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ABSTRACT Ultra-wideband radar technology (UWB) has demonstrated its vital role through various
applications in surveillance, search and rescue, health monitoring, and the military. Unlike conventional
radars, UWB radars use high-frequency, wide-bandwidth pulses, enabling long-range detection and
penetrating obstacles. This work presents an in-depth review of UWB radar systems for recognizing
human activities in a room and through-the-wall (TTW) with other diverse applications. After briefly
discussing different UWB radar working principles and architectures, the study explores their role in
various TTW applications in real-world scenarios. An extensive performance comparison of the legacy
studies is presented, focusing on detection tools, signal processing, and imaging algorithms. The discussion
includes an analysis of the integration of machine learning models. The primary focus is on the detection,
movement, monitoring of vital signs, and nonhuman classifications in the context of Through-The-Wall
(TTW) scenarios. This study contributes to a better understanding of evolving technology capabilities by
integrating artificial intelligence (AI) and robotics to automate and precisely locate the target in various
scenarios. Furthermore, the discussion includes the impact of UWB technology on society, future industry
trends, the commercial landscape, and ethical issues to understand and future research.

INDEX TERMS Ultra-wideband (UWB) radar, IR-UWB radar, CW-UWB radar, through-the-wall (TTW)
detection, human motion, human presence, signal processing, machine learning, and convolution neural
network (CNN).

I. INTRODUCTION

ODERN and innovative technological breakthroughs

have prompted an increase in demand for smart
systems. Such advancements provide a multitude of ben-
efits, focusing on enhanced accuracy and operational
capabilities, eliminating the need for human intervention.
Among the diverse approaches, radar-based solutions have
become an increasingly prevalent method for intelligent
systems [1], [2], [3]. The employability of radar technology
provides versatility in identifying diverse targets in a variety of
applications and sectors. As a result, radar-based automation
is more durable and precise, allowing for the integration of
intelligent technologies in modern society [4], [5], [6], [7].

Radars are detection devices that emit electromagnetic
wave to recognize the characteristics of an item based on
the backscattered signals from the target [8], [9], [10], [11].
The emergence of ultra-wideband radar (UWB) topology
has recently gained prominence due to their applications
in adverse environments of surveillance, search and rescue,
agricultural, manufacturing industry, health monitoring, mili-
tary fields and indoor localization as depicted in Figure 1 [1],
[21, [31, [7], [12], [13], [14], [15]. Conventional radar systems
employ limited frequency array and waveforms based on
harmonics.

UWB radar systems, on the other hand, rely on brief
chirps transmitted at wide frequency bandwidths [11], [16],
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FIGURE 1. Practical real-world applications of UWB radar technology.

[17], [18]. The ultra-short time domain pulse is comprised of
fast falling and rising edges enabling fine timing resolution at
the receiver end. Its radio frequency (RF) extends over a large
spectrum that can be designed to emit signals that appear
as imperceptible random noise. This unique characteristic
enables both long-range detection and penetration through
materials. Researchers have adopted this wide frequency
range feature for through-the-wall (TTW) applications as
it can determine the composition of a target with minimal
information loss [19], [20], [21]. Furthermore, its employ-
ment in real-time applications has been proven to be practical
due to its ability to discern intended targets without the need
for the target to be equipped with an RF source [22], [23],
[24], [25], [26].

Figure 2 represents the general working principle of UWB
radars. A signal is transmitted from the UWB transceiver
toward a target present behind a wall. The received signal
is the sum of all reflections captured by the receiver.
Various kinds of signal processing and denoising techniques
are applied to the backscattered raw signal for feature
extractions [8], [9], [27], [28], [29]. The classification
of human or non-human object activities and vital signs
monitoring is performed based on post-processed signals by
either conventional or machine learning models for a wide
range of real-world applications [20], [21], [27], [30], [31],
[32], [33], [34].

Artificial intelligence and robotic systems permeating
society are advancing technology and various industries. This
advancement is centered on rapidly detecting and recognizing
targets at a high precision rate whilst simultaneously discern-
ing its environment for intelligent conclusions by integrating
radar sensors with Al and robotic devices [13], [14], [35].
An artificially intelligent robot equipped with a UWB
radar sensor for TTW detection will be able to recognize
situations and make judgments autonomously and suffi-
ciently [25], [26], [36]. Such systems are developed using
machine learning algorithms that have predominantly been

based on conventional neural networks (CNN) by integrating
radar sensors with Al and robotic devices. The emergence
of machine learning algorithms offers a flexible approach to
modeling systems as they can be automatically applicable
under various environments based on its redundant pat-
terns [20], [32]. The development of a trained radar-equipped
robot ensures the operator’s safety when performing rescues
without compromising its efficiency in detecting targets by
integrating radar sensors with Al and robotic devices.

This study serves as a guide for the basics as well
as advancements in UWB radar systems for TTW human
detection and recognition applications with and without Al
integration. It expands to provide readers witha compre-
hensive information related to the different radar sensors,
applications, processing methods, and machine learning
advancements in the field. A revolving discussion about the
advancements and limitations of various UWB techniques
for the subject applications with an in-depth review of
legacy studies is presented. A brief introduction to radar
(UWB, IR, CW) technologies for detection and vital signs
monitoring applications is presented in Section II. The
preceding sections examine the radar structure, operation,
and signal pre-processing methods. Section II-A discussed
the various approaches for the recognition of human activities
(walking, sitting, moving away, and towards the radar
sensors) TTW [25], [26], [36], [37], [38], [39] and detection
of human presence and vital signs without any obstructions
such as walls [33], [40], [41] using UWB radar sensors.
The details of various kinds of commercial [27], [32],
[42], [43], [44], [45], [46], [47], [48] and customized [20]
impulse (IR) UWB radar sensors used for human activity
recognition (presence [27], [42], [43], [48], motion [20],
[32], [44], [46], [47], sleeping postures [45], [46], [47],
and breathing [27], [42], [46]) in with [20], [32], [42],
[43] and without walls [27], [44], [45], [46], [47], [48]
environments are given in Section II-B. The use cases
of various self-developed frequency-modulated continuous-
wave (FMCW) radar for human presence [28], [49], [50],
[51] and motion tracking [21], [24], [28], [52] with different
signal processing algorithms and various wall thicknesses
are described in Section II-C. An extensive comparison
of various features and capabilities of key commercially
available UWB [53], [54], [55], [56], [57], [58], [59], IR-
UWB [60], FMCW [61], [62], and microwave [63], [64]
sensors is presented in Section III. Section IV extensively
discussed and compared the deployment of various machine
learning techniques along with UWB radar technologies for
the detection and characterization of human motion [20],
[26], [26], [36], [37], [38], [44], [45], [46], [47], pres-
ence [41], [43], [48], [51], [65], [66], [67], [68], and vital
signs [8], [10], [11], [27], [28], [29], [30], [31] along with
non-human objects [22], [23], [33], [34], [69], [70]. Lastly,
future research trends are discussed in Section VI. Table 1
summarizes the reviewed studies based on the detection and
characterization of various classes.
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FIGURE 2. UWB radar data processing, classification, and application potential.

TABLE 1. Summary of reviewed studies for human/non-human detection and vital sign characterizations using UWB radar technologies.

Detection Application

References

Human Presence

[28], [32], [37], [41]-[45], [48], [50]-[52], [65]-[68], [71]-[73]

Human Presence & Vital Signs Analysis

[81-[11], [17], [18], [27]-[31], [39], [40], [42], [74]-[83]

Human Activity Recognition

[18], [20], [21], [24]-[26], [28], [32], [36]-[38], [41], [43]-[49], [73], [84], [85]

Non-Human Presence

[8], [22], [23], [33], [34], [69], [70], [86]

Il. RADAR TECHNOLOGIES FOR DETECTION
APPLICATIONS

An UWB radar’s receiver relies on the shortest line-of-
sight path which can be easily distinguished due to the
short pulse duration. Over the years, UWB radars have
been enhanced further, with research focusing on impulse
radar ultra-wideband (IR-UWB) and continuous wave (CW)
UWRB radar systems [20], [21], [24], [32]. Regardless of the
selected approach, UWB radar sensors have applications in
security and surveillance systems because of their ability
to pierce obstacles and identify targets at large distances.
Such characteristics are critical for operational uses in rescue
missions and counter-terrorism, where reducing injuries
and fatalities is imperative [72], [76]. Also, the use of
UWB has advanced and expanded in fields related to
healthcare where the transmitted signal can pierce the
human body without causing harm, cultivating radar-based
non-wearable devices [77], [78], [79], [80], [81], [87].
Table 2 presents a general comparison of various radar
technologies.

