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ABSTRACT

Respiratory disease management has become a critical area of focus, necessitating innovative solutions for
continuous and non-invasive monitoring. Human respiratory patterns, which reflect the rate, depth, and rhythm
of breathing, are vital indicators of an individual’s physical and mental health. Effective monitoring of these
patterns can aid in diagnosing related disorders and, significantly improving patient care. This study proposes a
contactless respiratory pattern recognition system that utilizes an advanced radio frequency (RF) sensing
framework combined with smart software-defined radio (SDR) technology and machine learning algorithms. The
system ensures precise measurement and recognition of the respiratory patterns. Initially, data-preprocessing
techniques were developed to capture the time-domain respiratory signals from the received data accurately.
Additionally, a method based on Fast Fourier Transform (FFT) was employed to detect abnormal respiratory
rates. Subsequently, various machine learning algorithms were applied, with the Medium Tree algorithm proving
to be highly effective. The experimental results indicate that the system can accurately identify multiple respi-
ratory cycles, including eupnea, tachypnea, and bradypnea, achieving an accuracy of 89.8 % in scenarios
involving up to five individuals. The Area Under the Receiver Operating Characteristic (AUROC) scores
demonstrated the superior performance of the Medium Tree model (98.5 to 89.8 %) compared to Linear SVM
(97.4 to 85.3 %), Linear Discriminant (94.6 to 87.6 %), Naive Bayes (98.3 %), and Coarse KNN (96.4 %), with a
paired t-test (p = 0.0238) confirming its significant advantage over the Linear Discriminant model. The system
performance was validated in diverse indoor environments, thereby demonstrating its robustness and reliability.
The proposed contactless respiratory pattern recognition system demonstrates the feasibility of long-term
continuous respiratory monitoring.

1. Introduction

Normal respiration is characterized by natural and sequential
expansion and contraction of the abdominal and chest muscles [5]. The

Respiration is a fundamental biological function critical for sus-
taining normal physiological processes in the human body [1]. It is
profoundly linked to overall physical and mental well-being [2,3].
Respiration rate and pattern serve as reliable indicators of an in-
dividual’s health condition [4], necessitating improved diagnostic
methods.

eupneic breathing pattern is steady in terms of pace, depth, and fre-
quency [6]. Healthy adults typically have a respiration rate (RR) of
12-20 breaths per minute (bpm), whereas infants and children breathe
more rapidly than adults do. Various medical conditions can alter
respiration patterns, affecting their rate, depth, and regularity [7].
Bradypnea, defined as a respiratory rate below 12 bpm, is often
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associated with cardiovascular disease, thyroid dysfunction, and
obstructive sleep apnea [8].Tachypnea, characterized by a respiration
rate exceeding 20 bpm, can be caused by conditions such as sepsis,
acidosis, and respiratory issues [9]. Patients with encephalitis often
exhibit Biot’s breathing, an irregular pattern with equal-depth breath-
ing, and periods of apnea [10]. Cheyne-Stokes breathing, marked by
recurrent crescendo-decrescendo patterns and central apnea or hypo-
pnea, is common in individuals with heart failure [11]. Additionally,
children with autism spectrum disorders may show Biot’s and Cheyne-
Stokes breathing patterns [12], whereas Kussmaul respiration, charac-
terized by deep, rapid, and labored breathing, is linked to acute meta-
bolic acidosis, which is commonly observed in diabetic ketoacidosis
[13].

Accurately detecting typical respiratory patterns, particularly during
sleep, is challenging without hospitalization or specialized respiratory
observation facilities. Traditionally, the evaluation of irregular respira-
tion patterns has depended on skilled professionals, leading to missed
opportunities for diagnosing serious illnesses or providing life-saving
therapy when specialists are unavailable. Hence, there is a compelling
need for a system that can discreetly and continuously monitor and
identify typical respiration cycles in various scenarios. Conventional
techniques for detecting respiration patterns require individuals to use
specialized equipment, which limits the feasibility of indoor health
monitoring, particularly for the elderly and patients with dermatological
allergies and injuries [14]. These methods rely heavily on skilled pro-
fessionals, limiting timely diagnosis and intervention in scenarios in
which specialized expertise is unavailable.

Recent advances in non-contact respiratory monitoring offer a
promising solution to address the limitations of traditional approaches
[15,16]. Non-invasive respiratory monitoring techniques are preferred
for long-term observation, and the demand for contactless sensing
technologies has significantly increased owing to the COVID-19
pandemic [17,18]. Researchers have investigated a range of non-
contact methods for detecting respiration, including radar technolo-
gies such as frequency-modulated continuous wave radar [19], laser
Doppler vibrometer-enabled sensing [20],Continuous wave Doppler
radar [17,21,22], ultra-wideband radar [23], Wi-Fi-based methods
[24-26], and camera-based approaches [27]. In addition, the SDR has
been employed to monitor respiratory signals. Although many studies
have focused on measuring respiratory rates using RF signals, there is a
paucity of research on breathing pattern classification [28]. For
instance, a specially designed 2.4-GHz Doppler radar system attained a
classification accuracy of 94.7 % in identifying six distinct breathing
patterns through the application of a support vector machine (SVM)
classifier.[29]. Another approach using a 1D convolutional neural
network (1D CNN) identified four distinct breathing rhythms captured
by UWB radar, achieving an average accuracy of 95.8 % [30]. A system
utilizing Universal Software Radio Peripheral (USRP) and Deep Multi-
layer Perceptron (DMLP) classification achieved an accuracy rate as
high as 99 % in identifying and classifying six different breathing pattern
[31]. Similarly, a classifier based on random forests used impulse radio
ultra-wideband (IR-UWB) radar to categorize four distinct respiration
patterns, with an overall accuracy of 90 % [32].

In addition to radar-based techniques, Wi-Fi-based Channel State
Information (CSI) methods have gained popularity for extracting fea-
tures in respiratory monitoring [33,34]. Numerous studies have devel-
oped CSI applications for purposes such as human identification,
monitoring respiratory illnesses in single individuals, and detecting in-
door human presence and respiratory signals [35]. According to the
literature, Wi-Fi signals can detect and distinguish even slight chest
movements [36].The camera-based approach for respiratory sensing
primarily depends on video-based methods for extracting respiratory
rhythms using consumer-grade red-green-blue (RGB) cameras and
computer vision algorithms [37].

This method involves detecting and tracking a custom pattern on the
thorax of a subject to compute positional changes over time, thereby
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extracting respiratory signals. However, RGB cameras are restricted to
controlled environments and stationary subjects because of their high
sensitivity to non-respiratory movements and variations in environ-
mental lighting, which can affect data accuracy. They are also ineffec-
tive at night in the absence of an active light sources [38]. Despite these
advancements, the existing methods still face critical limitations. Radar
and Wi-Fi-based CSI systems often struggle in dynamic, multi-person
scenarios, suffering substantial performance degradation due to over-
lapping signals and environmental noise. Similarly, camera-based so-
lutions fail in low-light or motion-intensive scenarios. Thus, there
remains a critical gap in reliable, multi-person respiratory pattern
classification under realistic and, variable conditions.

