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Highlights

Software Defined Radio Frequency Sensing Framework for Internet
of Medical Things

Najah AbuAli, Mohammad Bilal Khan, Farman Ullah, Mohammad Haya-
jneh, Hikmat Ullah, Shahid Mumtaz

e Proposed innovative [oMT framework, which harnesses the power of
Radio Frequency (RF) sensing and Software Defined Radio (SDR) tech-
nology to provide an early and contactless diagnosis of respiratory ab-
normalities, including sleep apnea. This system is designed with the
patient’s comfort in mind, eliminating the need for invasive sensors or
tethered devices.

e To Ensure the accuracy and reliability of the data, we employ ad-
vanced signal-processing algorithms. These algorithms refine the raw
data, eliminating noise and artifacts, thereby enhancing the accuracy
of respiratory rate measurements.

e The proposed approach is the implementation of a deep learning frame-
work, specifically designed for classifying respiratory patterns. In com-
parative analyses, this framework consistently outperforms conventional
machine learning models, highlighting its effectiveness and potential to
revolutionize respiratory health monitoring.
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Abstract

The escalating demand for biomedical systems that can precisely diagnose
and manage critical diseases underscores the need for innovative solutions.
A non-invasive and intelligent Internet of Medical Things (IoMT) system
emerges as a promising technology, potentially enabling physicians to assess
patients with reduced health risks. The respiratory rate is a pivotal vital
sign among the primary clinical assessments. The allure of Radio Frequency
(RF) sensing lies in its ability to monitor respiratory patterns without direct
contact. However, the practical implementation of such systems often ne-
cessitates supplementary hardware to manage the extensive data and radio
functionalities, leading to concerns related to cost and feasibility. Software-
Defined Radio (SDR) technology presents itself as a viable solution to these
challenges. This research introduces a comprehensive framework for the
[oMT system, aiming to diagnose respiratory abnormalities early through
RF sensing and SDR technology. We employ a deep learning framework
and compare its performance with traditional machine learning models to
ensure reliable and precise classification of respiratory abnormalities. The
achieved results underscore the superiority of deep learning frameworks over
conventional machine learning models in classifying respiratory anomalies.
Specifically, the deep learning framework exhibits exceptional performance
in discerning the temporal dependencies and patterns inherent in respira-
tory abnormalities, achieving an average accuracy exceeding 98% for each
respiratory abnormality classification.
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1. Introduction

Within the vast expanse of Internet of Things (IoT) applications, redthe
Internet of Medical Things (IoMT) emerges as a particularly transformative
force in healthcare [I, 2]. By integrating sensors, devices, and data analyt-
ics, the IoMT promises to revolutionize patient care, streamline healthcare
operations, and elevate the overall quality of medical services. Central to
the success of IoMT is its capability for information fusion, which amalga-
mates data from diverse sources to ensure comprehensive, real-time patient
monitoring [3] [4]. This fusion of information is not just a technological ad-
vancement; it represents a paradigm shift in how healthcare can be delivered,
monitored, and optimized. Respiratory health, a critical part of overall well-
being, offers a window into the broader implications of such advancements.
Alterations in respiratory patterns can be indicative of a wide range of health
issues, from mild conditions like allergies to severe disorders such as asthma,
COPD, lung cancer, and sleep apnea, which is characterized by intermit-
tent cessation of breathing during sleep [5], 6]. Environmental exposure to
smoke, pollution, and allergens can also lead to abnormal respiratory pat-
terns. Early detection and monitoring of these patterns are crucial not only
for effective treatment but also for enhancing the quality of life for affected
individuals. Existing technologies, including pulse oximeters, spirometers,
and peak flow meters, have undeniably advanced the field [7, 8, 9]. However,
they come with inherent challenges. Issues related to accuracy, patient dis-
comfort due to invasive methods, limited mobility due to tethered devices,
and the constraints of remote monitoring are some of the pressing concerns
that the current landscape faces [10]. Addressing these challenges requires
a novel approach that combines cutting-edge technology with the unique re-
quirements of respiratory health monitoring. In this research, we present
such an approach by integrating software-defined radio (SDR) technology
with RF sensing within the IoMT framework. This integration is not merely
a technological amalgamation, but represents a paradigm shift in the way
respiratory health can be monitored. By offering a contactless, precise, and
intelligent monitoring system, we aim to overcome the limitations of existing
technologies. The employment of deep learning techniques further accentu-
ates the system’s diagnostic capabilities, offering a distinctive, data-driven



perspective in the field of respiratory health monitoring [11, 12]. redOur
contributions to this field are multifaceted.

e At the forefront is the proposed innovative IoMT framework, which
harnesses the power of RF sensing and SDR technology to provide
early and contactless diagnosis of respiratory abnormalities, including
sleep apnea. This system is designed with the patient’s comfort in
mind, eliminating the need for invasive sensors or tethered devices.

e To ensure the accuracy and reliability of the data, we employ advanced
signal-processing algorithms. These algorithms refine the raw data,
eliminating noise and artifacts thereby enhancing the accuracy of res-
piratory rate measurements.

e The proposed approach is the implementation of a deep learning frame-
work, specifically designed for classifying respiratory patterns. In com-
parative analyses, this framework consistently outperforms conventional
machine learning models, highlighting its effectiveness and potential to
revolutionize respiratory health monitoring.

redThe proposed research explores the combination of IoMT, SDR tech-
nology, and deep learning, and its potential to transform healthcare [13| [14].
By addressing gaps in the current literature and introducing a flexible, scal-
able, and efficient framework, we aim to establish a new benchmark for loMT-
based healthcare solutions, with a focus on respiratory health. This synergy
has the potential to improve patient outcomes and contribute to the advance-
ment of the healthcare industry.