A. ULTRA-WIDEBAND (UWB) RADAR

Through-the-wall detection of motion and presence may be
identified by utilizing various methods of radar imaging.
Most famously, UWB radars are commonly equipped in
such applications due to their ability to effectively permeate
through the walls. Unlike traditional narrowband radars,
which have a limited frequency range, UWB radars transmit
a wide range of electromagnetic waves as shown in Figure 3.
These UWB chirp signals can penetrate obstacles such as
walls, and the backscattered signal contains the signature
information of the target. As a result, proper target compo-
sition is possible while critical information is preserved and
losses are minimized.

Figure 4 shows a typical backscattered radar signal wave-
form in the time domain. The first sharp high-amplitude
spike represents the coupling between the transmitter (TXx)
and receiver (Rx) antennas of the radar. The amplitude of this
spike depends on the placement, orientation, and distance
between the Tx and Rx antennas of the radar modules.
The reflection from the obstacle like a concrete wall is
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TABLE 2. Comparison of the various radar technologies different applications.

tion
e Higher accuracy in complex en-
vironments

Radar Technology Significance Difficulties Advantages
UWB
(Ultra-Wideband) [25], e High spatial resolution e Short detection range e Penetrate various materials and
[26], [36]-[39] e Highly effective for TTW detec- e Hardware is often costly and obstacles

complex e Low power consumption
e Effective performance in clut-

tered environments

IR-UWB (Impulse
Radio UWB) [32], [42], .
[46]-{48], [60] .

Excels in cluttered environments
High accuracy for detecting small

movements

Generally cheaper hardware as
compared to UWB

Complex signal processing .
Susceptible to noise disruptions
e Effectively penetrates through

multiple materials and obstacles

Microwave [63], [64]
e Provides real-time feedback and
monitoring

e Effective over long distances

Less effective at penetrating e Reliable and robust

through solid objects e Various applications such as traf-

Large system for high-frequency fic monitoring and meteorology

measurements

applications
FMCW (Frequency
Modulated Continuous e Continuous operation and real- e Complex signal processing e Works well in different weather
Wave) [28], [49], [61], time data e Less effective for detecting small conditions
[62] e Accurate distance and velocity movements e Particularly good for measuring

speed

SFCW (Stepped

Frequency Continuous o High-resolution measurements Frequency stepping is time- e High accuracy and resolution
Wave) [50], [51], [88], e Effective for detecting targets consuming over a wide range
[89] with precision Limited real-time performance o Cost-effective for specific appli-
cations
Narrowband System Ultra-wideband Wall response
System Antenna e Target
" L Reflection
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FIGURE 3. Narrowband vs. UWB signals in time and frequency.

observed in terms of the second high spike in the returned
captured signal by the radar Rx antenna [32], [41], [45],
[72], [73]. The target (human or non-human object) signature
information is contained within the spikes after the wall
responses as shown in Figure 4. The amplitude and sharpness
of this reflection depend on the type and movement of
the target object. The amplitude level of these spikes also
varies with the change in the radar unit properties [43], [48],
[51], [52]. For example, for the commercial SLMX4 [60]

Time (ns)

FIGURE 4. Typical UWB radar backscattered response signal in time domain.

radar sensors, the first spike in the raw radar signal has the
highest peak (representing very strong antenna coupling) ,
and afterward, spike amplitude is lower.

Methods for visualizing radar data include various
domains that fall under target imaging. This technique
enables the prompt monitoring and detection of targets
by leveraging the physical parameters of the observed
objects. The increase in wireless systems has impacted
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radar transmission due to interference from surrounding
electromagnetic waves, leading to challenges in acquiring,
transmitting, and processing data. Consequently, this has
resulted in data sparsity, leading to complications and
ineffective radar operation [90]. To address these challenges,
a radar target imaging technique based on compressed
sensing (CS) has been developed, allowing for the reduction
of echo data while maintaining imaging quality. Unlike
conventional methods bounded by the Nyquist sampling
theorem, CS exploits the sparse characteristics of the target’s
scattering distribution. Coefficients are then derived for the
construction of a measurement matrix that enhances the
target imaging quality and the data down-sampling rate [91].

The analysis of both one-dimensional (ID) i.e., time
domain signals [25], [26], [32], [37], [38], [40], [41],
[42], and two-dimensional (2D) signals i.e., scalograms or
spectrograms [30], [33], [36], [38], [40] is performed to
extract the target features such as presence, movement, and
vital signs. The returning signals from radar systems from
moving targets contain time-varying information across the
time and frequency domains. To optimally analyze this
data, a joint representation is employed using time-frequency
analysis [92]. This is often achieved based on methods such
as the continuous wavelet transform (CWT) for generating
scalograms, or the short-term Fourier transform (STFT) for
the construction of spectrograms. With additive processing,
these representations enhance the ability to localize and track
targets and can also serve as input for various algorithms.
The precise classification of the target class (es) is achieved
by training the artificial intelligence (Al)-powered algorithm
on extracted feature data.

The studies [25], [26], [36], [37], [38], [39] employ UWB
techniques to establish the identification of motion behind
a brick wall. In a controlled experimental environment, a
signal with an operating frequency of less than 2.5 GHz is
transmitted. The received signals are commonly impeded by
the effects of noise or objects occupying the environment.
To mitigate such occurrences, [25] [33] employs the method
of background subtraction after pre-processing the returned
signal. This is accomplished by taking the difference between
the current frame and a reference frame, resulting in an
identifiable background [93]. However, this method lacks
robustness for various factors. High accuracy can be achieved
strictly when the speed of movement of the object is occurring
at a substantially high threshold. Furthermore, pixelated
instances may impede and blur the boundaries between
background and foreground objects, making the identification
of real motion difficult [93]. While similar methods for
background removal have been presented and additive pre-
processing methods such as direct coupling suppression [39]
and least mean square [25], [39] are used, and computational
and storage capacity is compromised. When researchers
employ this strategy, a visual reconstruction of the signal is
supplied as input to the machine learning algorithm rather
than the signal itself. Doing so runs the risk of increasing
the computational burden of the established algorithm.

Alternative methods of signal processing and feature
extraction have been utilized by other researchers. Authors
in [26], [37], [38] experimented with identifying human
motion and breathing rate through an approximately 20 cm
thick brick wall by transmitting a signal in the time
domain. The processing methods taking place include
Hilbert-Huang transform (HHT), Gaussian measurement, fast
Fourier transform (FFT), and S-transform (ST), respectively.
The success of different processing methods is established
for each research and its intended applications based on their
ability to minimize noise. While FFT is extensively used, it
introduces limitations as it requires a linear processing unit.
One may argue that real systems perform almost linearly
under certain conditions. However, the system’s linearity is
destroyed as the time increases or the operating conditions are
changed [94]. Additionally, the FFT is known to decompose
signals into harmonic components which leads to spectrum
expansion, particularly for non-stationary signals. As a result,
signals in the frequency domain are misinterpreted.

Alternatively, the Hilbert-Huang transform (HHT) was
introduced as a non-linear processing method. Its purpose
is to determine the instantaneous frequency by utilizing the
empirical mode decomposition (EMD) on a set of internal
mode functions (IMF) [94]. In [26], the HHT was used to
display the signal data in a range-time map (RTM). This
resulted in a set of images that were utilized as inputs to
their suggested machine learning algorithm, which yielded
a 93.06% accuracy. The signal processing method in [38]
found that a clearer depiction of the breathing rate of
recognized human movement was evident when representing
its signals in ST rather than FFT analysis, as seen in
Figures 5(a) and 5(b) respectively. However, the use of HHT
was opted out as it cannot appropriately represent specific
qualities in their research as its classification of vital signs
is inaccurate.

Detecting vital signs can be achieved for both respiration
and heart rates with the processing of a backscattered UWB
radar signal. A breathing target will experience periodic
motion over a certain interval. The change of frequency
usually falls within a range of 0.2-0.5 Hz, and the heartbeat
rate at a frequency window of 0.8-3.3 Hz [95]. The presented
work in [30], [38], [40] employs the use of UWB radar
to detect human presence and vital signs. The breathing
conditions bradypnea, eupnea, and tachypnea are retrieved
from humans breathing steadily at a fixed posture [38].
Their respective frequencies are 0.25 Hz, 0.35 Hz, and
0.7 Hz. Eupnea refers to the pattern exhibited at a mean
respiration rate per minute (rpm) ranging from 12 and 16.
The bradypnea pattern is usually exhibited at an increased
respiration cycle which falls <12. Finally, tachypnea has a
mean rpm that is >16 which occurs in instances of weakness
or normal health conditions but strains on the normal health
condition due to light exercise [31]. The UWB radar proved
more precise in identifying the human’s weak life signs,
tachypnea, for its greater signal-to-noise ratio (SNR). As a
result, the tachypnea signal was decomposed in time and
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FIGURE 5. Tachypnea vital sign analysis [38].

frequency domain to obtain its frequency characteristics
for the extraction of periodic motion and target location
as depicted in Figures 5(a) and 5(b) using ST and FT
approaches, respectively.