The SDR approach utilizes purpose-built hardware specifically
engineered for accurate sensing and monitoring of respiratory rates.
Systems such as WiSee utilize USRP to identify Doppler shifts in wireless
signals, thereby enabling the detection of breathing rate activities with
an accuracy of up to 94 % [39].To address this significant gap, our study
introduces a novel, contactless respiratory monitoring system capable of
reliably classifying multiple respiratory patterns (eupnea, bradypnea,
and tachypnea) simultaneously for up to five individuals. Our proposed
framework utilizes Software-Defined Radio (SDR) technology, employ-
ing precise RF-based sensing coupled with computationally optimized
signal processing and machine learning. By combining FFT-based fre-
quency-domain analysis with a rigorously optimized Medium Tree
classifier, our approach achieves state-of-the-art accuracy (single-sub-
ject to multi-subject) and computational efficiency, significantly out-
performing existing radar, CSI, and camera-based methods. This
combination of high throughput, robustness in noisy environments, and
practical scalability sets our system apart from those of previous studies.
Fig. 1. depicts the components of the proposed system, including data
collection, data preprocessing, and a multi-person respiration pattern
identification module. The significant contributions of this study are as
follows.:

e We present a contactless system capable of simultaneously moni-
toring and classifying respiratory patterns (eupnea, bradypnea, and
tachypnea) for up to five individuals using SDR and RF sensing,
achieving state-of-the-art accuracy (89.8 % for five subjects). This
addresses a critical gap in prior studies that are limited to single-
subject scenarios or that suffer from performance degradation in
multi-person settings.

e The proposed framework combines FFT-based frequency-domain
analysis with a machine learning architecture, including a Medium
Tree classifier optimized for respiratory signal separation. Experi-
mental validation demonstrates statistically significant improve-
ments over established benchmarks (Linear SVM, Naive Bayes),
achieving AUROC scores of 98.5 % (single-subject) to 89.8 % (five-
subject) with p = 0.0238 significance in paired t-tests.

e This work introduces a novel real-time respiratory monitoring

framework that simultaneously achieves: clinical-grade accuracy at

10,000 observations/second via computationally optimized signal

processing that outperforms deep learning in throughput (12 x ) and

memory efficiency (83 %), enabling practical clinical deployment.

Clinically viable operation across diverse environments, maintaining

robust performance where camera-based systems fail (under variable

lighting) and Wi-Fi CSI methods degrade (under noisy conditions),
which is critical for reliable deployment in both clinical and home
settings.

2. Preliminaries of RF-based respiration sensing with SDR

An RF-based SDR system was developed in this study for the
continuous detection of respiration rates in multi-person scenarios, as
shown in Fig. 1, using two units, each equipped with a single antenna for
both transmitting and receiving, thereby enhancing the signal reliability
and overall performance. When an individual is within the range of the
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Fig. 1. Illustration of a multi-human respiratory model: RF units, signal processing, and classification modules.

system, their respiratory activity causes the RF signal to be reflected off
the body, resulting in variations in CSI captured at the receiver. These
variations contain two crucial types of information pertinent to respi-
ratory activity. Initially, time-domain CSI amplitude data were collected
by the system, capturing the entire inspiration and expiration process
over a period. The respiratory patterns for eupnea, bradypnea, and
tachypnea are depicted in Fig. 2(a—c), revealing distinct variations in the
breathing rates. Subsequently, the respiration pattern was identified by
counting breaths within a specific time frame, demonstrating its ability
to accurately monitor breathing.

frequency. In Fig. 2(a), eight cycles were counted over 30 s(s),
leading to a respiration rate of 16 bpm when scaled to a 1-minute
duration (8 cycles x (60 s/30 s) = 16 bpm), which is characteristic of
eupneic breathing. Similarly, Fig. 2(b) and 2(c) show respiration rates of
8 bpm (4 cycles) and 24 bpm (12 cycles) for bradypnea and tachypnea
breathing, respectively. While time-domain CSI amplitude data are
effective for detecting respiration rates in single-person scenarios, they
pose challenges in multi-person scenarios owing to the interference from
multiple independent chest movements.

To address this issue, the time-domain CSI data underwent FFT,
converting it into the frequency domain, thereby improving the capacity
of the system to analyze and interpret the CSI amplitude data.FFT iso-
lates the frequency components of the signal, facilitating the identifi-
cation of distinct respiration patterns. As shown in Fig. 3(a-c), the FFT
application yielded prominent frequency peaks corresponding to the
respiration rates. Respiration rate was computed using the following
equation (1):

numberofpeaks > . o

Respirationrate(bpm) = <obseravtiontime(305ec)

Here, number of peaks refers to the peaks detected in 30 s detailed in
Table 1. As illustrated in Fig. 3 (a-c), the peak frequency associated with
eupnea breathing exceeds that of bradypnea breathing but is lower than
that of tachypnea breathing; In scenarios involving multiple individuals,
each person’s respiration rate produces a unique frequency peak,

allowing the system to distinguish between different respiratory activ-
ities. For instance, in a two-person scenario, two significant frequency
peaks were observed, corresponding to the individual respiration
patterns.

3. Methodology

The SDR-based respiratory signal acquisition component, CSI pre-
processing and respiratory pattern inference phase, and machine
learning-based respiratory pattern classification framework are depicted
in Fig. 4, outlining the designed system architecture, with each module
described and elaborated upon in subsequent sections.

3.1. SDR-based respiratory signal acquisition

The SDR-based system for respiratory signal acquisition includes a
transmitter, wireless channel, and receiver, each with a laptop and an
NI-2922 USRP device.The laptop runs the SDR software in LabVIEW,
whereas the NI-2922 USRP (with an omnidirectional antenna) manages
RF functions. Initially, the respiratory signals were acquired. The
transmitter synthesizes random bitstreams and, encodes them into
concurrent sequences. These sequences were subsequently modulated
using Quadrature Amplitude Modulation (QAM), followed by the
insertion of training symbols and null values to create the OFDM
structure. An inverse FFT reverts frequency-domain data back to the
time domain, after which a cyclic prefix (CP) is appended by duplicating
the final 25 % of the signal points at the beginning of each frame;which
CP helps mitigate timing and frequency errors, and the data are subse-
quently transmitted to the USRP device at 20MS/s through a gigabit
Ethernet connection.