The paper is organized into five sections. Section 2 discusses the avail-
able techniques for the intelligent diagnosis of health disorders using SDR
technology and RF sensing, and deep learning for building a platform. In
Section 3, the methods and materials are presented to develop an intelligent
and contactless diagnosis of respiratory abnormalities. Section 4 involves the
analysis of the results and a discussion on the performance evaluation of the
classification accuracy of respiratory abnormalities using deep learning and
machine learning models. Finally, Section 5 concludes the paper and presents
future recommendations for the developed system, along with suggestions to
improve it in the future.



2. Related Work

The significance of diagnosing respiratory abnormalities is paramount,
given the prevalence and potential severity of associated conditions. Exten-
sive research has been dedicated to using RF signals and SDR technology for
the intelligent classification of health disorders. In [15], an SDR-based system
was introduced for human activity recognition (HAR). This system, marked
by its flexibility and scalability, showcased the potential of SDR technology
in sensing human health disorders. Furthermore, [16] demonstrated the de-
tection of hand movements using RF sensing and SDR technology, while [17]
expanded the scope to detect both small-scale movements (such as breathing
and coughing) and large-scale movements (hand movements).

The versatility of SDR technology was further highlighted by [I8], which
introduced a contactless through-the-walls (TTW) smart sensing system to
monitor human physical activity during isolation. Their approach, which
utilized fine-grained wireless channel state information data, achieved a clas-
sification accuracy of 99.7% for various physical activities using machine
learning models. However, such advances were not limited to activity recog-
nition. In [19], postures were detected after spinal cord surgery, achieving a
classification accuracy of 99.6%.

Although these studies undeniably advanced the field, a recurring theme
was the focus on binary classification problems, often distinguishing between
‘normal’and ‘abnormal’states [20]. Such an approach, although effective in
controlled environments, may not be robust enough for real-world applica-
tions with multifaceted data.

The potential of SDR technology in respiratory health was explored by
[21], which achieved a classification accuracy of 99.4% for abnormal respira-
tory patterns. Similarly, [22] introduced a system that could detect Cheyne-
Stokes respiration in patients with heart failure, achieving a diagnostic ac-
curacy of 97%. A significant challenge of the RF detection system is the
accurate monitoring of multiple persons in the same environment. While
[23] presented a system that could achieve a classification accuracy of 99.7%
for a single person, the accuracy dropped to 93.5% and 88.4% for two and
three persons, respectively. This decline in accuracy underscores the com-
plexities introduced when multiple individuals are present in the same envi-
ronment. Factors such as overlapping RF signals, interference, and unique
respiratory patterns of each individual can confound the system, making ac-
curate detection and classification more challenging. Despite these advances,



a significant limitation persisted: manual design of complex features to train
machine learning models [24]. This not only made model comparisons chal-
lenging due to the lack of standard datasets but also raised concerns about
the applicability of these models to large, real-world datasets.

Deep learning, with its ability to automatically extract features, has re-
cently emerged as a promising solution to these challenges. While Convolu-
tional Neural Networks (CNNs) have been widely adopted for image-based
medical diagnoses [25] 26 27, 28, 29], their efficacy in time-series data re-
mains debated [30]. On the other hand, recurring neural networks (RNNs)
have shown promise in learning sequential and temporal features, as evi-
denced by their applications in natural language processing (NLP), audio,
and speech processing [31], 32]. Hybrid models, combining CNNs and RNNs,
have also been explored, especially for video data classification, demonstrat-
ing success in learning both spatial and temporal features [33].

Recent studies have also explored deep learning for biomedical diagno-
sis based on audio data. For example, [34] used a chest mounted sensor to
collect audio data from human speech and coughing, which was then clas-
sified using a CNN-RNN hybrid model. Similarly, [35] and [36] employed
deep learning models to classify sleep apnea disorders and heart sounds,
respectively. redIn [37], proposes an innovative solution that uses long short-
term memory (LSTM) networks to differentiate between apnea and hypopnea
episodes. The research demonstrates the model’s effectiveness in classifying
episodes and estimating the respiratory event index. This offers a promis-
ing alternative to traditional diagnostic methods. The deep learning model’s
performance is significant and has shown valuable contributions to medical
applications.

In summary, while significant advances have been made in the domain of
RF signal-based sensing and SDR technology for the classification of health
disorders, gaps persist. The prevalent focus on binary classification and the
manual feature crafting in machine learning models highlight the need for
more robust, automated solutions. Our research, as delineated in the intro-
duction, aims to bridge these gaps, offering our contribution by integrating
[oMT, SDR technology, and deep learning for a comprehensive solution to
respiratory health monitoring.



3. Materials and Methods

The IoMT framework uses RF sensing and SDR technology to detect and
classify respiratory abnormalities through four processing units: respiration
abnormalities time series data collection, signal processing, classification, and
internet gateway.