A vital sign detection method based on P-times extraction
is proposed in [40]. Based on the aforementioned vitals
frequencies, cyclical fluctuations of the chest cavity approxi-
mating to sinusoidal signals during contraction and relaxation
are exhibited. Following the pre-processing method, the
proposed P-times algorithm is applied to extract respiration
and heartbeat information of the trapped person. This method
is based on the energy of the slow time slice defined in
Figure 1, with an energy window width of 3.

M
€n = Z lf(m,n)l2 (D
m=1

In the above equations, f(, ) is the amplitude of the mth
row and nth column in the matrix, and e, is the energy of
the nth slow time slice that accumulates to produce total
energy E, = ZZJ:% e, [40]. The information about the
exhibited vital signs fall under 4-6 slow time slices. Slow
time in terms of radar applications is the time dimension
when the radar measurements are taken over multiple pulses.

The base time length and step length are set to two seconds

for extraction of P times as inhalation and exhalation rates
fall under the selected time. The frequency and amplitude
information of each time slice is synthesized to achieve the
maximum average amplitude.

Machine learning algorithms have emerged as potential
candidates to address the limitations of the conventional
techniques used in [26], [37], [38], [40], [94], [95]. In [30],
a hear-monitoring convolutional neural network (CNN)
system is developed for the estimation of heart inter-beat
intervals (IBI). This is achieved with a combination of
electrocardiogram (ECG) devices and UWB-based radar
data. The user must first register their name and user ID
before attaching the ECG electrodes to their chest. However,
the reported system has limitations since it is device-driven
and can only monitor certain users under static conditions.
The requirement that the device be attached to the user
to provide reliable test results may also be inappropriate
for certain patients, such as the elderly, infants, and burn
victims. Infants and patients suffering from burns may
experience movement restrictions and are more vulnerable to
secondary injuries [82]. Furthermore, the acquisition of user
data through the registration system may result in a breach
of user privacy. Alternatively, the study by [82] presented
a device-free UWB radar-based respiration and heart rate
monitoring system. Respiration and heart rate signals are
extracted independently and denoised for further analysis
using a wavelet threshold basis function. Because it is based
on a variable analysis window of temporal frequency, the
wavelet transform is effective in determining the resolution of
a signal over a broad frequency scope. Its wide window can
be used to identify low-frequency signals, while its narrow
window can be used to analyze high-frequency signals [96].
A critical comparison of reviewed studies based on UWB
radar technology is depicted in Table 3.

B. IMPULSE ULTRA-WIDEBAND (IR-UWB) RADAR

This section discusses the legacy studies that employed
impulse radar ultra-wideband (IR-UWB)-based systems
for various human detection and monitoring applications.
Signals produced by this radar technology can tolerate the
effects of interference, resulting in an increased time-of-
flight (ToF) resolution. This, in turn, enables an efficient
mechanism ideal for ground-penetrating and short-range
radars capable of detecting hidden targets behind walls using
IR-UWB time domain signals [20], [27], [32], [42], [43],
[44], [45], [46], [47], [48].

The studies in [20], [32], [42], [43] seek to detect human
presence through a wall. Three analytical approaches are
used to identify the presence as well as breathing signals
of detected humans in [42]. The breathing motion of a
stationary human will create periodic fluctuations due to
small chest movements, as portrayed in Figure 6. The first
pre-processing method eliminates static clutter. A difference
square matrix is constructed by computing the difference
between scans. In the second analytical approach, the moving
average reference is applied by subtracting the cumulative



Antennas and Propagation

IEEE Open Journal of

A
IEEE OPEN JOURNAL OF ANTENNAS AND PROPAGATION, VOL. 5, NO. 6, DECEMBER 2024 A

1821

TABLE 3. Comparison of reviewed studies using UWB radar technology for diverse applications of without and through-the-wall (TTW) cases.
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and average reference waveforms to decrease clutter. This
improves the accuracy with which breathing patterns and
motions are recognized. To detect targets, the final strategy
adopts an HHT-based algorithm. The experimental results
showed that the normalized difference and moving average
reference technique can detect persons 6 ft and 3.2-4.0
ft away from the UWB radar, respectively. However, the
application of the HHT approach could only detect the
presence of human targets while ignoring their position and
distance information. This is because the HHT approach
relies exclusively on the spectrum features of the detecting
signals, while range information is neglected.

Zhenglian et al. [20] proposed a CNN-based human motion
status recognition system. While the resulting algorithm
achieved a recognition accuracy rate of 99.7%, the simulated
experiment includes factors that may impair the final results.
The researchers assumed that the transmitted signal was not
attenuated during propagation. In truth, no transmitted signal
is immune to noise, especially when traveling long distances
and traversing obstacles that decrease the signal-to-noise
ratio (SNR). The SNR is weakened further as the experiment
is carried out to detect targets hidden behind a wall.

The reduction of attenuation in noisy real-time envi-
ronments has been practiced by [44] through five signal
pre-processing methods: DC suppression, clutter suppression,
matched filtering, signal resizing, and pulse-wise normaliza-
tion. According to [12], matched filtering is an optimization
technique intended for maximizing the SNR. Noise signals
decrease the performance of radar systems by increasing the
likelihood of generating false alarms. The filter receiver of
hi(t) = s, (T — 1) is based on an impulse response that is the
time-reverse of the input wavelet with period. By correlating
the received signal to the impulse response, the components
of the received signal that match the reference signal are
enhanced while contrasting characteristics are attenuated. This
response enables effective waveform design and assessment
of UWB radar performance. Table 4 compares the reviewed
studies on this technology.

C. CONTINUOUS WAVE (CW) ULTRA-WIDEBAND
RADARS

The continuous-wave (CW) radar visualizes detailed target
information through Doppler maps, however, is limited in

TABLE 4. Comparison of reviewed studies using IR-UWB radar technology for
diverse applications of without and through-the-wall (TTW) cases.
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its inability to identify the target’s range. To address this,
researchers have investigated modified frequency modulated
continuous wave (FMCW) and step frequency continuous
wave (SFCW) techniques. Such techniques utilize simple
continuous sinusoidal signals while depicting target range
measurements [97].
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TABLE 5. Comparison of reviewed studies using CW radar technology for diverse
applications of without and through-the-wall (TTW) cases.
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The FMCW topology of continuous wave ultra-wideband
radars have been applied in many studies for the TTW
human motion recognition and vital signs analysis using

frequency domain radar imaging as summarized in Table 5.
By transmitting a wideband electromagnetic wave in the
frequency domain towards the wall, a reflected signal
consisting of the energy radiated is returned. FMCW-based
systems for the detection of human presence and motion are
reported in [28], [49], [52]. WiTrack 2.0, a proposed system
in [28], is a multi-person localization framework that aims
to detect human presence in cluttered indoor environments.
This is accomplished by capturing the reflections of wireless
signals emitted by the target’s body.

Different reported legacy studies have succeeded in identi-
fying human motion for a single person. Because one person
is occupying the environment, all reflections are presumed
to be the consequence of the target. A large number of
people might be present in a real-time environment which
makes it hard to distinguish different targets with multiple
reflections. Adib et al. [28] overcome this by measuring
the time of flight (ToF) from the constructed radar systems
using multiple transmit-receive antenna pairs. The reflected
signal in radar systems is a delayed replica of the transmitted
signal, as shown in Figure 8. The ToF can thus be retrieved
by taking the FFT of Figure 2.

Af

slope

ToF = 2)

A problem known as near-far emerges when working
with ToF profiles acquired from several Tx-Rx pairings.
That is, humans close to the radar are more powerful than
reflections of people further from the wall. To address this,
the profiles are preprocessed using a successive silhouette
cancelation (SSC) process. This first determines a user’s
strongest reflection by superimposing the 2D heat maps of
the Tx-Rx pairs. The individual’s location is then mapped,
and the influence of the individual is minimized to identify a
single target. Finally, the procedure is repeated for each ToF
profile produced by every Tx-Rx combination to achieve the
presented profiles in Figure 7. As a result, additional Tx-Rx
antenna pairs can enhance target imaging quality. However, it
is important to balance the desire for higher image resolution
with the potential trade-off of bulkier hardware.

An FMCW-based custom radar system for TTW motion
detection is discussed in [49]. The created system consists of
two horn antennas designed to prevent multiple reflections.
The goal of such a system is to address the issue of path
losses caused by mounting radar system antennas directly
on the wall. Raw data acquired from the transmitted
and received signals is processed sequentially through time
zero correction, DC removal, and FFT. While the overall
system is capable of determining targets through 20-30 cm
concrete barriers, the system is susceptible to interference
and inaccurate distance estimations, both of which degrade
the overall performance.