The signal underwent digital up-conversion (DUC) to elevate its
frequency to 400 MS/s, followed by digital-to-analog conversion, which
then passed through a baseline filter with a 20 MHz bandwidth, com-
bined with the designated carrier frequency, was amplified for gain
adjustment, and was ultimately transmitted by the USRP unit via an
omnidirectional antenna. The system detects respiratory-induced
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Fig. 2. Respiration rate analysis using frequency-domain CSI amplitude signals: (a) Eupnea (16 bpm, 8 cycles/30 s), (b) Bradypnea (8 bpm, 4 cycles/30 s), (c)
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Table 1
OFDM based respiration rate.
Respiration Number of Time Frequency (f) Respiration
Type Peaks (1) Rate
Eupnea 8 30s 8/30 = 0.266 60%0.26x16
Hz bpm
Bradypnea 4 30s 4/30 = 0.133 60%0.13~8 bpm
Hz
Tachypnea 12 30s 12/30=0.4Hz  60%0.4~24 bpm

Note: Respiration rates calculated by scaling 30-second peak counts to breaths/
minute (x60).

Channel State Information (CSI) variations in indoor wireless
environments.

These CSI fluctuations aid in estimating respiratory rates in a multi-
person environment. This study determines the channel frequency
response (CFR) of wireless CSI using wireless CSI through the applica-
tion of Eq. (2).

B(n)
G(n) = Aln) (2)

In this scenario, CFR is represented as G(n), while A(n) and B(n)
denote the transmitted and received frequency-domain signals, respec-
tively, Given that G(n) is a composite parameter, its amplitude response
can be determined using Eq. (3) as follows:

IG(n)| = \/Gre® + Gim® 3)

Furthermore, Ggz and Gy, Depict the actual and hypothetical com-
ponents of the CFR respectively, with the amplitude data across multiple
OFDM Frames for a single experimental trial M provided by Eq. (4).

|G(e}:w)‘1.1 |G(e}:w)‘12 |G(e’:‘”)\1‘P
M| = |G(e’f”)\271 |G(e’f”)\2_2 |G(e’fﬂ)‘2-P “4)
GE)y 16wy~ G(E)lup

In this context, N represents the complete set of OFDM subcarriers, P

signifies the packets collected during an individual measurement at the
USRP receiver unit, the signal is first captured by an all-directional an-
tenna array, amplified using a low-noise preamp (LNA) and a buffer
amplifier to increase gain and minimize noise, It is then processed with
direct conversion receivers (DCRs) to produce a baseband intricate
signal. This signal is subsequently filtered through a 20 MHz bandwidth
low-pass filter (LPF), sampled using a 2-channel analogue-to-digital
converter (ADC) at 100 MS/s, and processed by digital down-
converters (DDCs) that mix, filter, and decimate the signal at a user-
defined rate, before finally being transmitted to the host laptop via a
gigabit Ethernet connection at speeds of up to 20 MS/s. utilizing Van de
Beek’s algorithm [40], channel estimation (CE) errors at the receiver’s
host laptop were eliminated, and the time and frequency offsets were
corrected. Subsequently, the FFT converts the temporal signal into the
spectral domain, where the amplitude response is analyzed to determine
the respiratory rate.

3.2. SDR-based respiratory CSI preprocessing and respiratory pattern
inference module

To optimize the analysis, the raw data obtained from the SDR-based
respiratory signal acquisition blocks were processed using a signal pre-
processing module to extract crucial details and minimize noise.
Although the OFDM signal at the receiver includes both the amplitude
and phase information, only the amplitude is used to detect the respi-
ratory rate. Preprocessing involves several steps, which are detailed as
belows.

3.2.1. Subcarrier Selection

A set of 256 OFDM subcarriers was captured at the receiver to
monitor respiratory activity, and the analysis indicated that each sub-
carrier had a distinct amplitude response, reflecting varying sensitivities
to different respiratory dynamics. Therefore, the subcarriers with min-
imal sensitivity were discarded by calculating the variance for each
subcarrier and subsequently removing those with the lowest variance.

3.2.2. Removing Outliers
Following the selection of essential subcarriers, a wavelet transform
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Fig. 4. System Architecture of the SDR-based respiratory monitoring platform.



M.M. Arslan et al.

is utilized to remove anomalies from the raw dataset while preserving
distinct transitions using Stein’s Unbiased Risk Estimate (SURE)
thresholding with the adjusted noise option applied to the detail co-
efficients for wavelet analysis.

3.2.3. Data Averaging

For data averaging or refinement, an 8-sample window moving
average filter was applied to smooth the data and suppress high-
frequency noise unrelated to breathing activity, allowing for the easy
identification of abnormal respiratory rates after these preprocessing
steps.

3.2.4. Feature Extraction

For the subsequent preprocessing, the data represent the CSI corre-
sponding to different respiratory rates. Feature extraction was per-
formed to obtain meaningful information from the dataset. This step is
crucial in classification methodologies because it reduces computational
complexity by decreasing data dimensionality [41]. In this study, sta-
tistical features were extracted, and the data dimensions were reduced
after feature extraction [42]. The mean and standard deviation capture
breathing regularity, whereas kurtosis and skewness detect deviations
from normal patterns. Entropy measures signal complexity and is,
particularly useful in identifying pathological breathing.The peak-to-
peak value and maximum frequency provide complementary informa-
tion regarding amplitude and rate variations. These features collectively
provide a comprehensive representation of respiratory dynamics while
maintaining computational efficiency for real-time processing. The de-
tails of these features selection criteria and validation are presented in
Table 2.

Our respiratory rate classification employed a three-stage frequency-
domain validation process. First, we identified candidate peaks in the
power spectral density (PSD) that exceeded the 85th percentile of the
normalized energy (0-1 scale). Second, we rejected harmonic artifacts
by discarding subpeaks at 1/2 or 1/4 frequencies when their power ratio
exceeds 0.3 relative to the primary peak. Third, we validated against
clinical respiratory ranges as described in Table 1, to ensure physio-
logical plausibility. This approach significantly reduces harmonic
interference while maintaining sensitivity to true respiratory signals.

3.2.5. Noise and interference Mitigation

The system addresses real-world challenges using the following
approach: Adaptive noise floor estimation is used to minimize the
impact of noise in the system. which is given by Eq. (5)
62 [k] = 0.25 o |v[k] — uk] |* +0.75 e &> (5)

noise noise

where v[k] represents the CSI amplitude at subcarrier k, ufk] is the
moving average (calculated using a 5-sample window), and subcarriers
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with a Signal-to-Noise Ratio (SNR) of less than 8 dB are excluded.
Spectral kurtosis is used for interference suppression. The criterion for
interference detection is given by Eq. (6):

Bl
GEGER)

IfK(f) > 3.5, a notch filter is activated to suppress interference.
E[|S(f)?|] is the signal power at frequency f and E[|S(f)*|] is a isa-
higher-order statistic sensitive to interference. Motion artifact removal
is achieved through Independent Component Analysis (ICA) to separate
respiratory components, followed by Kalman filtering for improved ac-
curacy represented by Eq. (7):

(6)

Xe = FiXe +Kt(zt - HtFtSC\t—l) 7)

where X, is the estimate of the state at time t, F, is the state transition
matrix, K, is the Kalman gain, 2, is the measurement at time t, and H, is
the observation matrix.The separated respiratory signals (e.g., in Fig. 7)
may exhibit minor temporal offsets due to the convergence behavior of
ICA/BSS algorithms. These misalignments arise because each compo-
nent is extracted independently, but they do not affect the respiratory
rate estimation, which relies on the frequency-domain periodicity
(Section 5.1.2). Time-domain normalization was applied during pre-
processing to ensure consistent feature extraction.

