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Abstract

Ultrawideband (UWB) radar has emerged as a compelling solution for noncontact human
activity recognition. This study proposes a novel framework that leverages adaptive sig-
nal decomposition and video-based deep learning to classify human motions with high
accuracy using a single UWB radar. The raw radar signals were processed by empirical
wavelet transform (EWT) to isolate the dominant frequency components in a data-driven
manner. These components were further analyzed using the Hilbert transform to produce
time—frequency spectra that capture motion-specific signatures through subtle phase varia-
tions. Instead of treating each spectrum as an isolated image, the resulting sequence was
organized into a temporally coherent video, capturing spatial and temporal motion dynam-
ics. The video data were used to train the SlowFast network—a dual-path deep learning
model optimized for video-based action recognition. The proposed system achieved an
average classification accuracy exceeding 99% across five representative human actions.
The experimental results confirmed that the EWT-Hilbert-based preprocessing enhanced
feature distinctiveness, while the SlowFast architecture enabled efficient and accurate learn-
ing of motion patterns. The proposed framework is intuitive, computationally efficient, and
scalable, demonstrating strong potential for deployment in real-world scenarios such as
smart healthcare, ambient-assisted living, and privacy-sensitive surveillance environments.

Keywords: ultra-wide band radar; motion recognition; empirical wavelet transform;
Hilbert transform; SlowFast

1. Introduction

Ultrawideband (UWB) radar technology has emerged as a promising noncontact
sensing solution capable of accurately capturing fine-scale motions and physiological
signals from human participants [1-10]. By transmitting extremely short-duration pulses
over a wide frequency range, the UWB radar achieves high spatial resolution, enabling
the precise detection of even subtle movements. Notably, concerns about privacy have
increasingly limited the use of vision-based sensing systems in public environments. For
instance, the European Union has enforced strict data protection regulations that restrict
video surveillance in public spaces [11,12]. In contrast, radar-based systems, which do not
rely on visual data but instead detect motion alone, offer a privacy-preserving alternative.
Furthermore, radar signals can penetrate nonmetallic obstacles, making them suitable for
various deployment scenarios.

A variety of radar modalities have been explored for human activity recognition.
Examples of such modalities are the continuous-wave (CW) radar, frequency-modulated

Electronics 2025, 14, 3264

https://doi.org/10.3390/ electronics14163264


https://doi.org/10.3390/electronics14163264
https://doi.org/10.3390/electronics14163264
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/electronics
https://www.mdpi.com
https://doi.org/10.3390/electronics14163264
https://www.mdpi.com/article/10.3390/electronics14163264?type=check_update&version=1

Electronics 2025, 14, 3264

2 of 34

continuous-wave (FMCW) radar, and UWB pulse radar. CW and FMCW radars typically
utilize micro-Doppler shifts, which are minute frequency variations caused by human
movement, as the primary discriminative feature. For example, a CW radar continuously
emits electromagnetic waves at a constant frequency, and the frequency variations in
the reflected signals are analyzed in the time—frequency domain to distinguish different
types of motion [13]. In the case of the FMCW radar, motion trajectories are constructed by
sequentially connecting range-Doppler maps over time, and these trajectories are combined
with multidimensional feature vectors to enhance the classification performance [14]. The
UWRB radar provides detailed movement analysis by utilizing time-of-flight and phase-shift
information [15-19].

Conventional studies analyze UWB radar signals through time—frequency analysis
methods such as the short-time Fourier transform (STFT) [20] and the continuous wavelet
transform (CWT) [21]. However, the STFT is constrained by the fixed time—frequency
resolution determined by its window size, limiting its effectiveness at detecting brief or
nuanced changes. The CWT, while realizing a multiresolution analysis (MRA), still relies on
predefined wavelet basis functions and sampling frequencies, which may not fully adapt
to the intrinsic characteristics of the measured signal.

To address these limitations, this study proposes an adaptive signal decomposition
framework based on empirical mode decomposition (EMD) [22] and empirical wavelet
transform (EWT) [23]. These techniques facilitate the extraction of dominant energy bands,
which dynamically shift in response to human movement, within the frequency spectrum
of the radar signal. The Hilbert transform [22,24] is then applied to visualize the instanta-
neous frequency of these dominant components to identify the subtle frequency variations
induced by motion. In the experimental setup, one-dimensional (1D) UWB radar pulse
signals were continuously acquired over time and decomposed by EWT to identify the
dominant spectral bands. These components were then transformed by Hilbert transform to
produce two-dimensional (2D) Hilbert spectrum images. A temporally ordered sequence of
these images was constructed in video format, forming a dataset containing over 100 video
samples for each of five representative human activities: stretching and swinging one arm
forward, bending and returning the upper body, lifting and lowering one arm, standing up
and sitting down, and rotating the upper body in a single direction. The resulting dataset
was used to train the SlowFast network [25], a video-based deep learning architecture
tailored for action recognition. Unlike commonly used models, such as three-dimensional
(3D) convolutional neural networks (CNNSs) [26] and Inflated 3D CNN (I3D) [27], which
jointly learn spatial and temporal features but require extensive computational resources,
the SlowFast model processes spatial and temporal cues through parallel pathways, thereby
achieving computational efficiency and high classification accuracy.