3.1. Data collection

The RF sensing platform, leveraging SDR technology, facilitates non-
invasive data acquisition pertaining to respiratory anomalies, as depicted in
Figure (1 This platform combines a universal software radio peripheral de-
vice (USRP), a computer laptop, and a pair of directional antennas. The
USRP device is responsible for delineating radio functionalities, which are
orchestrated via a proprietary code developed within the LabVIEW software
environment housed on the laptop. Parameters such as operating frequency,
sampling rate, and antenna gain are meticulously defined within this soft-
ware. Directional antennas play a pivotal role in both the transmission and
reception of electromagnetic (EM) waves, thus evaluating the wireless chan-
nel state information (WCSI) at the receiving end. WCSI provides invaluable
information on the wireless channel. The presence of a human within this
channel invariably results in a distinctive channel frequency response (CFR)
due to macro-movements like hand and leg motions, and micro-movements
such as those of the chest and abdomen. For the purposes of this research,
the focus is predominantly on micro-movements associated with respiratory
anomalies, all of which are meticulously extracted within a controlled labo-
ratory setting.

The study encompasses data from four distinct respiratory patterns: Eu-
pnea (standard relaxed breathing), Bradypnea (decelerated breathing rate),
Tachypnea (accelerated breathing rate), and Sleep Apnea (a sleep disorder
characterized by intermittent cessation of breathing). The data set is en-
riched by incorporating subjects from diverse demographics of age. Before
data acquisition, each participant undergoes a comprehensive orientation
through a video demonstration. It is imperative to note that the data acquisi-
tion platform has no adverse implications on human health. All experimental
procedures are initiated after securing both verbal and written consent from
the participants. A detailed description of the real-time experimental setup
for data acquisition is available in Figure [2, The complete details of the data
acquisition are tabulated in Table [1}
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Figure 2: Real-time experimental setup.

3.2. Data prepossessing

Data preprocessing is a pivotal phase in extracting subjective informa-
tion from the data set. Raw data obtained from the RF sensing platform

7



Table 1: Data collection information on respiratory abnormalities

Sr. No Information Quantity/Operating

1 USRP Devices 1

2 Antennas 2

3 Frequency in GHz 4.8
4 Distance between Antennas in Feets 4

5 Height of the Antennas in Feets 1.5
6 Sampling Rate (S/s) 200
7 Samples 12000
8 Laptops 1

9 Subjects 25
10 Total Experiments 100
11 Total subcarriers 256
12 Selected subcarriers 146
13 Activity duration in seconds 60
14 Number of activities 4
15 Each activity records 3650
16 Total number of records 14600

are loaded with extraneous channel information, which can obscure the de-
sired trends of respiratory abnormalities, potentially leading to erroneous
diagnostic information. Hence, rigorous data preprocessing is indispensable
for extracting salient information from the dataset. This study employs a
comprehensive preprocessing regimen that includes cleaning, selection of sub-
carriers, smoothing, and normalization, as shown in Figure [3]

3.2.1. Denoising

Denoising is executed using the discrete wavelet transform (DWT). The
data received from the RF sensing system are often marred by high-level im-
pulses and extraneous signal bursts. Conventional denoising methodologies,
such as low-pass filters (LPF) and median filters (MF), exhibit suboptimal
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Figure 3: Signal processing of primary data.

performance for intricate applications [38]. While, in theory, an LPF or
MF should effectively filter out these superfluous signals, residual noise of-
ten persists, thereby altering the signal’s intrinsic information. Thus, direct
application of these filters for denoising is inadvisable. Advanced filtering
paradigms, especially those based on wavelet transform, are adept at metic-
ulously filtering out undesired signals from RF sensing data, particularly
given their prowess in discerning human respiratory patterns. When con-
figured with optimal wavelet transform parameters, these filters effectively
eliminate residual noise, yielding a lucid respiratory pattern, thereby sur-
passing conventional denoising techniques. The wavelet transform (WT) has
garnered significant attention in signal processing, with numerous researchers
leveraging it to discern valuable frequency information [39].
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3.2.2. Sub-carrier selection

The orthogonal frequency division multiplexing (OFDM) is used to accu-
rately extract granular information during transmission and reception. 256
sub-carriers are concurrently received from each CFR. As illustrated in Fig-
ure [3] the amplitude variations of different sub-carriers exhibit differential
sensitivities to respiratory behaviors attributable to their distinct sub-carrier
frequencies. Notably, nulls and DC sub-carriers manifest minimal amplitude
variations, rendering them unsuitable for respiratory data analysis, necessi-
tating their exclusion from the dataset. Sub-carriers with diminished sensi-
tivity can also impede accurate respiration detection and are thus prudently
110 subcarriers were removed. This study adopts the higher-variance scor-
ing method to select subcarriers, given their heightened sensitivity to human
respiration.
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3.2.3. Smoothing

For signal refinement, a moving average filter is deployed. This finite
impulse response filter is instrumental in mitigating short-term surges or
random noise perturbations, ensuring the preservation of the right respiratory
pattern. A linear moving average is applied, with a window size of 256, to
the input time series data to enhance the clarity of respiratory patterns.

