by a 3D matrix where the first dimension
corresponds to the number of chirps, the second represents
the number of ADC samples, and the last denotes the number
of antennas. A chirp refers to a frequency-modulated signal
whose frequency increases over time during a fixed time
interval, known as the chirp duration. The mmWave radar
continuously transmits a sequence of chirps and listens to the
reflected signals from objects within its sensing environment.
The transmitted signal can be modeled as a linearly increasing
frequency sweep, covering a bandwidth of 4 GHz, which
enables fine range resolution. When the transmitted chirp hits
a moving or stationary object, the signal is reflected back
with a delay proportional to the subject/object’s distance.
Additionally, if the object moves (e.g., due to breathing-
induced chest motion), the reflected signal experiences a phase
shift and a small frequency offset due to the Doppler effect.
By analyzing time delay and frequency shift across successive
chirps, it is possible to estimate both the range and the motion
characteristics of the target. Therefore, each collected chirp
contains spatial and temporal information crucial for detecting
respiratory movements.

B. Preprocessing Pipeline

To estimate the BR of multiple subjects from the FMCW,
the collected data flow through the following preprocessing
pipeline.

1) Data Preparation: From the ADC samples collected by
the AWR1243BOOST, we organized the radar data into a
4D tensor with the following dimensions: (frames X chirps
x ADC samples x antennas). Then, we applied the proposed



methodology using a time windowing approach, with window
sizes of, for example, 30, 60, or 120 seconds. Each window
contains a fixed number of frames, determined by the window
duration. For example, a 30-second window at a sampling
rate of 25 Hz contains 750 frames (30 s x 25 Hz). To
reduce data complexity while retaining meaningful temporal
information, we applied a temporal aggregation technique.
Specifically, for each frame, we grouped the ADC samples
(third dimension) into clusters—where each cluster represents
the full set of samples from a single chirp—and averaged the
rows within each cluster. In this context, a “row” refers to a
single time sample from the ADC. Therefore, each cluster
includes all ADC samples from a frame, and the number
of rows per cluster equals the number of ADC samples.
This averaging process reduces the data dimensionality but
preserves the temporal structure of the radar signal, which is
essential for analyzing motion patterns such as breathing. The
aggregation, as well as the steps reported in the following of
this section, were applied separately to the data from each
receiving antenna.

2) Subject Identification: As reported above, FMCW radars
transmit chirps, i.e., continuous signals whose frequency in-
creases linearly over time. When these signals reflect off an
element (either persons or objects) and return to the radar,
there is a time delay between the transmitted and received
signals. This delay results in a frequency difference, called
the beat frequency, which is directly proportional to the ele-
ment’s distance. The Range FFT is applied to the Intermediate
Frequency (IF) signal obtained after mixing the received signal
with the transmitted signal. This process transforms the time-
domain signal into the frequency domain. The spectral ele-
ments that demonstrate significantly higher amplitude values,
which are graphically visualized as peaks relative to the
surrounding frequency bins, correspond to distinct physical
element present in the environment. The corresponding peak
will always appear at the same index if an element is static.
Using this logic, we can remove peaks corresponding to static
elements by subtracting consecutive frames. As a result, we
have a tensor containing peaks that show only the moving
elements, i.e., the chests of the subjects stationary present in
the environment.

3) Noise Removal: We perform an average on the ADC
samples of the chirps belonging to the same frame to remove
hardware and environmental noise, such that we can better
recognize the moving entities according to their respective
peaks. Then, the peaks that exceed a predetermined threshold
are retained, and their indices are monitored to track the
movement of the chest.

Since the chest movement is composed of inspiration and
expiration phases, continuously shifting for one to the other,
the distance between the chest and the radar behaves like a
continuous function, thus each breath of a subject results in a
cluster of closely spaced peaks. Among those, we select only
the index associated with the highest peak as a representative
of the cluster.

4) Phase Extraction: Using the information gathered in
Section II-B3, we extract the phase information from the
raw data tensor for each detected individual. At this point,
we perform phase unwrapping and phase differentiation for
each individual. Phase unwrapping ensures a continuous phase
representation by eliminating artificial discontinuities, while
phase differentiation extracts the instantaneous frequency vari-
ations, making it possible to isolate relevant physiological
signals with greater accuracy [13], [14]. We then implement
a band-pass filtering operation with cutoff frequencies specif-
ically calibrated to encompass the standard human respiratory
frequency spectrum, from 0.16 to 0.50 Hz, corresponding to
10-30 breaths per minute.

C. Breath Rate Estimation

The final stage in our processing pipeline is the estimation
of BR for each detected subject. We perform frequency
domain analysis on the extracted phase signal using the
FFT. This transformation converts the time-domain respira-
tory oscillations into the frequency domain, where respiratory
patterns appear as distinct spectral peaks. The respiratory
rate is identified as the dominant frequency component in
the expected physiological range for human breathing (e.g.,
0.25 Hz corresponds to 15 breaths per minute). To enhance
robustness against noise and movement artifacts, we leverage
our multi-antenna configuration. The BR estimation process
is performed independently for each of the four antennas
in our radar array, resulting in four separate respiratory rate
estimations (BR;, BRs, BR3, BRy) for each detected subject.
We then employ a consensus mechanism to determine the final
breathing rate BR; as follows:

BR; = mode(BR;, BRy, BR3, BR) (1)

This approach selects the most frequently occurring breathing
rate estimate across all antennas. In cases of a tie (when
two different rates occur with equal frequency), we select the
median value to minimize the impact of outlier measurements.

III. EXPERIMENTAL RESULTS

To evaluate the proposed approach we first collected data
as outlined in Section II-A, through the TT AWR1243BOOST
radar operating at 77-81 Hz. For all experiments, we used the
following settings: two transmitting antennas, four receiving
antennas, 374 samples per chirp, 99 chirp loops, a measure-
ment rate of 25 Hz, an ADC sample rate of 3 x 105 and a
chirp slope of 3.013 x 10%3.