Additionally, solely relying on FMCW-based applications
may introduce further challenges. As stated earlier, FMCW
transmits waves towards the highest concentration of energy



YOUSAF et al.: TTW HUMAN ACTIVITY RECOGNITION USING RADAR TECHNOLOGIES

1824

Dispersed
energy levels

)

Distance (meters)
1O = N WA OO N

ES
ES

Distance (meters)

1O = N WH D N®
Distance (meters)

O = N WA OO N

A

»
A

3 _20 1.0 1 2 3
istance (meters)

(a) One Tx-Rx pair

3 2 -1 0 1 2
Distance (meters)

(b) Two Tx-Rx pairs

Target related details

3 2. -1 0 1 2
Distance (meters)

(c) Three Tx-Rx pairs

Low energy levels
are eliminated

¥

are highlighted

)

Distance (meters)
O = N WA D N®

A

Distance (meters)
O = N WA OO

EN
a

3 4

3 2 1 0 1 2 3 2.1 0 1 2
Distance (meters) Distance (meters)

(e) Five Tx-Rx pairs

(d) Four Tx-Rx pairs

Increase of Tx-Rx pairs eliminates false detections and highlights target information
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FIGURE 8. Transmitted FMCW signal and its reflection.

and is then reflected to the radar. However, due to permittiv-
ity contrast and radar cross section, wall reflections are prone
to masking the return of the target [49]. Recent studies [21],
[24], [50], [51], have chosen to combine UWB and CW
devices to mitigate the effect of wall reflections. Relatively
low frequencies can easily penetrate walls in UWB systems
due to broad wavelengths and lower wall losses that are
proportional to frequencies. Meanwhile, high frequencies
produce an appropriate resolution of the captured radar
images.

Alternative FMCW systems based on UWB radars have
been reported in [21], [24]. For TTW imaging, [21] devised a
system that employs an S-band FMCW radar. S-band radars
have a frequency range of 2.9 to 3.1 GHz [98]. The use
of this frequency scope enables the effective propagation
of electromagnetic waves through walls. The detection of
moving and stationary targets in free space, behind 20 cm
concrete walls, determined the efficacy of the chosen radar
topology. Range gating and frame-to-frame coherent change
detection are used to remove clutter [99]. As a result, the
dynamic range of the system is increased, and weaker targets
occluded by walls are efficiently recognized. Range gating is
an effective processing method for FMCW systems. Because
both the receiver and transmitter run concurrently in FMCW

(b)

FIGURE 9. Photographs of the through-wall radar imaging system show (a) the
antenna elements on the front of the sy (b) the tr itter, receiver, power
supplies, diagnostic oscilloscope, and computer on the back [21].

systems, the dynamic range of the system is limited [100].
While research has demonstrated the reliability of S-band
radars for TTW detection, their practicality is limited. S-band
radars necessitate several antennae to maximize frequency
bandwidth, as illustrated in the system proposed by [21] in
Figure 9. These systems are not cost-effective and are often
designed at a large scale [98], [101]. Furthermore, traversing
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FIGURE 10. Commercial UWB radar sensors used for diverse applications [53], [54],
[55], [56], [58], [60].

a complicated device is impractical for indoor environments
and applications of rescue, search, and security missions.

To leverage the benefits of FMCW radar systems,
researchers have alternatively investigated SFCW radars
for their ability to create low-power, robust, and compact
systems [88]. However, due to the radar’s parameters and
characteristics, SFCW radars are most optimal for short-
range detection. Using an SFCW radar, authors in [97]
analyzed the respiration rates in multiple stationary targets.
This was accomplished using a homodyne SFCW radar
operating at a center frequency of 3 GHz and a bandwidth of
2 GHz. This facilitates TTW detection while maintaining the
radar’s range resolution. A two-stage algorithm was proposed
to determine target range and Doppler profile extraction.
Experimental results demonstrated the method’s capability to
detect single targets. Additional tests with volunteers spaced
1 m to 30 cm apart showed that the radar was able to
differentiate between multiple individuals, although ghost
targets were also triggered during the experiments.

For enhanced range resolution, Su et al. combined an
SFCW radar with a self-injection locked (SIL) radar to
develop a single-conversion stepped frequency continuous-
wave (SCSFCW) radar [89]. While FMCW and SFCW are
notoriously known for their ability to present both range
and Doppler information, their performance is limited by
susceptibility to noise, restricted range, and low sensitivity.
With the integration of SIL radar, these limitations are
addressed as vital signs are extractable by providing high
Doppler sensitivity [89]. The experimental setup taking place
consists of a human target seated approximately 4 m from
the radar. Researchers observed that a range beyond this
distance poses challenges when detecting and extracting
respiration and heart rates. To evaluate the system’s range
resolution, two volunteers were placed at varying distances.
Both the range and Doppler spectra of the radar data were
used to identify the target’s position. The results indicated
that the radar was unable to discern or identify targets located
less than or equal to 30 cm apart. The experimental set-
up takes place with three stationary targets placed within
the line of sight of the Tx-Rx antenna, ensuring no overlap

between the targets. Peaks in the range and Doppler spectra
corresponded to the location of the targets, which were
further processed into range-Doppler maps (RDM) for the
visualization and tracking of vital signs. However, this
method relies on detecting local peaks using a predetermined
threshold, which may not be applicable in circumstances
where the target has engaged in activities that significantly
alter their respiration or heart rates.

lll. COMMERCIAL RADAR SENSORS FOR DIVERSE
APPLICATIONS

Despite the development of customized radar sensors for
various applications by researchers, a variety of commercial
radar sensors are also deployed for a wide range of
human activity and health care monitoring applications.
Table 6 provides an extensive comparison in terms of
operating frequency, bandwidth, beamwidth, detection range,
and potential applications of key commercially reviewed
UWB [53], [54], [55], [56], [57], [58], [59], IR-UWB [60],
FMCW [61], [62], and microwave [63], [64] sensors.

When comparing the known parameters of the sensors,
key differences and commonalities are evident. The operating
frequencies of available UWB sensors [55], [56], [57], [58],
[60] lie in the range of 3-9 GHz and are consistently lower
than FMCW sensors operating frequencies [61], [62]. The
highest center frequency goes up to 9 GHz for UWB radars.
In contrast, the FMCW sensors carry a center frequency
greater than 20 GHz. Additionally, the bandwidth of UWB
radar sensors is quite large (0.55 GHz [56] to 6.3 GHz [59])
as compared to microwave [63], [64], and FMCW radar
sensors [61], [62]. This characteristic sets UWB radars apart
from other sensors as it facilitates their ability to permeate
through walls, along with other conventional applications to
detect, track, and recognize targets through walls [53], [54],
[57], [59], [60]. In retrospect, the microwave and FMCW
sensors offer the same capabilities but are not suitable for
TTW applications.

In terms of detection range, Pulseone 410 [58] offers
the highest 400 m detection range for target tracking,
while Position2Go [62] can serve the same purpose for
up to 12 m range. For human presence detection, sensors
based on UWB, IR-UWB, microwave, and FMCW radar
technology, HST-S1M-SE [55], SLMX4 [60], SEN0192 [63],
and Position2Go [62] can work up to 13.4 m, 10 m, 16 m,
and 12 m, respectively. It is important to keep in mind the
operating conditions and available interfacing options for
connecting processing units of these sensors while making
selections for their potential applications.

IV. HUMAN ACTIVITY RECOGNITION AND VITAL SIGNS
CHARACTERIZATION USING UWB RADAR
TECHNOLOGY AND MACHINE LEARNING

The emergence of machine learning has prompted
researchers to utilize its capabilities in further enhancing
the capabilities of UWB radar systems for numerous appli-
cations. Systems are designed to automatically detect and
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TABLE 6. Systematic critical comparison of reviewed commercially available radar sensor.

configure the number of people present behind a wall,
track their actions, and assess what movements are being
performed [20], [25], [26], [32], [36]. By using artificial
intelligence (AI) automated solutions, the operator can
securely determine the status of an unknown environment at
a safe distance.

The following section is divided into different segments
organized based on the state of the target. Human motion
indicates when a human target location is dynamically
changing in an environment. The human presence discusses
studies for stationary targets. The following section includes
the extraction of vital signs and overall applications related
to the healthcare sector. The researchers have implemented
the benefits of UWB radars by detecting non-human targets
such as drone detection and localization [35], soil moisture,
obstacle, and traffic detection [22], [23], [33], [34], [69], [70].
A series of experimental settings identifying four different
target classes have been demonstrated in Figure 12.