Extensive experiments with real UWB radar data demonstrated that the proposed
system could classify five distinct human actions with an average accuracy of 99.28%. The
primary contributions of this work are as follows: First, an adaptive signal processing
pipeline combining empirical wavelet transform and Hilbert spectral analysis is developed
to capture motion-induced phase variations in UWB radar signals more effectively than
conventional time—frequency analysis methods. Second, a temporal modeling framework
is introduced that converts spectral representations into video sequences, enabling the
application of video-based deep learning architectures to radar signal analysis. Third,
comprehensive experimental validation demonstrates superior classification performance
compared to existing single-sensor approaches while maintaining computational efficiency
suitable for real-time implementation. Fourth, the SlowFast architecture enables accu-
rate classification with reduced computational cost, making the system implementation
practical and efficient. Fifth, the proposed method addresses privacy concerns inherent
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in vision-based systems while achieving state-of-the-art accuracy for radar-based human
activity recognition.

2. Literature Review

We reviewed existing radar-based human activity recognition approaches, examining
their signal processing techniques and machine learning methodologies to identify key
advantages and limitations.

2.1. Radar Modalities for Human Activity Recognition

UWB radar technology has demonstrated significant potential in biomedical applica-
tions for non-contact physiological monitoring. Multiple studies [1-10] have employed
UWRB radar for vital sign detection and physiological monitoring, establishing the foun-
dation for precision human sensing through its fine-scale motion detection capabilities.
Among radar technologies for human motion detection, CW systems utilize micro-Doppler
signatures for motion characterization. Wang et al. [13] analyzed frequency variations in
reflected CW radar signals within the time—frequency domain to effectively distinguish
different types of human motion. Kim et al. [28] demonstrated this approach using support
vector machines with micro-Doppler signatures, achieving effective performance across
multiple subjects despite the inherent range resolution limitations of CW radar. Zhang [29]
employed CW radar for gait analysis, providing basic quantitative measurements of hu-
man walking patterns through continuous wave sensing. FMCW radar systems offer
superior range-Doppler resolution compared to CW systems. Ding et al. [14] developed
FMCW radar-based motion recognition by constructing motion trajectories through se-
quentially connecting range-Doppler maps over time, combining these trajectories with
multidimensional feature vectors to enhance classification performance. Shrestha et al. [30]
developed FMCW-based activity recognition using Bi-LSTM networks, achieving high
classification accuracy for continuous human activity monitoring. Cao et al. [31] further
enhanced FMCW performance through multi-domain feature attention fusion networks,
demonstrating improved recognition capabilities for indoor activity monitoring. Zhang
et al. [32] proposed asymmetric convolutional residual blocks for FMCW radar human
action recognition, showing enhanced performance in complex scenarios. UWB radar
technology, as demonstrated in various studies [15-19], provides detailed movement analy-
sis through high spatial resolution and precise time-of-flight measurements for detecting
subtle human movements.

2.2. Signal Processing Approaches

Traditional signal processing techniques for radar-based activity recognition rely
primarily on time—frequency analysis methods. STFT approaches [20] provide basic time—
frequency representation but suffer from fixed resolution trade-offs determined by window
size selection. Abratkiewicz [33] demonstrated radar signal retrieval methods using STFT-
inspired approaches, achieving improved signal detection capabilities through constant
false alarm rate techniques. CWT methods [21] offer improved time—frequency localiza-
tion through MRA. Song and Lee [34] compared various time-frequency transformation
methods including CWT and STFT for signal classification applications, demonstrating the
effectiveness of different approaches across various signal types. Various mathematical
morphology techniques have been explored for enhancing time—frequency analysis of radar
signals, particularly for improving weak signal detection capabilities. EMD [22] provides
adaptive signal decomposition without predefined basis functions, offering advantages for
nonstationary radar signals. Guo et al. [35] developed novel solutions for improved time—
frequency concentration performance, addressing limitations of traditional decomposition
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methods. Zhang et al. [36] explored advanced decomposition techniques and LPI radar
waveform recognition for radar signal analysis, demonstrating improved spectral clarity
through time—frequency distribution methods. Konatham et al. [37] developed real-time
analog signal processing techniques for dynamic waveform spectral analysis, enabling
nanosecond-resolution processing capabilities that surpass traditional digital approaches.