During the recording, multiple subjects were present in the
environment, in particular, sitting in different positions facing
the mmWave board. The data collection involved 4 volunteers
(3 males, 1 female), breathing normally. Considering the
fact that the subjects’ bodies should not overlap, we chose
to position them diagonally, as shown in Figure 1. All the
subjects were free from respiratory, cardiac, or any other
diseases that may alter the normal breathing. Each recording
we performed lasts two minutes.



We collected ground truth data for breath rate using Hex-
oskin Pro Kit [12], which is a wearable system designed
for continuous monitoring of physiological parameters. This
shirt integrates Respiratory Inductance Plethysmography (RIP)
bands positioned around the chest and abdomen, which detect
thoracic and abdominal movements associated with breathing
cycles.

TABLE II: MAPE and MAE in breath rate estimation, at
varying of the number of subjects and the window size.

30 sec window | 60 sec window | 120 sec window

# Sbj ‘ #EXP | MAPE MAE | MAPE MAE | MAPE ~ MAE
1 8 46% 083 | 24% 044 | 29% 055
2 7 57% 096 | 64% 107 | 29% 053
3 8 39% 070 | 3.1% 056 | 45% 08I
4 4 48% 075 | 65% 103 | 21% 034

Average | 47% 079 | 46% 077 | 33%  0.59

A. Analysis of the Results

To evaluate the proposed methodology, we estimated the BR
varying the number of subjects sitting in the room and using
different time window sizes to find the best configuration.
Table II reports the achieved results in terms of estimation
accuracy. The first column indicates the number of subjects
simultaneously sitting in the room, while the second column
shows the number of experiments conducted under the cor-
responding setup. The remaining columns present the MAPE
and MAE values for three different window sizes: 30, 60, and
120 seconds, respectively. The MAE and MAPE are defined
as follows:

At_Ft

1 n
MAE = — A, — F
At TLZ| ¢ t|

1 n
MAPE = 100~ Z
n t=1 t=1

where A, is the ground truth value, F; is the estimated value,
and n is the number of observations.

The results demonstrate that window size has a significant
impact on the estimation of the BR. Short windows (e.g.,
30 seconds) make it more challenging to capture complete
respiratory cycles for frequency analysis, resulting in higher
MAE and MAPE values. In our experiments, since subjects
maintained a constant respiratory rhythm during data collec-
tion, the optimal window size was found to be 120 seconds,
yielding an average MAPE of 3.3% and an average MAE
of 0.59. However, one could argue that longer windows may
smooth out short-term variations by averaging different BR
values, potentially reducing estimation accuracy when the sub-
ject experiences sudden changes in breathing rate. While this
aspect warrants further investigation, such abrupt changes are
relatively infrequent within the population. On the other side,
the results obtained using 30 and 60-second time windows
are getting worse, respectively scoring a MAPE of 4.6% and
47% and a MAE of 0.77 and 0.79. With very short time
windows (e.g., 15 seconds, not reported in the table), the
algorithm often failed to detect significant peaks, resulting in
highly inaccurate BR estimations. We faced some variability in
optimal window sizes for different subject counts, particularly

evident in the 3-subject scenario. However, there is not a
specific trend on accuracy degradation on the BR estimation
error when several people are present simultaneously in the
monitored environment.

Compared to state of the art methods exploiting TT AWRxxx
devices (see Table I), the approach proposed in this paper
achieves a comparable MAE and MAPE while simultaneously
monitoring more subjects (up to 4). Optimal performance was
obtained, in particular, when monitoring 4 subjects concur-
rently, achieving a MAE of 0.34 and MAPE of 2.1%.

B. Limitations and Future Work

The proposed approach presents some limitations related
to the position of individuals involved and their movements.
Specifically, it was not possible to accurately estimate the
breathing rate of subjects who were not facing the mmWave
board. In such cases, chest movements produced minimal
phase variation, rendering respiratory detection ineffective.
For similar reasons, the board must be positioned at chest
height to maximize sensitivity to respiratory motion. More-
over, since the algorithm differentiates subjects based on
their distance from the board, individuals must be placed
at distinct and sufficiently spaced positions to prevent signal
interference caused by adjacent chest movements. This issue
was particularly evident during measurements involving three
subjects, where the central individual consistently showed the
highest estimation error due to interference from neighboring
movements. Another limitation is the requirement for subjects
to remain still, as any body movement introduces significant
noise and degrades the quality of the collected data.

While these limitations may affect the general applicabil-
ity of mmWave technology for BR estimation in dynamic
or uncontrolled environments, there are specific scenarios
where these constraints are naturally satisfied. For instance,
in hospital rooms, sleep laboratories, or elderly-care facilities,
individuals often remain relatively stationary for extended
periods and can be positioned in a controlled manner with
respect to the mmWave board. These environments also allow
for proper sensor alignment at chest level, minimize motion
artifacts, and reduce the likelihood of interference from nearby
individuals. As such, they represent ideal use cases where the
proposed approach can be effectively applied.

Future work will focus on improving robustness in less
controlled environments, enhancing subject identification in
crowded settings, and incorporating motion compensation
techniques to extend applicability to a broader range of real-
world scenarios.

IV. CONCLUSIONS

Exploiting FMCW radar, this paper presents an approach to
estimate the breath rate of up to four people simultaneously
sitting in an environment. We tested the proposed methodology
across different settings, achieving in average, for the most
challenging case of 4 simultaneous subjects, a MAPE of 2.1%,
with a deviation from ground truth of only 0.34 breaths, by
considering an observation time window of 120 seconds.
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