Convolutional neural network (CNN), a type of deep
neural network (DNN) has various applications related to
computer vision and image analysis [35], [102], [103], [104]
and has also been extensively used for human activity
recognition based on pre-processed radar signals. They are
made up of multiple layers, including the input layer, the

Detection R:
Architecture | Datasheet Radar Sensor Center Frequency Bandwidth Beamwidth ¢ ic ton llz)lnge Potential Applications
no wal
. Respiration
30°azimuth -
[53] LT105 OEM — 7.3-8.5 GHz . 10 m Presence detection
120°azimuth —
Gesture recognition
Respiration
+60°azimuth Position tracking
[54] LT103 OEM-xG — 7.3-8.5 GHz . 10 m -
+60°elevation Presence detection
Gesture recognition
Vital Signs
[55] HST-S1IM-SE 3-4.0 GHz 0.45-1 GHz — 134 m -
Presence detection
UWB People counting
Motion detection
[56] SR-RUG0-083M-01 7-9 GHz 0.5-1.4 GHz — 4 m — -
Collision avoidance
Presence detection
Through wall measurement
[57] Radarbolaget 2 GHz 0.5-2.5 GHz — 20 m — —
Material investigation
1.4 GH.
[58] PulseOn 410 3-5 GHz “ — 400 m Target tracking
(RF BW)
In-room & in-wall imaging
[59] Walabot — 3.3-10 GHz — 10 m Object detection & tracking
Motion sensing
Presence detection
IR-UWB [60] SLMX4 7.29 GHz 6.13-10.76 GHz — 10 m Respiration
Target distance
72°azimuth . .
[63] SEN0192 — i 16 m Motion detection
. 36°pitch
Microwave -
Auto-sensing
[64] XYC-WB-DC 5.8 GHz — — 9m -
Automation
Respiration
[61] LD2410 24 GHz — — 6 m -
Presence detection
FMCW — - -
Position2Go 76°azimuth Target tracking
[62] 25 GHz 12m
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FIGURE 11. A typical architecture of convolutional neural network (CNN).

convolutional layer, the fusion layer, the dense layer, and
the output layer, as shown in Figure 11. The input layer
functions to provide input to the model. The number of
neurons in this layer will be equal to the total number of
features in the data. As for the convolutional layer, it is
used to extract features by applying filters to the input data.
Moreover, the pooling layer is utilized to downsample the
data which enhances the efficiency and reduces computation
time [102]. Furthermore, the dense layer takes the output
of the previous layers and connects their neurons to every
neuron in the dense layer. The final layer is the output layer
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FIGURE 12. (a) The experimental scenario for dataset acquisition with a self-developed TWR [36]; (b) The driving simulator setup used for data collection [48]; (c) Experimental
environment: The radar is placed on the left side of the participant. The distance between the radar and the shoulder of the participant is 1.1 m [30]; (d) SAR measurement setup
with provisional MW absorber arrangement for trihedral corner reflector (12 cm and 10 cm edge length) as reference targets [86].

that is responsible for producing the network’s predictions
based on the extracted features.

Unlike conventional shallow algorithms, DNN consists
of a higher number of processing layers that are trained
to learn complex characteristics of data as it does not
rely on manual feature extraction [105]. Although this
has advanced the progression of machine learning, DNN
algorithms face the challenge of premature convergence
and overfitting [102], [103]. Convergence occurs when the
weights and biases of the algorithm satisfy the local features
while neglecting the global minima of the multidimensional
space. This behavior is not favored as it fails to reconcile
with characteristics that have not yet been trained upon. On
the other hand, overfitting is a common challenge faced by
DNN algorithms where results become biased towards the
trained data and fail to meet satisfactory results for the testing
data [35], [104]. Such behavior indicates that the algorithm
has not comprehensively associated certain features with
their respective behaviors, and instead has “memorized” their
occurrence.

The following section is divided into different segments
organized based on the state of the target. Human motion
indicates when a human target location is dynamically
changing in an environment. The human presence discusses
different studies for stationary targets. Next, studies on the
extraction of vital signs for a stationary human using Al
techniques are reviewed. Lastly, the characterization of non-
human objects using radar technology is discussed.

1) HUMAN MOTION

The recognition of human activity with its movement
involves the precise analysis of returned UWB radar signal
signature features for various motions. These backscattered
radar signatures are processed using different machine
learning algorithms for the prediction of correct human
activity as depicted in Table 7.

The authors [25], [26], [36] employed the UWB radar
sensors for the real-time robust classification of dynamic
human movements using deep neural networks (DNN),
convolution, and auto-encoders. The classification precision
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TABLE 7. Comparison of reviewed studies for monitoring human motion and activity using machine learning algorithm and radar technologies.

is determined based on the accuracy of the machine learning
structure employed. The algorithm in [25], [26] extracts
the frequency domain features of the radar signal initially
transmitted from a sensor with a frequency range of
0.5-2.5 GHz. The environmental conditions of the three
studies were carried out for targets placed behind a brick
wall at 0.23 m [25], [26] and 0.70 m [36]. Following the pre-
processing of the acquired data, the input data as signals [36]
and images [25], [26] is fed to the machine learning
classifier. The studies aim to understand the effectiveness
of the algorithm in identifying the movements taking place
behind the wall whilst ensuring that the received signals are
filtered from noise. The success of the model built by [25]
is assessed by decreasing the model’s parameters while
achieving high recognition rates and real-time recognition.
The detection algorithm in [36] experienced minute delays
in its recognition rate, which is considered tolerable as
it is a function of the target’s complexity. Furthermore,
because of the gated memory technique used, the model
can instantly determine the executed movement. This pro-
vides an advantage over other neural networks because
conclusions can be reached without requiring the entire
movement to be completed. The proposed algorithm yielded

Class | Ref |Year Machine Learning Input Dataset Size Accuracy Real-time Implementation
1728 (training) 97.69% (training)
2512022 NN I Yes
25120 ¢ mages 432 (validation) 91.44% (validation) e
AEN .
[36]12020 Neural network Signals 864 93% Yes
GRU
SVD module
Multilink auto-encoding| Coordinate ~1740 (training)
93.06% S
(2612022 neural network attention Images 432 (validation) 0 Yes
LISTA
89.81%
Adaptive weight 0
L . 500 samples (no motion)
[37]]2016 Squared prediction error Signals . — Yes
7000 samples (motion)
[38]2012 — — Yes
[32]]2023 Transformer (3D-TransPOSE) Signals 105,400 frames (tralfnng) — Yes
Human 30,750 frames (testing)
Motion 2592 (training)
[20]]2021 CNN Signals 864 (validation) 99.7% No
864 (testing)
CNN
[44])12022 RPCNet Signals — Yes
RNN
[471/2021 RNN EDA Signal 65,000 sampl 99.6% Yo
LSTM gnals ,000 samples .6% es
[46]/2020 KNN Signals|70 (10 times per movement) 99% Yes
Random forest classifier 93.80%
[45]12023 DL (ResNet50, DenseNet121, Signals 720 samples 71.30% No
LSTM, Transformer) R

an accuracy rate of 97.69% [25], 93% [36], and 93.06% [26]
respectively.

A residual subspace projection topology algorithm is
proposed in [37] for behind-the-wall recognition of single
and multiple people. A total of 7500 samples of backscat-
tered UWB radar signals were taken behind a 23.5 cm
brick wall at various positions (no person, one person,
and two persons). The compressed detection approach was
used to compute the mean squared error (MSE) from the
acquired signal dataset. The results showed that the MSE
was lowest with no person, followed by one target, then
two behind the wall. 3D TransPOSE is a motion detection
algorithm used in [32]. The suggested algorithm is based on
a transformer architecture. The idea is to use 3D imaging
to detect movement behind a 4.5-meter plywood wall. The
dataset had 105,400 training frames and 30,750 testing
frames and was analyzed using the average precision and
percentage of accurate key points. The authors in [46] [45]
conducted their research with no wall averting the human
target. Himaldinen et al. [46] based their research on a UWB
radar sensor operating at a frequency range of 3.1-4.8 GHz
and used a k-nearest neighbor (KNN) technique. Seven
motions within the radar’s range were performed for ten
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iterations each. The effectiveness of the implemented model
was determined by its skewness and received power. The
proposed system achieved 99% accuracy while running
in real-time. Using two UWB radars, [45] tested DNN
and random forest classifier systems for detecting human
movements. The data was collected for 720 samples within
range of the radar. The random forest classifier achieved
93.8% accuracy, whereas the DNN system achieved 71.3%.

The Xethru X4M03 UWB impulse radar was used in [84]
to classify 14 hand gestures detected by unique feature
extraction with the help of CNN. The researchers suggested
four distinct classifiers to compare their overall performance
in discriminating gestures: fully convolutional neural network
(FCNN - network I), k-nearest neighbors (KNN - network
II), support vector machine (SVM - network III), and long
short-term memory networks (LSTM -network IV). With
250 samples per gesture, 80% are used for training with
5-fold cross-validation, and the remaining samples are used
for testing without the training procedure.