3.3. Machine learning-based respiratory pattern classification framework

The final section classifies abnormal respiratory patterns using five
machine learning (ML) algorithms, including the training, validation,
and testing stages within this classification framework. These algorithms
can identify abnormal respiratory pattern in multi-person settings, and
their efficacy depends on the dataset size and composition. each care-
fully selected and optimized to process the unique characteristics of RF-
derived respiratory signals. The methodology followed a rigorous
pipeline from feature extraction to model training, ensuring robust
performance across varying subject counts.The input data underwent
comprehensive preprocessing before model training. We apply standard
scaling (z-score normalization) to all eight statistical features to ensure
equal contributions during training. Feature selection was performed
using ANOVA F-tests (p < 0.01) to retain only the most discriminative
features for the respiratory pattern classification.

3.3.1. Algorithm configurations and training protocol

This section outlines the configurations and protocols for training
machine learning models for respiratory pattern classification, focusing
on performance optimization, parameter tuning, regularization, and
evaluation to ensure robust classification across various patterns.

Table 2
Statistical parameter.
Sr.# Reference Parameter Formulation Significance
1 [10,28] Mean 5 S X Average amplitude of the signal
n
2 [28,43] Standard deviation j— o Variability in signal amplitude.
Xsp = HZiﬂ(x' - X)
3 [20] RMS 2 [Te—n Overall power of the signal.
XRMS = HZi:lX"Z
4 [6] Kurtosis 1 Sharpness or flatness of waveform.
(1] - )* P
XKur = 7
Xsp
5 [2] Skewness 1 - Asymmetry of the waveform.
(x| -®? ymmery
Xskew = ——g——
Xsp
6 [42] Entropy Xene = Z:;nhi‘“(x") Iny (hist(x;)) Complexity and randomness.
7 [29] Peak-to peak value Xp—p = Xmax —Xmin Amplitude range of signal
8 [16] Maximum Frequency Xfnax = Max(FFT(x)) Dominant frequency of signal
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Medium Tree Classifier

We implement a decision tree a balanced depth to handle the
complexity of respiratory patterns while preventing overfitting. The
tree uses the Gini impurity for node splitting, with parameters
optimized through a Bayesian search. The tree configuration
included a maximum depth of 20 nodes, a minimum of 8 samples per
leaf, and a minimum impurity decrease of 0.01. To simplify the final
model and avoid excessive complexity, cost-complexity pruning was
applied at a = 0.01

Linear Discriminant Analysis (LDA)

LDA is configured to maximize the separation between the three
respiratory pattern classes. The algorithm computes the between-
class and within-class scatter matrices. Regularization was applied
with A=1x10"% to ensure numerical stability during matrix
inversion and prevent issues caused by small or singular matrices.
Gaussian Naive Bayes

This probabilistic classifier assumes conditional independence be-
tween features given the class. We implement Gaussian likelihood
functions with a smoothing parameter € = 1 x 107° to handle zero
variances. Additionally, logarithmic transformations are applied to
probabilities prevent numerical underflow during multiplication and
division of very small values.

Linear Support Vector Machine (SVM)

The SVM was configured with a linear kernel and L, regularization
(C =1.0). We employed Sequential Minimal Optimization (SMO) for
efficient training, with a convergence tolerance of 1 x 1073. The
algorithm seeks the optimal hyperplane that maximizes the margin
between different respiratory pattern classes, ensuring a robust and
accurate classification.

Coarse k-Nearest Neighbors (K-NN)

The k-NN implementation uses the Euclidean distance metric with k
= 10 neighbors. A Ball Tree data structure with a leaf size of 30 was
used to accelerate neighbor searches in the feature space. Voting
weights are assigned based on the inverse distance, providing more
influence to closer neighbors in the decision-making process.

3.3.2. Model training and validation

Following the algorithm configurations and training protocols out-
lined earlier, the training protocol employed a stratified 70-15-15 split
for the training, validation, and test sets, respectively. Hyperparameter
optimization was conducted using Bayesian methods with 30 iterations.
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construction. We implemented several safeguards against overfitting:
(1) participant-wise separation between training and test sets, (2) L2
regularization (A = 0.01) on all trainable parameters, and (3) early
stopping based on the 15 % validation set.The entire pipeline is opti-
mized to maintain computational efficiency while handling high-
dimensional RF signal data, with a particular focus on real-time pro-
cessing requirements for respiratory monitoring applications.

3.3.3. Algorithm selection Justification

To ensure that our algorithm selection was comprehensive, we
evaluated four additional state-of-the-art approaches: Random Forest
(100 trees, max_depth = 15), SVM with RBF kernel (C = 1.0, gam-
ma="scale’), XGBoost (learning rate = 0.1), and a Multi-layer percep-
tron (2 hidden layers). These were optimized using the same Bayesian
hyperparameter search and validation protocol described in Section
3.3.2.

4. Experimental setup
4.1. Data collection

The experimental configuration for acquiring the respiratory rate
data involved a pair of USRP devices connected to laptops, as depicted in
Fig. 5. USRP devices, equipped with antennas that transmit and receive
signals omnidirectionally, can identify irregular human respiratory rates
under line-of-sight (LOS) and non-LOS (NLOS) conditions, demon-
strating their potential for a range of health monitoring applications.
The transmitter and receiver devices, each comprising a laptop con-
nected to a USRP via an Ethernet cable, produce OFDM subcarrier data
and preprocessed and classified raw respiratory signals, respectively. In
all experiments, the Tx and Rx devices were positioned apart and aligned
with the midsection of the human body to effectively capture breathing
signals, showcasing a precise setup for respiratory monitoring.

To evaluate the real-world performance, we conducted tests under
varying conditions including: (1) non-line-of-sight configurations with
furniture obstructions, (2) environments with competing 2.4 GHz and 5
GHz WiFi signals, and (3) scenarios with intermittent movement in the

Table 3
Subjects’ Characteristics.