3.2.4. Normalization

The refined respiratory patterns undergo normalization using the statis-
tical profile (u,0,) of the time series data, where p and o, denote the mean
and standard deviation, respectively. The objective is to achieve a normal-
ized respiratory pattern with a statistical profile of (0,1). Here, Y represents
the output time series data of the normalized respiratory pattern, X repre-
sents the input respiratory pattern of length z, and x; is the i** sample of X.
Normalization is pivotal for enhancing the efficacy of certain Al models, es-
pecially those reliant on distance-based metrics or specific data distributions.
By judiciously scaling the features, the algorithm can more precisely discern
inter-variable relationships, culminating in better classification outcomes.

11



Table 2: Deep learning models parameters tuning

Sr.No Parameter Tunning
1 Numbers of Layers 1
2 Numbers of Hidden Units 16, 32, 64
3 Learning Rate 0.2
4 Dropout Rate 0.2
5) Batch size 32, 64, 128
6 Dense Layer Activation Function | Softmax
7 Epochs 50
8 Optimizer Adam

3.8. Classification

For the classification of time series data of respiratory abnormalities us-
ing a deep learning framework, the initial step involves labeling the data
of the processed time series of respiratory patterns with the correspond-
ing breathing abnormality, as illustrated in Figure 4l This study evaluates
the performance of both deep and conventional machine learning models in
terms of classification accuracy for the respiratory abnormalities dataset. The
deep learning frameworks under scrutiny include recurrent neural networks
(RNN), long-short-term memory (LSTM), bidirectional LSTM (Bi-LSTM),
gated recurrent units (GRU), and bidirectional GRU (Bi-GRU). The hyper-
parameter optimization process is carried out to improve model performance,
with the specific tuning parameters defined in Table 2]

3.3.1. RNN Model

The Recurrent Neural Network (RNN) is a neural architecture adept at
processing sequential data by leveraging historical inputs and their associ-
ated outputs. Its inherent feedback connections facilitate the retention of
prior inputs, enhancing its predictive capabilities for subsequent data points.
Given its proficiency in discerning temporal dependencies, the RNN model is
particularly suited for time series data. For time series data for respiratory
abnormalities, the RNN model assimilates antecedent respiratory patterns
to categorize the present respiratory pattern. Recurrent linkage in the RNN

12



model ensures seamless information transition from one temporal step to the
next within the dataset.

Unlike conventional neural networks, the forward and backward propaga-
tion processes of the RNN model are distinct due to their recurrent nature.
At each temporal step ¢, the RNN model receives an input vector x;, rep-
resenting the current sample in the respiratory pattern time series. This
input, in conjunction with the preceding hidden state h; 1, undergoes a se-
ries of weight multiplications to compute h;. The resultant hidden state h;
is contingent on the RNN architecture, as articulated in Equation .

ht:(jh (Uh X Ty + VhXht_1+bh) (1)

In Equation , matrices U, and V}, represent weights, by, signifies the bias
vector, and oj, denotes the activation function applied on a per-sample basis.
Subsequently, the hidden state h; is utilized to compute the output o; for the
current temporal step, as delineated in Equation ([2)):

0y = Oy (WO X ht + bo) (2)

Equation specifies that W, represents the weight matrix, b, is the bias
vector, and o, is the sample-wise applied activation function. This proce-
dure is reiterated for each sample in the time series data, with each iteration
updating h; and generating an o; for each ¢. Subsequently, a loss function is
formulated by evaluating the predicted o, with the target o; for that specific
t. Depending on the task at hand, various loss functions, such as the mean
squared error (MSE) for classification, can be employed. Gradients of this
loss, relative to the RNN model’s parameters (weights and biases), are then
computed. This computation is executed independently for each ¢, factoring
in all antecedent ¢ contributions. The chain rule facilitates gradient calcula-
tion. These gradients are then harnessed to refine the RNN model’s weight
matrix and bias vector via the Adam optimizer. The overarching objective is
to minimize the cumulative loss across all temporal steps. During backprop-
agation, gradients for each t are aggregated and retroactively propagated to
update the RNN model’s weight matrices and bias vectors. It’s imperative to
note that traditional RNNs are susceptible to the vanishing gradient problem
(VGP). This implies that during extensive backpropagation through numer-
ous temporal steps, gradients can either attenuate or amplify. Advanced
RNN variants like LSTM and GRU were conceptualized to circumvent this
limitation, which integrate specialized gating mechanisms to capture long-
standing dependencies adeptly [40].
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3.8.2. LSTM Model

The Long Short-Term Memory (LSTM) model is an evolved RNN ar-
chitecture methodically crafted to counteract the VGP and adeptly capture
enduring dependencies in sequential data. By introducing intricate gating
mechanisms and memory cells, the LSTM model orchestrates the flow of in-
formation within the network. Analogous to other RNN architectures, at
each temporal step ¢, the input x; is channeled into the LSTM model, repre-
senting the current sample in the time series. Central to the LSTM model is
a memory cell, tasked with preserving and updating information temporally.
The preceding cell state, C;_1, combined with the current w;, yields a new
candidate cell state Cy, as expressed in Equation .

a =tanh (W, x z; + U.xCy_1 + b,) (3)

Equation (3) elucidates that W, and U, are weight matrices, b. is the bias
vector, and the activation is typically the hyperbolic tangent (tanh) function.
The forget gate, a pivotal component, arbitrates the retention or discarding
of information from C}_;. By processing the z; and h;_; through a sigmoid
activation, a forget gate vector f; is derived, as detailed in Equation (4)).

fo =0 (W xa+ Up X hy_q +by) (4)

Equation specifies that W; and Uy are weight matrices, and by is the
bias vector, with o being the sigmoid activation function. The input gate
discerns the new information to be stored in (. By processing the z; and
h;—1 through a sigmoid activation, an input gate vector i; is derived, as
articulated in Equation ().