According to the results, network IV had the best
classification performance and computational cost, with an
accuracy of 96.15%. The accuracies of networks III, I, and
II were 94.08%, 93.33%, and 92.02%, respectively. The
combination of a 2D-CNN with an LSTM model allows
for the analysis of time-series inputs and is composed of
state/memory cells for storing state/time data. The 2D-CNN
collects features in this structure, while the LSTM network
establishes the temporal relationship between the features.

The stacked-LSTM, CNN-LSTM, and residual neural
network (ResNet) with UWB data gathered using three radars
was investigated by [85] for the predictions of numerous
human motions. The stacked LSTM-RNN model differs from
a single layer in that it can extract richer features. However,
this can only be accomplished with a large set of data
for training. The CNN-LSTM combination is obtained by
adding two LSTM layers to the CNN model and dividing it
into five subsequences of 150 samples each. The ResNET
architecture is a modern neural network used for function
approximation. The dataset used to train each network was
made up of several daily human activities. The CNN-LSTM
combo outperformed the other models in terms of accuracy,
with a success rate of 94%. The classification accuracy of
the stacked-LSTM network was only 50%, whereas ResNET
obtained 75% accuracy. The authors in [85] discovered that
the stacked-LSTM was ineffective in extracting time series
features, whereas ResNET was unable to model the temporal
components. The CNN-LSTM network, on the other hand,
was able to take the efficient features of both models and
effectively discriminate between features while modeling
temporal components in time series. Its accuracy rate can
also be attributed to the model’s ability to reduce noise while
extracting features and learning temporal relationships.

The recurrent neural network (RNN) architecture differs
from CNN in that it focuses on obtaining data in the
temporal domain. The RNN algorithm operates in a cycle
that utilizes the output of a layer as an input to the

subsequent layer. This structure has shown exemplary results
for sequential data, where a series of data holds beneficial
information for the next set of information [106]. While
useful for some applications, its operation is limited by
the convolutional filter’s window size. That is, neighboring
members of the input are fed the same functions, whereas
the outputs of distinct functions are processed by filters
with different parameters [107]. This method employs a
sequential multiplicative process in which the completion
of one operation is dependent on the preceding output
and is continued until the temporal information can be
extracted. As a result, the network is vulnerable to exploding
and disappearing gradient issues [108], [109]. To avoid
this drawback, researchers have favored the use of the
long short-term memory (LSTM) network, a subset of
RNN. The network contains cells embedded with self-
loops and gating units for memorizing arbitrary time
intervals and forgetting inconsequential values or when
the output value is required [107]. Furthermore, recent
researchers [47], [84], [85] have favored the merging of
LSTM with neural networks for the simultaneous processing
of sequential and spatial data, respectively.

2) HUMAN PRESENCE

The integration of Al-powered classifiers for the detection
of human presence based on radar-backscattered signatures
has become popular in recent times as shown in Table 8.

Researchers [41], [48], [50], [51], [52] have developed
automated UWB-based systems for the detection of human
presence. The study conducted by [52] presents an approach
to suppress ghost targets using an FMCW-based radar
system. Ghost targets are erroneous detection by the radar
system when no person is present. To mitigate their effects
and occurrence, the characteristics of the reflected signals are
assessed. Taking features such as distance, velocity, azimuth,
and elevation angles into account may aid in detecting real
targets. The machine learning algorithm is designed based on
a DNN classifier. The efficacy of the algorithm is determined
based on its ability to suppress ghost targets. Both real and
false targets were differentiated with an accuracy of 94.45%.

To identify whether a target is present behind a wall, [51]
developed a stepped-frequency continuous-wave (SFCW)
radar system for TTW detection. The CNN network allowed
for the classification of three classes - no person, standing
and sitting. Scenes where a person was occupying the room
were assessed from a distance of 2.5 and 5 m away from
the wall. Using the inverse Fourier transform, the data was
translated from the frequency domain to the spatial domain
and categorized using a CNN. For the training and testing
phases, a total of 7200 and 1800 samples were accumulated,
respectively. For improved differentiation between classes,
authors suggested an increase in SFCW frequencies, thus
resulting in a larger data set. The developed CNN model
produced an accuracy rate of 97%.

Like [51], Hu et al. [50] used extracted data from
the UWB multiple-input-multiple-output (MIMO) SFCW
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TABLE 8. Comparison of reviewed studies for human presence detection using machine learning algorithm and radar technologies.

radar system to detect the presence of a human and their
location. To suppress artifacts in the focused image as well
as reduce the computing complexity, a cross-correlation-
based time domain back projection (CC-TDBP) method
is implemented. Three experiments were designed for the
testing of the developed MIMO radar and the results are
shown in Figure 13. The first test used two dihedral corner
reflectors that were approximately about 3 m and 5 m away
from the equivalent phase center of the radar system. In the
second experiment, two humans acted as targets at a close
range. Results showed that humans can be detected in an
outside environment. In the last experiment, two humans
were standing behind a brick and concrete wall (22.5 cm)
with the radar placed 15 cm away from the wall. The
results of this experiment showed that when the CC-TDBP
algorithm was implemented with the addition of background
subtraction, the results were more accurate. By utilizing
UWB MIMO radar and DL, Song et al. [65] were able
to reconstruct TTW target poses. While the self-developed
DL model was computationally operational concerning the
compared models, their reconstruction performance was
relatively weaker. This is largely attributed to the discrete
sampling when converting the 3D images to points, leading
to the loss of information. Additionally, the findings of
the study suggested that while the decrease in SNR due
to the occlusion of the wall is inevitable, the quality of
reconstruction and imaging is further abridged.

The studies of [65], [66] examined the concept of pose
estimation and reconstruction by applying machine learning
methods for UWB-based radar data. Human pose esti-
mation (HPE) provides geometric and motion information
by estimating the configuration of body parts from data
attained by sensors [110]. Determining HPE has recently
been accomplished via deep learning (DL) solutions that
have outperformed methods such as computer vision. This
is usually accomplished through optical cameras that allow

Class | Ref | Year Machine Learning| Input | Dataset Size | Accuracy | Real-time Implementation
SVM
[41]]2022 MLP Signals — Yes
CNN
[43] 2016 — Yes
[48] 12023 LSTM Signals | 10406 samples| 67.20% No
Human
7200 training
Presence | [51] |2019 CNN Images 97% Yes
1800 testing
[52] 12022 DNN Signals 120 frames 94.45% No
[65] [2022 DL 3D points | 120000 frames — Yes
[66] 12021 DNN Images | 4386 frames 98% No
[67] |2022 CNN Signals |36326 samples — Yes
[68] |2020 CNN Signals | 5000 samples | 98.3% No

FIGURE 13. Imaging results of two corner reflectors by: (a) the TDBP algorithm with
direct coupling removal; (b) the CC-TDBP algorithm with direct coupling removal;

(c) the TDBP algorithm with background removal; (d) the CC-TDBP algorithm with
background removal [50].

the identification of certain features such as position and
shape by cultivating an in-depth map. While developed
systems have shown exemplary results, the extraction of
3D HPE has been challenging due to depth ambiguity.
Additionally, conventional approaches are not liable under
obscured environments with harsh lighting or through walls.
Aiming to counteract such restrictions, the use of radar
sensors working on the micro-Doppler effect has been
employed as the extraction of target information regardless
of adverse environmental conditions is viable. Xu et al. [66]
achieved HPE through backward projection imaging and
random forest DNN for feature extraction. The random
forest framework consists of decision tree classification
models that work in tandem for the best classification at
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TABLE 9. Comparison of reviewed legacy studies for healthcare applications using UWB radar technologies and machine learning.

Class | Ref | Year Machine Learning Input Dataset Size | Accuracy | Real-time Implementation
. 50000 (training)
[30] 12019 CNN Signals — Yes
25000 (testing)
[31]]2019 1D-CNN Signals 1200 datasets 95.9% No
[27] 12019 SVM Signals | 15360000 samples | 98.7% Yes
Multi-shift .
) ) . 5000 location
Vital | [28]]2015| WiTrack2.0 FMCW Signals ) — Yes
. readings per person
Signs Successive Silhouette
Cancellation
[29] |2016 CNN Signals — 91.31% No
[8] [2022 CNN-LSTM Signals| 7000 samples 97% Yes
CNN . 97.53%
[9] [2022 Signals| 8400 samples Yes
SVD-EEMD —
[10] |2021 ResNet Images | 230 spectrograms 90% No
[11] 2022 CNN-SVM Images 2500 images 97.4% Yes

every level. These kinds of ML models are effective for
nonlinear data with large datasets. However, decision trees
are commonly susceptible to cases of over-fitting, leading to
generalized accuracy that is determined based on common
predictions [111].