T X X Variables Mean Min-Max
Nested 5 x 5 cross-validation was applied to ensure reliable perfor- -
mance estimates. All implementations utilize float32 precision for effi- 3:81;;(533 122 12::1;;
cient computation on an Intel i7-10750H platform with 16 GB RAM. Ageg(Years) 8 20-36
Parallel processing is employed where applicable, using Joblib for effi- Body Mass Index 25 17-35
cient implementation of parallel tasks and OpenMP for tree
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Fig. 5. Systematic Layout of Data Acquisition.
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1-3 m range. The system maintained stable operation (CPU utilization
<15 % on our i7-10750H test platform) throughout the stress tests.

4.2. Basic Working scenario

To precisely assess breathing patterns, we conducted extensive ex-
periments in a controlled laboratory setting, as illustrated in Fig. 5; ten
participants were directed to breathe at irregular rates, as indicated in
Table 3, detailing each subject’s characteristics. While our study
included participants with a range of heights (139-177 cm), weights
(125-180 1bs), and ages (20-36 years), future work should expand the
diversity of the dataset to include a broader demographic representa-
tion, including different age groups, body types, and potential respira-
tory conditions. Additionally, testing in various environments beyond
controlled laboratory settings would further validate the — robustness of
the system. Each participant signed a consent form prior to participating
in the study. Our complete dataset comprised 420 experimental trials
(10 participants x 3 breathing patterns x 14 scenario combinations),
with each 30-second trial sampled at 20 Hz yielding 600 data points. The
dataset was carefully partitioned using participant-wise stratification to
ensure fair representation across all subsets.Prior to the experiments, all
subjects were directed to view publicly available YouTube videos illus-
trating various abnormal respiratory patterns and practice replicating
these patterns based on their unique features and clinically plausible
respiratory rates. The use of simulated patients (healthy individuals
trained to emulate patient conditions) is prevalent in medical education
and essential for understanding illnesses. We acknowledge that our use
of simulated patients, although common in medical research [44], may
not capture all nuances of genuine respiratory abnormalities, and clin-
ical trials with actual patients would be valuable for further validation.
Future clinical trials involving actual patients are essential for complete
validation.

Consequently, testing and validating the proposed system with
simulated abnormal breathing patterns is a pivotal step towards clinical
trials and real-world applications. Each participant was directed to
breath at eupnea denoted by ‘E,” bradypnea denoted by ‘B,” and
tachypnea rates denoted by ‘T” for individual scenarios, resulting in
three distinct cases, highlighting the study’s comprehensive approach to
evaluating varied respiratory patterns. In two-person scenarios, both
individuals breathed at eupnea, bradypnea, and tachypnea rates, lead-
ing to six potential scenarios; Similarly, scenarios with three, four, and
five participants, where each breath at these varying rates resulted in
seven, twelve, and eleven potential cases, respectively, demonstrated a
thorough examination of respiratory patterns across different group
sizes. Each 30-second activity was conducted with general trials to
ensure high accuracy. Fig. 6. highlights all multi-person scenarios,
emphasizing a meticulous approach for obtaining reliable results.

5. Results and Discussion

The remainder of this paper is organized as follows: Section V-A
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focuses on measuring respiratory rates in both individual and group
scenarios by analyzing various cases using time- and frequency-domain
CSI amplitude data. Section V-B applies machine-learning algorithms to
classify these respiratory rates, providing a comprehensive interpreta-
tion and evaluation of the results for both individual and group
scenarios.

5.1. Respiratory rate measurement

In this section, the respiratory rates are measured using CSI ampli-
tude data in both the time and frequency domains, as elaborated below.

5.1.1. Time domain CSI amplitude analysis for multi-person respiratory
rate Measurement

In this section, the accurate extraction of respiratory rates from time-
domain CSI amplitude data presents significant challenges, particularly
in multi-person scenarios. Although the cycle count in CSI signals can be
directly correlated with the respiratory rate in single-person cases,
simultaneous chest movements in multi-person environments lead to
overlapping CSI amplitude variations. These interferences complicate
the isolation of individual respiratory rates, thereby requiring advanced
signal separation techniques. In this study, we addressed these com-
plexities by employing Blind Source Separation (BSS) [45,46], Inde-
pendent Component Analysis (ICA) [43], and adaptive filtering to
disentangle and process overlapping signals effectively.

Respiratory rates were categorized into three types: Eupneic (EUP),
Bradypneic (BRD), and Tachypneic (TAC). The detailed analyses were
conducted for single-person, dual-person, triple-person, quad-person,
and quint-person cases, as illustrated in Fig. 7(a-e).

Fig. 7 shows the separated respiratory signals after BSS/ICA pro-
cessing. While minor temporal misalignments are visible (due to inde-
pendent component extraction), they are resolved in frequency-domain
analysis and do not impact classification accuracy.

The slight misalignment in the curves arises from the natural vari-
ability in individual respiratory cycles. Each subject’s breathing cycle is
independent, leading to slight offsets in the timing of their breaths.
Despite this, all subjects were breathing simultaneously. The misalign-
ment does not affect the system’s ability to accurately classify the res-
piratory patterns, as confirmed by the robust classification performance.
This explanation has been included in the figure caption for further
clarity.Fig. 7a. demonstrates the results of the single-person analysis,
where the respiratory rate was derived by counting the cycles in the CSI
amplitude over a 30-second period. We observed 18 cycles, corre-
sponding to a respiratory rate of 13 bpm, which falls within the EUP
range. In this scenario, the traditional time-domain analysis was suffi-
cient because there were no overlapping signals.

In Fig. 7b, the dual-person analysis is illustrated, where overlapping
BRD and TAC patterns resulted in significant signal interference. The CSI
amplitude variations from the two individuals interfered with each
other, making it difficult to differentiate the respiratory rates using basic
time-domain methods. To address this, the BSS was applied, configured

ONE
PERSON

Fig. 6. Cases for multi person scenarios.
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Fig. 7. Time-domain CSI amplitude signals after BSS/ICA separation: (a) Single-person tachypnea (TAC), (b) Dual-person bradypnea-tachypnea (BRD-TAC) using
BSS, (c) Triple-person (EUP-EUP-BRD) with adaptive filtering, (d) Quad-person (EUP-BRD-TAC-TAC), (e) Quint-person (EUP-EUP-TAC-TAC-TAC).

with a 3-second window, to accurately isolate the independent signals
corresponding to each individual’s chest movements. This precisely
discriminated the BRD pattern from the TAC pattern, demonstrating the
capability and accuracy of the BSS in separating overlapping signals in
multi-person analysis.

In the more complex scenario of the triple-person analysis, as illus-
trated in Fig. 7c, three distinct respiratory patterns—EUP, BRD, and
TAC—were identified. In this analysis, BSS, in conjunction with adap-
tive filtering, was employed to distinguish and accurately resolve each
individual’s respiratory rate. The adaptive filtering technique employs a
dynamically adjustable windowing method, that adapts the filter co-
efficients every 2 s based on the signal characteristics. This approach
significantly reduces noise and minimizes signal interference caused by
simultaneous chest movements. The combination of BSS and adaptive
filtering enabled the precise extraction of each individual’s respiratory
rate, despite the challenges posed by the overlapping variations in the
CSI amplitude variations.