" :U(mx.z't‘i‘ UiXhtfl—Fbi) (5)

Equation clarifies that W; and U, are weight matrices, and b; is the bias
vector, specific to i; and @ candidate update vector. The output o; ascertains
which segments of C; should be relayed as h;. By processing the x; and h;_;
through a sigmoid activation, an output o, is derived, as depicted in Equation

().
o =0 (WO X Ty + UO X ht—l + bo) (6)

Equation @ explicates that W, and U, are weight matrices, and b, is the
bias vector, specific to o;. Refreshed C; is derived by combining f;, i;, and
0y, as illustrated in Equation .

Cy = [ixCi1 + i X g (7)
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The hidden state h; is deduced by multiplying the output gate with the
updated C, post the application of the tanh activation function, as presented

in Equation .
ht =0 X tCLTLh(Ct) (8)

The resultant h; can be harnessed for diverse applications, such as prognosti-
cations or generating subsequent samples in the time series. A loss function
is formulated by evaluating the predicted output or h; in each t with the tar-
get output or h;. Gradients of this loss, relative to the LSTM’s parameters
(weights and biases), are then computed. This intricate process entails gra-
dient computation for each ¢ independently and considering all subsequent
t contributions. These gradients are retroactively propagated, factoring in
the recurrent connections and the gating mechanisms intrinsic to the LSTM
architecture. The gradients for each temporal step are aggregated and back-
propagated to refine the LSTM’s weights and biases. The LSTM’s gating
mechanisms ensure that gradients traverse temporally without vanishing or
exploding. The gates f;, iy, and o, modulate information and gradient flow,
empowering the LSTM to discern and retain enduring dependencies in time
series data.

3.8.3. Bi-LSTM Model

The Bidirectional LSTM (Bi-LSTM) is an enhancement of the LSTM ar-
chitecture, designed to assimilate information from both the antecedent and
subsequent temporal steps. This dual-layer architecture comprises two LSTM
layers: one processing the time series data in a forward trajectory and the
other in a reverse trajectory. At each temporal step ¢, the Bi-LSTM receives
an input x;, emblematic of the current sample in the time series. This input is
concurrently channeled into both the forward and reverse LSTM layers. The
forward LSTM layer processes the input from the beginning to the conclu-
sion of the time series, while the reverse LSTM layer operates in the opposite
direction. At each temporal step, the forward and reverse hidden states, hf,
and hb;, are combined to form a unified hidden state. This combined state
can be employed for diverse tasks, such as predictions or generating subse-
quent samples in the time series. A loss function is formulated by evaluating
the predicted output or h; in each t with the target output or h;. Gradients
of this loss, relative to the Bi-LSTM’s parameters (weights and biases), are
then computed. This intricate process entails gradient computation for each
t independently, while also considering contributions from both forward and
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reverse trajectories. These gradients are retroactively propagated, factoring
in recurrent connections in both the forward and reverse LSTM layers. The
gradients for each temporal step are aggregated and back-propagated to re-
fine the Bi-LSTM'’s weights and biases. By combining gradients from both
trajectories at each temporal step, the Bi-LSTM ensures bidirectional infor-
mation flow, enhancing the learning process. This bidirectional approach
empowers the Bi-LSTM to discern dependencies from both antecedent and
subsequent contexts, making it crucial for tasks necessitating a holistic com-
prehension of the input time series data.

3.8.4. GRU Model

The Gated Recurrent Unit (GRU) is a refined variant of RNN created
to counteract VGP and capture enduring dependencies in sequential data.
By merging the forget and input gates into a single update gate, the GRU
streamlines the LSTM architecture. At each temporal step ¢, the GRU re-
ceives an input x;, representative of the current sample in the time series.
This input is channeled into the GRU network, where the update gate arbi-
trates the retention of h;_; and the incorporation of new information. This
gate processes x; and h;_; through a sigmoid activation, resulting in an up-
date gate vector z;, as shown in Equation @D

Zt :U(W2X$t+ UZXht_1+bz) (9)

Equation @ clarifies that W, and U, are weight matrices, and b, is the
bias vector. The reset gate, another pivotal component, determines which
segments of h;_1 should be discarded. By processing the x; and h;_; through
a sigmoid activation, a reset gate vector r, is derived, as detailed in Equation
(T0).

re =0 (Wexay+ Uxhi_y +b,) (10)
Equation specifies that W, and U, are weight matrices, and b, is the
bias vector. The reset gate r; is then used to calculate a candidate hidden
state h;, which represents the new information to be incorporated into h;.
This computation, which processes the x; and h;—; through the hyperbolic
tangent activation function tanh, yields h;, as presented in Equation |D

hy = tanh (W(r, X hy—1)+U x x4 + b) (11)

Equation explicates that W and U are weight matrices, and b is the bias
vector. The hidden state h; is refreshed by integrating h;_; and h; using the
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update gate z;, as illustrated in Equation ((12]).
he = (1= 2) % huoa + 20 B (12)