Most of the compared research studies of determining
human motion and presence [43], [48], [51], [52], [65], [66],
[67], [68] have focused on finding a single target. Table 8
compares the findings of these studies. Under practical
circumstances, this would rarely be the case as several people
must be identified simultaneously to reduce the number of
fatalities in search-and-rescue missions for instance. The
study proposed by [67] identifies a solution to this niche
problem by devising a method to extract stationary human
data TTW. In addition to the use of an IR-UWB radar, a
six-layered CNN algorithm is employed in addition to the
target point of interest (TPOI) for the detection of multiple
targets. Researchers noted that their proposed algorithm has
a 3% false alarm rate. The effectiveness of the model was
compared with three other methods that ranged between a
35-65 percentile rate of missed alarms. The algorithm used
by [67] had the tabulated rate at a range of 6 cm, while the
other three models ranged between 15 cm to 17 cm. This
appears to be an unfair comparison as the other models were
compared at a distant range while the researchers in [67]
opted to assess the results at a relatively closer range.

3) HUMAN PRESENCE & VITAL SIGNS

Besides only human motion and presence detection in [20],
[26], [36], [37], [43], [44], [46], [48], [51], [52], [65], [66],
[67], [68], many studies have been reported to monitor the
vital signs of the target along with its detection. Table 9
presents a comprehensive comparison of such studies.

The authors in [27], [28], [42] employed a UWB radar to
identify human movement and monitor vital signs with the

help of machine learning. Wu et al. [30] employed a MIMO
UWRB radar to identify people and estimate their heart rates.
The 75,000 samples acquired from the MIMO UWB radar
was transformed into a 2D matrix for feeding to the CNN
classifier. The 50,000 samples were used for training and
25,000 were used for testing. The study by [27] used four
data sets to develop an efficient machine-learning model for
the prediction of human presence, movement, and vital signs.
The study conducted three experiments: no one in the sight of
the radar, vital signs being measured, and the target subject
moving. The three tests were labeled 0 through 2 accordingly,
while the fourth and final test were a composite of the
first three. The SVM was used to classify the 15,360,000
data, providing a prediction accuracy rate of 98.7%. While
effective, the use of SVM poses certain limitations in the
accurate determination of breathing rates. According to [31],
algorithms such as SVM lack in robustness when classifying
and recognizing the rates of eupnea and bradypnea. On the
contrary, the 1D-CNN algorithm proposed by [31] was able
to effectively recognize the four human respiration rates -
eupnea, bradypnea, tachypnea, and apnea.

The self-developed multi-shift FMCW radar operating at a
frequency range of 5.5-7.2 GHz was tested with the proposed
WiTrack2.0 algorithm in [28]. Each test for the proposed
method contained 100 experiments that were evenly divided
between the line of sight and TTW (15.24 cm). Results
showed that WiTrack2.0 can track up to five users with
improved precision in line-of-sight settings at a range of
10 m. When assessing the ability of the system to detect
vital signs, the breathing rate performed better for static users
than for moving users. While the reported system is robust
to simultaneously track multiple users, it was not able to
precisely determine the location of each.

Researchers have employed CNN-based algorithms due to
their aptitude for classifying non-linear behaviors in UWB
radar datasets. This proficiency has greatly benefited the use
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of UWB sensors for the extraction of physiological signals
such as heart rate (HR) [30]. The healthcare sector has been
disrupted by the benefits of UWB radars over traditional
devices such as electrocardiogram (ECG) monitoring devices.
In addition to the benefits offered by UWB radar sensors,
their compactness and power efficiency have been integrated
as biosensors in healthcare applications [83]. This feature has
prompted researchers to explore their integration in diverse
applications, such as fetal monitoring [17], [71], [74], [75].

The authors in [29], [30], [31] focus on the extraction of
vital signs using a simple CNN model. Wu et al. proposed
an HR estimation system to determine the heartbeat of a
specific user. The CNN algorithm is trained using a dataset
of 50000 samples were acquired using a MIMO UWB radar.
The output waveform acquired by the radar must reflect the
ECG waveform for the computation of the HR for effective
training. However, researchers faced a challenge because the
RST intervals of the predicted ECG waveform were sharper
in behavior than regular radar waveforms. Researchers have
utilized two triangular waveforms to represent the R and S
waves instead of the original ECG waveform for the training
process to mitigate the RST problem. However, this raised
some concerns as changing the shape or representation of
ECG waveforms may omit critical information that may be
threatening if lost in translation as key characteristics may
be altered.

The CNN model devised by researchers in [29] has
a cascade structure designed to capture both ECG and
heartbeat signals for improved classification outcomes. ECG
recordings inherently carry the bio-electrical features of
heartbeats, while radar data provides the physical char-
acteristics such as amplitude and the intervals between
beats. By recognizing this, researchers designed two isolated
one-dimensional (ID)-CNNs in cascade to analyze the ECG
and heartbeat signals. This is then followed by another
CNN integrated to understand the observed features of
the signals. These isolated modules are then integrated,
thus combining the strengths of both signal types for
improved accuracy. Overall, this approach demonstrates the
importance of tailoring certain algorithmic structures for
specific classification tasks.

Compared to the approaches mentioned above that were
based solely on CNN classifiers, the authors [8], [9], [11]
used more sophisticated algorithms that combined the
benefits of CNN with the features of other models. The
detection and localization of breast cancer were investigated
in [8] by utilizing a CNN and long short-term memory
(LSTM) algorithm. Diagnostic methods have traditionally
taken place through mammography X-ray and magnetic
resonance imaging (MRI) that bring forth disadvantages such
as their cost, size, and radiation. UWB radars have been
investigated as an alternative method that can differentiate
the dielectric properties of cancer tissues from normal breast
tissues in the microwave frequency band [112], [113].
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In the one-pole Debye Equation (3) [113], w is the
frequency, whereas the dielectric constants &;, &, and
go represent the low, high, and free-space frequencies,
respectively. While determining the dielectric property of
the internal structure has been proven to be complex,
its extraction has been simplified with the integration
of machine learning methods. The majority of emerging
research has focused solely on detecting tumors via machine
learning while disregarding their location, rendering them
impractical in realistic applications.

The research by [8] aims to simultaneously perform both
tasks through the addition of the LSTM structure. Employing
the CNN algorithm aims to extract distinct features, which
are then used as input to the LSTM network to process the
time series data. As a result, the LSTM network analyzes
the time-domain backscattered signal and learns the time-
of-arrival (ToA) of the tumor response. The dataset utilized
for the training of the proposed algorithm was accumulated
using the breast phantoms and detection experimental system
conveyed in [8]. This demonstrated that an architecture with
two CNN layers and a singular LSTM layer retrieved optimal
results with an accuracy of 100%, 99.56%, and 89.50% for
training, validation, and testing, respectively.

4) NON-HUMAN TARGETS

The use of UWB radar technology for the detection and
characterization of non-human objects is well investigated
too. Researchers [33], [34] have expanded the application of
UWB radars for the identification of non-human targets. A
comparison of reviewed relevant studies is given in Table 10.
Kawaguchi et al. [33] concentrated on drone categorization
utilizing deep learning and UWB radar image recognition [35].
The radar data was preprocessed using a CNN-based model
while images served as the input of AlexNet CNN model. The
accumulated data consisted of 300 frames originating from
50 frames of radar images per target. The 60% of the data
was used for training, while the remaining 40% was used for
testing. The algorithm’s ability to distinguish between targets
was assessed using two scenarios: one frame of a radar image
as input and two consecutive frames of a radar image as
input. Because the radar echoes’ temporal variations were
taken into account when calculating the feature amounts in
the second case, the results showed greater accuracy levels
at approximately 90%.

Using both a simple pattern recognition algorithm (KNN)
and a deep convolutional neural network (CNN), the study [34]
managed to reconstruct unknown targets behind a0.15 m thick
wall. By recording the electric field profile at multiple points
using multiple receivers, a time series of data is obtained
which will be used as the data for target reconstruction
and classification. The 2D-time series data was converted
to a 2D array before feeding to the CNN classifier.
The experimental results showed that the KNN algorithm
sufficiently approximated the location of simple circular
objects at a fixed location and radius with an accuracy of
97%. However, the CNN via Keras-TensorFlow produced
impressive results after adequate training with an accuracy
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TABLE 10. Comparison of reviewed legacy studies for detection and characterization of the non-Human targets healthcare using UWB radar technologies and machine

learning.
Class Ref | Year| Machine Learning | Input | Dataset Size | Accuracy | Real-time Implementation
[33] |2021 AlexNet (CNN) Images| 300 frames — Yes
CNN ) 99%
[34]/2020 Signals | 10000 samples Yes
KNN 97%
Non-Human | [22] |2022 | Shallow Neural Network | Signals — 98.94% No
) 1000 data
[23] 12023 DNN Signals| — No
mstances
[69] [2021 RNN-LSTM Signals | 47000 signals 81% No
[70] | 2022 Statistical method Signals — 96%-98 % Yes

of >99% even with complex objects. The total number of
samples for this experiment was 10,000 and this experiment
proved it is more accurate and less time-consuming.