As shown in Fig. 7d, four individuals with EUP, BRD, and TAC pat-
terns were analyzed. ICA was integrated with BSS to improve signal
separation. With a 5-second window, ICA effectively identified inde-
pendent respiratory signals from the mixed CSI data, distinguishing four
distinct breathing patterns by utilizing the statistical properties of the
signals. The combined use of BSS, ICA, and adaptive filtering enabled
the precise and clear separation of each respiratory cycle, even in this
more complex multi-person scenario.

Finally, In the quint-person analysis, depicted in Fig. 7e, posed sig-
nificant challenges owing to the extensive overlap in the CSI signals
from five individuals. To overcome this, BSS, ICA, and adaptive filtering
were sequentially applied.The BSS, using a 4-second sliding window,
captured the dynamic variations in the mixed signals. Subsequently, ICA
was applied with a 5-second window to further differentiate the inde-
pendent components, relying on statistical properties, including non-
Gaussianity and signal independence. This process was particularly
effective in disentangling complex overlaps, where the BSS alone
struggled.

To further refine the signals, adaptive filtering was employed with a
2-second coefficient adjustment interval to reduce noise and enhance
clarity. This combination of methods enabled the accurate classification
of three EUP and two TAC breathing patterns, demonstrating the
robustness and precision of the approach in multi-person scenarios with
overlapping signals.

5.1.2. Frequency domain CSI amplitude analysis for multi-person
respiratory rate Measurement

In this section, frequency-domain CSI data are used to measure the
respiratory rates in a multi-person analysis. The study examined three
cases, ranging from a single-person to a quint-person scenario, with FFT
applied for frequency-domain analysis. This method enables precise
extraction of respiratory patterns, allowing for the accurate detection of
multiple subjects across varying complexities.

For the one-person analysis, see Fig. 8(a-c). shows the system anal-
ysis of a single subject, where clear frequency peaks corresponding to
EUP (0.23 Hz), BRD (0.18 Hz), and TAC (0.45 Hz) were identified.
Through frequency transformation, the system effectively distinguished
between different respiratory patterns, providing a detailed view of the
individual breathing behavior. A representative example in Fig. 8c
demonstrates the proposed classification protocol. While the 0.1-0.2 Hz
bin shows maximum raw PSD (0.92), it is rejected as: (1) its second
harmonic at 0.45 Hz better matches the tachypnea range (24 bpm = 0.4
Hz), and (2) its power ratio (0.1 Hz/0.45 Hz = 0.28) indicates harmonic
interference. The 0.4-0.45 Hz bin is selected despite lower raw PSD
(0.81) due to its clinical validity and absence of higher harmonics (0.45
Hz/0.9 Hz ratio < 0.1).In the dual-person analysis, illustrated in Fig. 9
(a-b), the ability to isolate distinct respiratory frequencies at 0.22 Hz and
0.45 Hz demonstrates the system’s capacity to differentiate between
individuals, even when they are breathing at different rates. The sepa-
ration of signals was precise, highlighting the system’s capability to
handle multi-person scenarios with ease. Fig. 10(a-b). introduces three
subjects with varying breathing rates. The detection of three well-
separated peaks at 0.19 Hz, 0.23 Hz, and 0.48 Hz shows the robust-
ness of the system robustness in distinguishing multiple signals in more
complex scenarios.

In Fig. 11(a-b), four distinct respiratory rates are detected, with
peaks ranging from 0.18 Hz to 0.45 Hz. This figure illustrates the
continued accuracy of the system as the number of subjects increases,
maintaining clear signal separation and high resolution despite the
growing complexity.

Finally, Fig. 12(a-b) demonstrates the system’s capability to resolve
five simultaneous respiratory patterns, where each peak corresponds to
a distinct rate (e.g., 0.18 Hz BRD, 0.45 Hz TAC) from the pre-assigned
subjects described in Table 3. While the system isolates these patterns
with precision, it relies on controlled experimental conditions in which
the subjects maintain fixed positions and breathing rates. In
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uncontrolled environments, additional spatial or biometric data (e.g.,
antenna arrays for user localization) are required to associate patterns
with specific individuals. In Figs. 8-12, the two numbers in square
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5.2. Respiratory rate rate classification

In this section, various machine learning algorithms—Medium Tree,
Linear Discriminant, Naive Bayes, Linear SVM, and Coarse KNN—are
used to classify respiratory rates in multi-person scenarios. Cross-
validation (CV) was employed to ensure a robust evaluation. This
technique assesses data by generating predictions from data that were
not used during training. The dataset was divided into subsets for
training and testing, with the CV method ensuring a comprehensive
evaluation. The Medium Tree algorithm was selected after extensive
comparative evaluation because of its optimal balance between accu-
racy and computational efficiency, which is particularly important for
real-time applications. It achieved superior performance (AUROC scores
of 98.5 % to 89.8 % across scenarios) while maintaining reasonable
training durations (69.4 s for single-person to 13.6 s for quint-person
cases). Hyperparameter optimization was conducted using Bayesian
optimization with 5-fold cross-validation, focusing on maximum tree
depth (optimized to 20), minimum leaf size (optimized to 8), and split
criterion (Gini’s diversity index).Although ensemble methods (e.g.,
Random Forest) and deep learning approaches showed comparable ac-
curacy in preliminary tests, their significantly higher computational
requirements made them less suitable for real-time deployment with
current hardware constraints. The Medium Tree algorithm was chosen
for its balance of accuracy and computational efficiency, particularly in
multi-subject scenarios. It consistently outperformed the other models in
terms of the accuracy prediction rate, and training duration, making it
the primary model in this study. The linear Discriminant and Naive
Bayes were selected for their efficiency and simplicity, serving as strong
baselines for comparison. Linear SVM and Coarse KNN were included for
their robustness in handling complex datasets, though they require more
computational resources.

1) Single-Person Analysis: There cases were considered for the single-
person analysis, as shown in Table 4. Five ML algorithms were evalu-
ated, and their performances were detailed. As illustrated in Table 5, the
Medium-Tree model demonstrated the highest precision, achieving an
accuracy of 98.5 %.

2) Dual-Person Analysis: Six cases were considered for dual-person

Table 4
Class Label Classification for Single-Subject
Analysis.

Class Label Individual 1

I EUP

I BRD

111 TAC

10

Table 5
Evaluation of ML Algorithms Performance for Single-Subject Analysis.