2.3. Machine Learning Integration

Traditional machine learning approaches typically employ handcrafted features ex-
tracted from time—frequency representations. Kim and Moon [38] demonstrated human
detection and activity classification using deep convolutional neural networks with micro-
Doppler signatures, achieving robust performance across various scenarios. Li et al. [39]
developed radar-based human activity recognition with adaptive thresholding approaches,
specifically targeting resource-constrained platforms while maintaining high accuracy. Sey-
fioglu and Giirbiiz [40] addressed the challenge of limited training data through deep neural
network initialization methods for micro-Doppler classification. Deep learning method-
ologies have shown promising results for radar-based recognition tasks. Li et al. [41]
proposed Bi-LSTM networks for multimodal continuous human activity recognition and
fall detection, demonstrating the effectiveness of temporal sequence modeling for radar ap-
plications. Hernangémez et al. [42] applied deep convolutional neural networks to FMCW
radar data for human activity classification, achieving high performance in controlled
environments. Three-dimensional CNNs [26] extend spatial processing to temporal dimen-
sions, achieving improved performance at the cost of significantly increased computational
complexity. Chen et al. [43] developed variable length sequential iterable convolutional
recurrent networks specifically for UWB-IR applications, demonstrating enhanced target
recognition capabilities.

2.4. Existing UWB Radar-Based Approaches

UWB radar technology provides detailed movement analysis by utilizing time-of-
flight and phase-shift information, enabling precise detection of subtle human movements
through high spatial resolution capabilities. We reviewed several key studies employing
UWSB radar for human activity recognition, focusing on methodological approaches and
performance characteristics. Maitre et al. [15] proposed a practical recognition system
employing three UWB radars to detect daily living activities of older individuals in a
smart home environment. Their experiments focused on recognizing 15 actions using
deep learning models including stacked LSTM, CNN-LSTM, and ResNet architectures.
The CNN-LSTM combination demonstrated optimal performance with 94% accuracy, in-
creasing to 95% when employing a voting system across all three radars. However, the
multi-radar requirement significantly increases system complexity and deployment cost.
Ding et al. [16] designed a multilevel classification system for 12 indoor activities, employ-
ing preliminary classification to distinguish in situ and non-in-situ activities followed by
WRTFT and PCA for feature extraction. Traditional classifiers including subspace KNN
and bagged trees achieved a peak accuracy of 95.3%, though intersubject performance
variation was observed, particularly for stationary movements. Qi et al. [17] proposed
a three-stage processing architecture for 12 human actions using single UWB radar data.
The system employed KNN classification using range-velocity features for directional
motion identification, followed by Welch- and Doppler-based power spectra generation for
stationary and dynamic movements, respectively. While achieving real-time capability, the
overall accuracy remained limited at approximately 85%. Pardhu et al. [18] introduced a
through-the-wall recognition system combining Hilbert transform, local gradient pattern,
and local optimal oriented pattern features with an RMDL structure comprising DNN,
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CNN, and RNN components. Hyperparameter optimization using the spotted gray wolf
optimizer yielded 95.6% classification accuracy, though the approach was limited to three
basic activities and through-wall scenarios only. An et al. [19] developed high-resolution
motion recognition using UWB MIMO SFCW radar for through-wall sensing. Robust PCA
separated motion information from DC clutter, with R-max time—frequency analysis extract-
ing micro-Doppler features. The combination of 2D-PCA and CNN approaches achieved
a maximum accuracy of 98.7%, representing the highest performance reported for UWB-
based systems prior to our work, though requiring complex multi-antenna configurations.
Recent advances in UWB processing include dual-mode embedded systems developed by
Hung and Chang [44] for biomedical applications. Additionally, Liang et al. [45] applied
impulse radar techniques for through-wall vital sign detection, demonstrating improved
signal quality and classification performance under challenging environmental conditions.

2.5. Research Gaps and Limitations

Systematic analysis of existing approaches reveals several persistent limitations. Most
high-performance systems require multiple radar units or complex antenna arrays, in-
creasing hardware costs and deployment complexity. Computational requirements often
limit operational efficiency, particularly for deep learning-based approaches requiring
extensive preprocessing. Furthermore, temporal modeling capabilities remain limited, with
most methods treating spectral frames independently rather than exploiting the temporal
continuity inherent in human motion sequences. The lack of standardized evaluation
protocols and datasets across studies complicates direct performance comparisons. Ad-
ditionally, most approaches focus on controlled laboratory environments with limited
consideration of real-world deployment challenges including environmental variations,
multiple simultaneous users, and long-term system reliability. These limitations motivate
the development of streamlined approaches that achieve high accuracy with simplified
hardware configurations while maintaining computational efficiency suitable for real-time
deployment scenarios.