The wuse of neural networks is investigated by
researchers [22], [23] for the identification of soil mois-
ture. This niche application allows for the surveillance
of vegetation and crops in the agricultural sector. The
study [22] utilizes the Walabot UWB radar sensor to
determine the dielectric constant of soil. The signals reflected
from the soil samples are preprocessed and utilized as input
to the proposed model. The investigated models included
KNN, SVM, and linear regression. Researchers noted that
the linear regression outperformed the aforementioned mod-
els. However, with the introduction of a neural network
algorithm, the data was classified with higher accuracy
results. While results showed high portal-time or real-
time employability, researchers limited their research by
investigating one type of soil instead of expanding the
success of their results across different soil types and
compositions. Ding et al. [23] proposed Soilld - a soil
moisture unmanned aerial vehicle (UAV) sensing system
equipped with an IR-UWB sensor. The deep neural network
was fed 1000 data instances from the collected data signals.
The UWB-mounted UAV system requires less than two
minutes to measure the moisture of the soil. While this is
relatively quick, it may cause time implications for farms
that have large land acreage.

The researchers [70] proposed a solution intended for use
in the transportation industry by devising a portable device
for traffic counting and speed estimation. The detection
and counting of vehicles is satisfied using statistical and
signal processing techniques. This entails the use of peaks
and trajectories for the localization of the counted vehicles
on the surveyed road. The real-time testing took place to
verify the validity of the proposed system, resulting in an
accuracy of 96% for larger vehicles and 98% for smaller
vehicles.

V. DISCUSSION
In terms of the preferred UWB architecture, IR-UWB sensors
serve a wider range of applications as their signals are

rapidly transmitted over a wide spectrum. This enhances its
ability to penetrate through obstacles effectively. Most of the
surveyed research [27], [32], [44], [45], [47], [48], [70], [84]
employing IR-UWB sensors relied on the Novelda XeThru
sensor range. Additionally, the hardware implementation of
UWB-based radar devices are significantly more compact
than other systems. This further demonstrates the practical
applicability of UWB radar across various sectors. Unlike
conventional TTW radar systems, which often require
multiple large-scale antennas, UWB radar systems are typ-
ically transceivers with miniature Tx-Rx antennas. In terms
of radar hardware, successful TTW detection is achievable
when the antenna has a sufficient coupling ability with the
wall, ensuring maximum power transmission through walls
while minimizing refractions [114]. For improved range
resolution, additional antennas can integrated with UWB
radars without compromising the overall size of the device.
Consequently, the system’s SNR is improved and with further
processing methods, the interference of environmental noise
is reduced for optimal extraction, optimization, and imaging
of radar data.

When combined with signal processing and machine learn-
ing approaches for robust systems, UWB radar technology
has the potential to revolutionize an array of industries. In
this research, different signal processing techniques were
used to determine the optimal approaches for achieving
high accuracy and reliability. Many academics have worked
on the ability to reduce noise and improve the quality
of UWB signals under real-world conditions. The signal
attenuation advancements lead to reliable solutions for the
diverse uses of UWB technology. Recent developments have
centered on the usage of device-free monitoring systems.
This has been a transformative breakthrough that eliminates
the need for invasive gadgets and paves the path for practical
solutions that can comfortably service a broader range of
needs. Despite the successes, challenges such as multiple
people tracking, identification, and vital signs monitoring
of moving individuals are evident. The incorporation of
machine learning algorithms such as CNN has targeted and
aided in the resolution of the aforementioned difficulties.
Their combination with UWB radar technology has resulted
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in considerable advances in person detection, vital sign
monitoring, and object recognition.

The use of machine-learning learning models has emerged
as the preferred choice of researchers for the characterization
of human and non-human targets. Among various machine
learning algorithms, CNN models have been viewed as the
preferred approach for real-time detection and vital sign
analysis [20], [25], [33], [51]. The studies based on CNN
algorithms have witnessed an increased training accuracy
as exhibited in [20], [25], [33], [S1]. Additionally, while
signal processing has been widely discussed and showed
major improvements in the algorithm, its processing is a
computational burden. Instead, CNN has been widely used
by researchers [32], [73] as a feature extractor that eliminates
the need for the manual processing of UWB data. Its
success prompted the integration of CNN architecture with
the use of LSTM. This combination has been discussed
in [47], [84], [85] to further enhance the performance of the
classifier network. CNN serves to extract common features
exhibited in the data, while LSTM simultaneously works
to identify the temporal relationships. Continued research
in this area intends to address difficulties and improve the
accuracy and dependability of UWB-based systems in real-
world scenarios, reinforcing its role in improving healthcare,
security, and emergency response operations.

VI. FUTURE RESEARCH TRENDS
As radar techniques continue to advance, several key factors
are going to influence the future of through-the-wall human
activity recognition. A key focus is on increasing the use
of UWB radar, which exhibits exceptional spatial resolution
and the ability to capture the smallest movement of humans
behind the wall [67]. UWB are known for their wide
frequency range, allowing them to detect subtle motions
more accurately and improve their penetration through vari-
ous materials such as drywall and wood. This advancement
would facilitate more precise and reliable recognition of
humans in complex environments, establishing UWB radars
as a major pillar of future research in this field.
Complementing UWB radars, simpler radar techniques
such as millimeter-wave (mmWave) radars can also be used.
Although these types of radar offer high resolution, their
penetration capabilities are not as effective compared to
UWB radars, since the density of the obstacle can affect the
signal, making it less sensitive to subtle human movements.
However, they are still suitable for TTW human detection
if the material density is not an issue [115], [116], [117].
The aforementioned radar technologies can be further
enhanced by integrating machine learning and deep learn-
ing techniques, which are expected to transform data
interpretation. These methods can improve accuracy, enable
transfer learning, and reduce false positives, facilitating
real-time processing that has been employed by [67],
[115], [116], [117]. Furthermore, [117] also discussed the
miniaturization of radar systems, specifically the antenna,
and efforts to make them more compact hold significant
potential for enhancing performance, reducing costs, and

expanding their applications making these technologies more
accessible for consumer applications.

While radar-based techniques are leading the way,
nonradar-based techniques such as computer vision and
thermal imaging can also be used in through-the-wall human
activity recognition as discussed in [118], [119], [120].
These techniques often rely on visual data and temperature
variations to detect and classify movements. Although they
may be effective in some scenarios, issues like obstacles,
lighting conditions, and privacy concerns that were discussed
in [121], can significantly limit their effectiveness. Radar-
based techniques, specifically UWB and mmWave radars,
provide notable advantages over non-radar techniques. They
provide superior penetration through obstacles and can
operate in harsh environmental conditions for instance,
during a fire, where thermal-based might fail. Moreover,
radar technologies are considered less abusive, as they
maintain the privacy of individuals by not capturing detailed
visual images. In contrast, non-radar techniques like com-
puter vision, can offer higher accuracy detecting humans
when they are in line-of-sight and that accuracy decreases
immensely when the target is obscured. To maximize the
benefits of both radar and non-radar technologies, multi-
modal fusion was utilized in [122], [123]. The integration
of various types of sensors created a more comprehensive
and robust system for activity recognition. This combined
approach can overcome the limitations of individual sensors,
leading to more accurate recognition and reliable capabilities.

In conclusion, combining advanced radar techniques,
machine learning, and multi-modal fusion is expected to
yield significant results in through-the-wall human activity
recognition, leading to systems that are more effective,
responsive, and adaptable to various environments.

VIl. CONCLUSION

This study has thoroughly explored the intricate principles
of UWB radar architectures, processing methods, and their
effectiveness in numerous real-world applications. The uti-
lization of UWB radar systems is continuously growing
and is being explored in areas beyond search and rescue
missions, making breakthroughs in the medical industry. The
processing methods of UWB signals were analyzed and com-
pared for a concise understanding of what is best fit for the
characteristics of UWB signals. The surveyed research for
the extraction of vital signs relies on detecting breathing and
heartbeat patterns based on their corresponding frequency
windows. Determining human presence and mobility varies
from study to study. The unified goal, however, is to
decrease noise and enhance regions where a target and
its related movement have high density. This detailed
review has proved that the integration of machine learning
algorithms, especially CNN, with UWB radar technology,
has enhanced the classification accuracy of human activity as
well as vital signs characterization. With additional research
and development, we can expect even more innovative
applications and enhanced techniques, which will solidify
UWRB radar’s position as a fundamental radar technology in
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different industries. Whether it’s strengthening security, or
enhancing automated robot systems, UWB radar technology
proves its innovative capabilities in addressing complex
challenges and making the world safer.
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