A loss function is formulated by computing the predicted output or h; at
each t with the target output or h;. Gradients of this loss, relative to the
GRU'’s parameters (weights and biases), are then computed. This elaborate
process involves the calculation of the gradient for each ¢ independently,
while also considering all subsequent ¢ contributions. These gradients are
retroactively propagated, incorporating the recurrent connections essential to
the GRU architecture. The gradients for each temporal step are aggregated
and back-propagated to refine the GRU’s weights and biases. During this
backpropagation, the update and reset gates modulate the gradient flow,
enabling the GRU to discern which segments of the hidden state to retain
or refresh. The update gate modulates the information transition from the
antecedent hidden state to the current one, while the reset gate arbitrates
which segments of the antecedent hidden state to discard. Consequently, the
GRU captures enduring dependencies while maintaining a more streamlined
architecture than its LSTM counterpart.

3.8.5. Bi-GRU Model

The Bidirectional GRU (Bi-GRU) is an enhancement of the GRU archi-
tecture, designed to assimilate information from both antecedent and sub-
sequent temporal steps. This dual-layered architecture comprises two GRU
layers: one processing the time series data in a forward trajectory and the
other in a reverse trajectory. At each temporal step ¢, the Bi-GRU receives
an input x;, representative of the current sample in the time series. This
input is concurrently channeled into both the forward and reverse GRU lay-
ers. The forward GRU layer processes the input from the beginning to the
conclusion of the time series, while the reverse GRU layer operates in the
opposite direction. At each temporal step, the forward and reverse hidden
states are combined to form a unified hidden state. This combined state can
be employed for diverse tasks, such as predicting or generating subsequent
samples in the time series. A loss function is formulated by evaluating the
predicted output or h; in each ¢t with the target output or h;. Gradients
of this loss, relative to the Bi-GRU’s parameters (weights and biases), are
then computed. This intricate process entails gradient computation for each
t independently, while also considering contributions from both forward and
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reverse trajectories. These gradients are retroactively propagated, factoring
in recurrent connections in both the forward and reverse GRU layers. The
gradients for each temporal step are aggregated and back-propagated to refine
the Bi-GRU’s weights and biases. By combining gradients from both trajec-
tories at each temporal step, the Bi-GRU ensures bidirectional information
flow, enhancing the learning process. This bidirectional approach empowers
the Bi-GRU to discern dependencies from both antecedent and subsequent
contexts, making it crucial for tasks necessitating a holistic comprehension
of the input time series data.

These deep learning architectures are used to classify time series data re-
lated to respiratory abnormalities. By discerning temporal dependencies and
identifying indicative patterns, they can detect anomalies. The choice of a
specific model is contingent upon the data’s characteristics and the problem’s
distinctions, with parameter tuning further optimizing performance.

3.4. Internet Gateway

The gateway, fortified with a deep learning model for the classification of
respiratory abnormalities, harnesses RF detection based on the SDR technol-
ogy dataset, as shown in Figure [5] collects classified respiratory abnormality
data, and performs preliminary processing tasks. Given the confidential na-
ture of medical data, the gateway is presumed to be stimulated with robust
security protocols. Furthermore, it adheres to stringent healthcare data reg-
ulations, such as the Health Insurance Portability and Accountability Act
(HIPAA) or the General Data Protection Regulation (GDPR) [41].

4. Results and Discussion

This section presents the results of the analysis of the respiratory abnor-
malities time series dataset using both deep learning and traditional machine
learning algorithms. The dataset, which encompasses four distinct breathing
patterns, was subjected to classification to identify four types of respiratory
abnormalities. A comparative assessment was conducted to evaluate the
performance of deep learning models against their machine learning counter-
parts. For this comparative study, the machine learning models employed
include Ensemble Bagged Trees (EBT), Quadratic Support Vector Machine
(QSVM), Fine K Nearest Neighbour (FKNN), Fine Tree (FT), and Kernel
Naive Bayes (KNB). The evaluation methodology incorporated a five-fold
cross-validation (5-CV) technique.
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redConvergence curves, accuracies, and confusion matrices are employed
to provide a granular understanding of the classification results. The ac-
curacy and loss convergence curves for deep learning models are evaluated
by varying the epochs, batch sizes, and hidden units. In Figure [6 the ac-
curacy and loss convergence of both the training and validation curves are
presented for deep learning models. Initially, accuracy is not very high, but
with the increasing number of epochs, the accuracy is improved for all the
deep learning models. The loss convergence curves are also improved for both
the training and validation by increasing the number of epochs. In Figure[7]
a performance comparison of the deep learning models using various batch
sizes is presented. The results conclude that the accuracy of the deep learn-
ing models follows the trends by varying the batch size. Figure |8| depicts the
performance comparison of deep learning models using various hidden units.
The results conclude that increasing the hidden units increases the accuracy
of the deep learning models and this trend is almost present in all the deep
learning models used in this research. So, we use the 64 hidden units for all
deep learning for the rest of our implementation.

Table 3 presents the confusion matrix for deep learning models applied
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to the time series data collected from the RF sensing system. For instance,
the RNN model accurately predicted 3645 Eupnea samples, while misclassi-
fying 5. 3523 samples were correctly predicted as Bradypnea and 127 were
misclassified. 3647 samples were correctly predicted as Tachypnea, and 3
were misclassified. 3569 samples were correctly predicted as Sleep Apnea,
and 81 were misclassified. The LSTM, Bi-LSTM, GRU, and Bi-GRU models
exhibited analogous patterns.