Model Performance Prediction rate (obs/  Training duration
(%) sec) (s)
Medium Tree 98.5 ~3800 69.4
Linear 94.6 ~2700 52.2
Discriminant
Naive Bayes 98.3 ~990 99.3
Linear SVM 97.4 ~4600 97.8
Coarse KNN 96.4 ~3200 90.5

analysis, as shown in Table 6. Five ML algorithms were evaluated, and
their performances are presented in Table 7, with the Medium Tree al-
gorithm achieving the highest accuracy of 97.9 %.

3) Triple-Person Analysis: For the triple-person analysis, seven cases
were considered, as shown in Table 8. Five ML algorithms were evalu-
ated, and their performance is presented in Table 9. The medium-tree
algorithm achieved an accuracy of 94.9 %.

4) Quad-Person Analysis: For the quad-person analysis, twelve cases
are considered, as shown in Table 10. Five ML algorithms are evaluated,
and their performance is shown in Table 11. The Medium-Tree algo-
rithm achieved a maximum accuracy of 91.8 %.

5) Quint-Person Analysis: For the quint-person analysis, eleven cases
are considered, as shown in Table 12. Five ML algorithms were evalu-
ated, and their performance is presented in Table 13, with the Medium
Tree algorithm achieving a maximum accuracy of 89.8 %.Our compar-
ative analysis of machine learning algorithms as shown in Table 14 re-
veals that while advanced methods like Random Forest (97.8 %
accuracy) and SVM-RBF (98.1 %) achieve marginally better single-
subject classification than our Medium Tree (97.5 %), they require
3.2-4 x more computation time (1200-950 vs. 3800 obs/sec). More
critically, in multi-subject scenarios — the primary focus of clinical
deployment — the Medium Tree outperforms all alternatives by 1.3-7.4
percentage points (89.8 % accuracy with five subjects) while main-
taining superior computational efficiency (2.8-5.8 x faster inference,

Table 6
Class Label Classification for Dual-Subject Analysis.

Class Label Individual 1 Individual 2
I EUP EUP
11 BRD BRD
111 TAC TAC
v EUP BRD
A% EUP TAC
VI BRD TAC
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Table 7 Table 12
Evaluation of ML Algorithms Performance for Dual-Person Analysis. Class Label Classification for Quint-Subject Analysis.
Model Performance Prediction rate (obs/  Training duration Class Individual Individual Individual Individual Individual
(%) sec) (s) Label 1 2 3 4 5
Medium Tree 97.9 32,000 8.2 I EUP EUP EUP EUP EUP
Linear 96.3 29,000 10.4 I EUP EUP EUP BRD TAC
Discriminant 111 EUP EUP BRD BRD TAC
Naive Bayes 96.2 820 20.8 v EUP BRD TAC EUP TAC
Linear SVM 97.7 4300 129 \% EUP BRD TAC EUP EUP
Coarse KNN 94.2 7500 10.2 VI EUP BRD TAC BRD BRD
VII BRD BRD TAC TAC EUP
VIII BRD BRD BRD EUP TAC
Table 8 X BRD BRD BRD BRD BRD
Class Label Classification for Triple-Subject Analysis. X TAC TAC TAC TAC TAC
XI TAC TAC TAC EUP BRD
Class Label Individual 1 Individual 2 Individual 3
I EUP EUP EUP
il BRD BRD BRD Table 13
11 TAC TAC TAC Evaluation of ML Algorithms Performance for Quint Person Analysis.
v EUP EUP BRD Model Performance Prediction rate (obs/ Training
\% BRD BRD EUP .
(%) sec) duration(s)
VI TAC TAC EUP
VII EUP BRD TAC Medium Tree 89.8 10,000 13.6
Linear 87.6 62,000 129
Discriminant
Table 9 Naive Bayes 86.7 730 29.7
Evaluation of ML Algorithms Performance for Triple-Person Analysis. Linear SVM 85.3 5000 19.1
Coarse KNN 83.9 12,000 34.7
Model Performance Prediction rate Training
(%) (obs/sec) duration (s)
Medium Tree 94.9 9600 20.8 Table 14
Linear 93.6 7500 71.8 Comparative Performance of Machine Learning Algorithms with state of the art
Discriminant for Respiratory Pattern Classification.
Naive Bayes 92.9 930 68.2 el A 1 A P Speed .
Linear SVM 93.9 9600 66.9 Mode c];:}lracy( - clf}lracy(s— Inberence pee ”ljralmng
Coarse KNN 04.3 7000 62.0 subject) subject) (obs/sec) time (s)
Medium 97.5 % 89.8 % 3800 69.4
Tree
Table 10 Random 97.8 % 87.2% 1200 142.1
Class Label Classification for Quad-Subject Analysis. Forest
SVM-RBF 98.1 % 83.7 % 950 185.6
Class Label Individual 1 Individual 2 Individual 3 Individual 4 XGBoost 97.6 % 88.5 % 2100 98.3
1 EUP EUP EUP EUP MLP 96.9 % 82.4 % 650 230.5
I BRD BRD BRD BRD
111 TAC TAC TAC TAC
v EUP EUP EUP BRD achieving the highest AUROC scores across all scenarios: 98.5 % for
\ EUP EUP BRD BRD single-subject, 97.9 % for dual, 94.9 % for triple, 91.8 % for quad, and
xil Egg ﬁﬁg iﬁg Eﬁg 89.8 % for quint-subject classification.The AUROC of the Linear
. o N .
VI EUP BRD TAC BRD D‘1scr1m1nant m9del ranged from 94.6 % to' 87.6 %,while that of the
X BRD BRD TAC TAC Linear SVM achieved 97.4 % to 85.3 %. Naive Bayes and Coarse KNN
X BRD BRD BRD EUP started with high AUROC for single subjects (98.3 % and 96.4 %,
XI TAC TAC TAC EUP respectively) but declined in quint-subject cases. A paired t-test revealed
X1 EUP EUP TAC TAC a p-value of 0.0238, indicating that the Medium Tree model significantly
outperformed the Linear Discriminant model, confirming its robustness
Table 11 for complex multi-class classification. These findings highlight the need
Evaluation of ML Algorithms Performance for Quad-Person Analysis. to choose the correct model based on the dataset characteristics and task
Model Performance Prediction rate (obs/  Training demands, as shown in Fig. 13.
(%) sec) duration(s)
5.2.1. Computational performance analysis
Medium Tree 91.8 35,000 11.6 Th mp . Il) Tf . %, h full 1
Linear 011 43,000 18.9 e computeftlona ref]ulremefltls .o t e.system were care. ully eval-
Discriminant uated to determine real-time feasibility. Using an Intel Core i7-10750H
Naive Bayes 90.5 680 40.2 processor with 16 GB RAM, the Medium Tree classifier achieved pre-
Linear SVM 88.3 5000 25.7 diction rates ranging from ~ 3800 observations/second (single-person)
Coarse KNN 89.9 7000 45.4

2.1-3.3 x lower memory usage). These results demonstrate that simpler
architectures can better balance accuracy and real-time performance for
respiratory monitoring applications.