The LSTM model showed superior performance in predicting the Eupnea
class, with all 3650 samples correctly predicted and without misclassifica-
tions. However, the model had 3 misclassifications out of 3650 samples pre-
dicted as Tachypnea and 81 misclassifications out of 3650 samples predicted
as Sleep Apnea. For Bradypnea, the model had 3593 correct predictions and
57 misclassifications.

The Bi-LSTM model showed similar performance in predicting Eupnea,
with 3649 correct predictions and only one misclassification. Similarly, only
one sample was misclassified out of 3650 samples predicted as Tachypnea.
However, the model had 60 misclassifications, and 3590 were correctly pre-
dicted as Sleep Apnea and 48 misclassifications out of 3650 samples for
Bradypnea.

The GRU model correctly predicted 3648 samples as Eupnea, with only
two misclassifications. However, the model had 60 misclassifications for
Bradypnea and 64 misclassifications for Sleep Apnea, out of 3650 samples.
For Tachypnea, the model had 3647 correct predictions and 3 misclassifica-
tions. The Bi-GRU model had similar performance in predicting Eupnea,
with 3649 correct predictions and only one misclassification. However, the
model had 55 misclassifications for Sleep Apnea and 35 misclassifications for
Bradypnea, and 3595 and 3615 were correctly predicted, respectively. The
model had 5 misclassifications out of 3650 samples predicted as Tachypnea.

Deep learning models generally showed high accuracy in predicting the
Eupnea class, with very few misclassifications. However, the models had
varying degrees of success in predicting the other classes (Bradypnea, Tachyp-
nea, and Sleep Apnea), with some models having more false positives or false
negatives than others. These results suggest that deep learning models may
be useful in predicting respiratory disorders, but further research is needed
to improve their accuracy and effectiveness.

Table 4 presents the confusion matrix for several machine-learning mod-
els that were used to classify four respiratory patterns based on the collected
time-series data from the RF sensing system. The EBT model correctly
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Table 3: Confusion matrix of respiratory abnormalities data using deep learning models.

Models Actual /Predicted | Eupnea Bradypnea Tachypnea
Eupnea [HTML]4472C4 3645 | 0 1

RNN Bradypnea 18 [HTML|4472C4 3523 | 35
Tachypnea 0 1 [HTML|4472C4364
Sleep Apnea 13 48 20
Eupnea [HTML]4472C43650 | 0 0

LSTM Bradypnea 6 [HTML]4472C43593 | 7
Tachypnea 0 0 [HTML|4472C4364
Sleep Apnea 6 53 D
Eupnea [HTML]4472C43649 | 0 0

BLLSTM Bradypnea 7 [HTML|4472C43602 | 10
Tachypnea 0 0 [HTML|4472C4364
Sleep Apnea 1 52 7
Eupnea [HTML]4472C43648 | 1 0

GRU Bradypnea 4 [HTML|4472C43590 | 7
Tachypnea 0 2 [HTML|4472C4364
Sleep Apnea 8 47 9
Eupnea [HTML|4472C43649 | 1 0

BLGRU Bradypnea 4 [HTML]4472C43615 | 1
Tachypnea 0 4 [HTML|4472C4364
Sleep Apnea 2 43 10

predicted 3476 samples as Eupnea, but 174 samples were misclassified. Sim-
ilarly, 3462 samples were correctly predicted as Bradypnea, but there were
188 misclassified samples. The Tachypnea classification was correct for 3514
samples, but 136 samples were misclassified. Finally, the Sleep Apnea clas-
sification was correct for 3404 samples, but 246 were misclassified.

The Q-SVM model showed 3401 correct predictions for Eupnea, but there
were 249 misclassified samples. For Bradypnea, 3470 samples were correctly
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Table 4: Confusion matrix of respiratory abnormalities data using machine learning

models.

Models | Actual/Predicted | Eupnea Bradypnea Tachypnea
Eupnea [HTML]4472C43476 | 72 27

EBT Bradypnea 74 [HTML]4472C43462 | 21
Tachypnea 69 9 [HTML|4472C43514
Sleep Apnea 63 160 23
Eupnea [HTML]4472C43401 | 72 48

Q-SVM Bradypnea 71 [HTML]4472C43470 | 8
Tachypnea 76 7 [HTML|4472C43443
Sleep Apnea 151 139 49
Eupnea [HTML|4472C43332 | 120 96

FR.NN Bradypnea 86 [HTML|4472C43372 | 32
Tachypnea 98 29 [HTML|4472C43416
Sleep Apnea 93 129 92
Eupnea [HTML]4472C43076 | 194 197

P Bradypnea 425 [HTML|4472C42919 | 140
Tachypnea 217 104 [HTML|4472C43066
Sleep Apnea 260 388 136
Eupnea [HTML|4472C42433 | 559 158

KNB Bradypnea 371 [HTML|4472C42501 | 230
Tachypnea 582 300 [HTML]4472C42141
Sleep Apnea 289 695 275

classified, but there were 180 misclassified samples. The Tachypnea classifi-

cation was correct for 3443 samples, but there were 207 misclassified samples.

Finally, there were 3311 correct predictions for Sleep Apnea, but 339 were
misclassified.

In the FK-NN model, 3332 samples were correctly predicted as Eup-
nea, but 318 samples were misclassified. Similarly, 3372 samples were cor-
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rectly predicted as Bradypnea, but there were 278 misclassified samples. The
Tachypnea classification was correct for 3416 samples, but 234 samples were
misclassified. Finally, the Sleep Apnea classification was correct for 3336
samples, but 314 were misclassified.

The FT model showed 3076 correct predictions for Eupnea, but 574 sam-
ples were misclassified. For Bradypnea, 2919 samples were correctly pre-
dicted, but 731 samples were misclassified. There were 3066 correct predic-
tions for Tachypnea, but 564 samples were misclassified. Finally, there were
2866 correct predictions for Sleep Apnea, but 784 were misclassified.

The KNB model showed that only 2443 samples were correctly predicted
as Eupnea, while 1217 samples were misclassified. Similarly, 2501 samples
were correctly predicted as Bradypnea, but 1149 samples were misclassified.
There were 2141 correct predictions for Tachypnea, but 1509 samples were
misclassified. Finally, there were 2391 correct predictions of Sleep Apnea,
but 1259 samples were misclassified.

The EBT, Q-SVM, FK-NN, FT, and KNB models demonstrated varying
degrees of classification accuracy. However, it is noteworthy that the KNB
model exhibited a much higher misclassification rate as compared to all other
machine learning models.

Table 5 offers an evaluation of the classification accuracies between deep
learning and machine learning models. The findings underscore that deep
learning models, including RNN, LSTM, Bi-LSTM, GRU, and Bi-GRU, out-
perform their machine learning counterparts in terms of accuracy, achieving
metrics ranging between 98.18% and 98.52%. In contrast, the machine learn-
ing models’ accuracy spanned between 64.89% and 94.91%.

The results derived from deep learning models underscore their robust-
ness in the classification of respiratory abnormalities. These models consis-
tently demonstrated high accuracy in various respiratory patterns, empha-
sizing their outperformance accuracy level. Such findings suggest that the
intricate architectures of time series deep learning models, including RNN,
LSTM, BiLSTM, GRU, and BiGRU, are more suitable for this classification
task compared to conventional machine learning models. The higher classi-
fication accuracy of deep learning models can be attributed to their intrinsic
ability to autonomously discern and extract salient features from the raw
input data. These architectures possess the ability to internalize complex
patterns and relationships within the data, facilitating more precise predic-
tions. On the contrary, traditional machine learning models often require
manual feature engineering, potentially constraining their ability to detect
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subtle variations in respiratory abnormalities.

Table 5: Performance analysis of machine and deep learning models.

Machine Learning | Deep Learning

Model | Accuracy | Model Accuracy
EBT 94.91% RNN 98.52%
Q-SVM | 93.32% LSTM 99.16%
FK-NN | 92.27% Bi-LSTM | 99.24%
FT 81.72% GRU 99.21%
KNB 64.89% Bi-GRU | 99.34%

In summation, the empirical findings of this study demonstrate the com-
petence of deep learning models in the precise classification of respiratory
abnormalities. These findings are of significant relevance to healthcare prac-
titioners and researchers in the domain of the diagnosis and monitoring of res-
piratory ailments. Leveraging deep learning models can potentially enhance
the accuracy and efficiency of respiratory abnormality detection, paving the
way for enhanced patient care and timely interventions.

5. Conclusion

This paper introduced an intelligent, contactless SDRF sensing frame-
work tailored for IoMT. Empirical evaluations underscored the framework’s
precision and reliability, positioning it as a valuable tool for contemporary
healthcare services. Its potential to non-invasively diagnose respiratory ail-
ments augments safety protocols, safeguarding medical professionals from
direct patient contact. The system accurately classified four distinct respira-
tory patterns: Eupnea, Bradypnea, Tachypnea, and Sleep Apnea, leveraging
advanced deep-learning models. Comprehensive evaluations revealed that
the BiGRU deep learning model outperformed its counterparts, achieving a
classification accuracy of 98.52%. Furthermore, a comparative analysis be-
tween deep learning and traditional machine learning models was conducted,
highlighting the superior performance of the former in terms of classification
accuracy. Such findings accentuate the merits of integrating deep learning
algorithms within health diagnostic systems.
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While the primary focus of this study was respiratory pattern classifica-
tion, prospective research endeavors could broaden the system’s diagnostic
capabilities to encompass a myriad of health conditions. This expansion
might necessitate the integration of multifaceted sensors or metrics to en-
capsulate a comprehensive spectrum of health indicators. It is imperative to
rigorously evaluate the system’s robustness and consistency across diverse
scenarios and ambiances. Such evaluations could entail system trials on
larger and more heterogeneous datasets, encompassing a diverse demographic
and health spectrum. Further inquiries should also delve into the pragmatic
implementation of this framework within real-time medical ecosystems, ad-
dressing potential challenges and ensuring its harmonious integration within
existing healthcare infrastructures. By regarding these future recommenda-
tions, this research can catalyze the evolution and refinement of intelligent,
non-intrusive health diagnostic frameworks, thereby fortifying the growing
domain of IoMT.
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