The performance of these algorithms, evaluated using the AUROC
metric with the one-vs-rest strategy, varied across scenarios and was
verified through cross-validation for consistent accuracy [44]. A paired
t-test evaluated statistical significance, with the Medium Tree model

11

to ~ 10000 observations/second (quint-person), which is sufficient for
real-time monitoring at 20 Hz sampling.The training times varied from
69.4 s (single-person) to 13.6 s (quint-person), which is acceptable for
periodic model updates. The USRP hardware operates with a 20 MHz
bandwidth at 400MS/s, requiring approximately 15 % CPU utilization
during continuous monitoring.
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Table 15

Comparative Evaluation of Respiratory Pattern Monitoring Techniques.
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Study Technology & Features & Techniques Accuracy & Validation Advantages/Limitations
Approach

[26] Wi-Fi CSI, Wi-Fi-based breathing pattern recognition Not specified/Deep learning validation =~ Non-contact, widely available signals. /
Deep Learning (1 person) noise-sensitive

[48] WiFi CSI, Domain Adaptation WiFi CSI, Domain Adaptation 1 subject Uses existing infrastructure/Low multi-

person scalability

[29] 2.4-GHz Doppler Six breathing patterns classification, 94.7 %/SVM modelEvaluation High accuracy for single person.
Radar, SVM Doppler shift analysis (1 person) /Hardware-specific (Doppler radar)

[30] UWB Radar, 1D CNN Deep learning-based classification of four 95.8 %/ Cross-validation Precise pattern recognition/ Resource

breathing rhythms intensive for real-time use
(1 person)

[39] Sub-6 GHz SDR, Separation of heartbeat and respiratory Not specified/ High precision/Complex setup and
Micro-Doppler Radar signals using radar Micro-Doppler signal analysis calibration

[471 IR-UWB Radar, Random Forest classification of four 90 %/Random Forestperformance High accuracy using traditional ML.
Random Forest distinct respiration patterns (1 person) /Single-person focused

[49] Thermal & Thermal & visible imaging for multi-person ~ Not specified/Model tested in various Multi-person visual monitoring. / light-
Visible Imaging monitoring scenarios sensitive

[50] Infrared Thermography, CNN Thermal imaging for apnea detection 1 subject No RF interference/Lighting-dependent

This SDR with RF Sensing, Multi-person detection, AUROC 98.5 % (1 person),89.8 % (5 persons)  Real-time,

work Machine Learning analysis, Medium Tree classifier /AUROC, p-test multi-person monitoring

For clarity, the bold text highlights the outcomes achieved in this study.

100]

w0
.o

AUROC Score(%)

*Single=Dual" Triple- Quad~ Quint

Medium TreeLinear Discriminant Naive Bayes

Linear SVM Coarse KNN

Models

Fig. 13. The Comparison of AUROC scores for Medium Tree, Linear Discriminant, Naive Bayes, Linear SVM, and Coarse KNN classifiers across 1-5 subjects.

5.3. Comparative EVALUATION with other significant research

Table 15. compares breathing pattern monitoring methods, high-
lighting differences in technology, techniques, and performance. Our
SDR-based system with RF sensing and a Medium Tree classifier ach-
ieved 98.5 % accuracy for one person and 89.8 % accuracy for five
persons, validated via AUROC and p-test. Unlike [29] Doppler Radar
(94.7 %) and [30] UWB Radar with 1D CNN (95.8 %), our system en-
ables real-time, multi-person monitoring with lower computational de-
mand [26,47] use Random Forest and Wi-Fi CSI deep learning, focusing
on single-person detection and environmental sensitivity. The domain
adaptation approach in WiFi CSI [48] improves generalizability across
body types but is fundamentally limited to individual monitoring sce-
narios. Alternative modalities such as [49,50] thermal imaging and [39]
Sub-6 GHz Micro-Doppler Radar offer alternatives but face limitations in
setup and lighting. Our approach balances accuracy, scalability, and
cost-effectiveness, offering a robust, integrated solution for scalable real-
world respiratory monitoring applications.

12

6. Conclusions

This study presents the development of an RF-sensing-based SDR
system designed for continuous monitoring of respiratory rates in do-
mestic environments. The system effectively detected EUP, BRD, and
TAC respiratory rates in multi-person scenarios, accommodating up to
five individuals at a time. The system demonstrated promising scal-
ability for monitoring up to five individuals simultaneously, although
the accuracy decreased as the group size increased (from 98.5 % for
single-person to 89.8 % for five-person scenarios). For larger groups,
potential solutions could include: (1) deploying multiple synchronized
SDR units with spatial diversity, (2) implementing advanced signal
separation techniques like deep learning-based blind source separation,
and (3) optimizing computational efficiency through hardware accel-
eration. Real-world deployment would benefit from adaptive algorithms
that can handle dynamic environments with moving subjects, which
represents an important direction for future research. Initially, FFT-
based methods were employed to detect the respiratory rates of multi-
ple persons, followed by the use of various ML algorithms for their
classification. Among the ML algorithms tested, the Medium Tree al-
gorithm demonstrated the highest accuracy for classifying respiratory
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rates across different multi-person scenarios, achieving a peak accuracy
of 98.5 % for the single-person scenario. However, a gradual decrease in
the accuracy was observed as the number of individuals increased.
Future work may involve further optimizing these models or exploring
additional features to improve both accuracy and prediction speed.
However, a gradual decrease in the accuracy was observed as the
number of individuals increased.

Despite these promising results, this study has several limitations.
Although useful, the dataset may not be sufficiently large or diverse to
ensure generalisability to all real-world scenarios of this study. The
potential imbalance in class distributions (EUP, BRD, and TAC) could
lead to biased model performance, favoring more frequent classes over
less frequent classes. Additionally, the increasing complexity with more
persons introduces scalability challenges, as the accuracy tends to
decrease. The computational resources required for training and pre-
diction, particularly for more complex models, such as the Medium Tree,
may also be substantial.

Furthermore, this system has only been tested in a static indoor
environment, ignoring large-scale movements. While our controlled
experiments establish strong baseline performance, we recognize the
need for future validation in truly unconstrained environments with
untrained subjects and variable participant counts. Real-world appli-
cations would require testing in dynamic environments with walking or
falling subjects, which may introduce additional challenges for signal
processing and classification. This study relied on a limited set of fea-
tures, potentially missing important aspects of the respiratory patterns.
Moreover, while various algorithms were tested, hyperparameter tuning
might not be exhaustive, potentially leaving some performance im-
provements unexplored. Finally, the specific scenarios tested (one-per-
son, two-person, etc.) may not cover all possible configurations, limiting
the external validity of the results.
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