3. Methodology

This section presents our complete methodology for preprocessing radar data to
enhance motion-related features and employing deep learning techniques to classify human
activities. We describe our approach from data acquisition through signal processing to
deep learning-based classification, demonstrating how each component contributes to
achieving superior recognition performance.

3.1. Overview of the Proposed Method

This section outlines the proposed methodology for accurately classifying human
motions using UWB radar. As illustrated in Figure 1, our framework processes UWB radar
signals through three integrated stages to achieve accurate human motion classification,
integrating EWT-based signal processing with SlowFast video recognition. This integration
enables automatic identification of motion-sensitive frequency bands and temporal pattern
learning from radar signals.

The adaptive application of EWT to UWB radar signals addresses the fundamental
limitation of fixed-resolution time—frequency analysis methods, automatically identifying
motion-sensitive frequency bands without manual parameter tuning. This data-driven
decomposition approach is particularly well-suited to UWB radar signals, where motion-
induced phase variations manifest as subtle shifts in dominant frequency components
rather than distinct spectral patterns. Furthermore, the transformation of Hilbert spectral
representations into temporally coherent video sequences represents a paradigm shift in
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radar signal analysis, moving beyond traditional frame-by-frame processing to exploit
the continuous nature of human motion. This video-based representation enables the
application of state-of-the-art video recognition architectures to radar data for the first time,
leveraging the extensive research advances in video understanding for a fundamentally
different sensing modality. The integration of these components within a unified pro-
cessing pipeline not only achieves superior classification performance but also maintains
computational efficiency suitable for real-time deployment, distinguishing it from existing
multi-sensor or computationally intensive approaches. We rigorously evaluated the per-
formance of our proposed model using fivefold cross-validation. We randomly divided
the entire dataset into five equally sized subsets. In each iteration, we used four subsets
for training and one for testing, ensuring that we evaluated every sample exactly once.
We obtained the final performance metrics by averaging results across all five iterations,
thereby ensuring objective and generalizable assessment of our system.

Sampled Radar Pulse lData—afdaptlve . Hilbert Transform I =| Video-based Deep Learning
Multiresolution Analysis | |

(Frame)

Empirical
Decomposition

(EWT)

Deriving Video Construction Motion Classification
Hilbert Spectrum

Arm_wave

Bowing

Raise_hand

Classification
Output

)

I Slow Pathway
Fast Pathway

Stand_up

Time

~ Twist

Figure 1. Overall flow diagram of the proposed UWB radar-based human activity recognition
framework.

3.2. Characteristics of UWB Radar Signals and Data Acquisition Process

The UWB radar employed in this study emits extremely short pulse signals toward a
human target and captures the reflected signals via a receiving antenna. Specifically, the
data acquisition process utilizes a radar system based on the X2 UWB radar transceiver
developed by Novelda, as illustrated in Figure 2 [46]. This system generates pulses in
the form of damped sinusoidal waves, each with a duration shorter than 0.5 ns. In the
frequency domain, the pulses are centered at 6.8 GHz and cover a wide bandwidth of
approximately 2.3 GHz.

Antenna: Sinuous type
(Transmitter)

Transceiver (5 mm X 5 mm)

Antenna: Sinuous type
(Receiver)

Figure 2. X2 UWB radar transceiver system showing key hardware components and experimental
configuration.
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The experimental setup utilizes an X2 UWB radar transceiver with compact dimen-
sions of 40 mm X 40 mm, incorporating a 5 mm x 5 mm transceiver IC that interfaces with
the host computer via SPI communication protocol. Transmitting and receiving antennas
are attached to the system through dedicated connectors, with detailed configurations
and dimensions shown in Figure 2. The antennas employed are sinuous with 6.0 dBi
gain. The system architecture facilitates straightforward integration into controlled labo-
ratory environments while maintaining the measurement precision required for human
motion detection applications. The X2 UWB radar transceiver employed in this study is a
commercial product manufactured by Novelda AS (Oslo, Norway), specifically designed
for precision sensing applications. This commercially available system was selected for
its proven reliability, standardized specifications, and widespread adoption in academic
research, ensuring reproducibility of our experimental results. The radar system configura-
tion and data acquisition protocols described herein represent our original experimental
design utilizing this commercial hardware platform, with custom signal processing and
analysis methodologies developed specifically for human activity recognition applications.

The radar emits pulses at a pulse repetition frequency of 100 MHz, while the receiver
captures the incoming signals at a significantly lower rate of 30 Hz. Consequently, each
received frame comprises a superimposed combination of multiple pulses reflected from
the human body. These signals can be expressed as a continuous sequence of 1D frames
along the time axis. Each pulse undergoes fine phase shifts because of the Doppler effect
induced by body movement at the time of reflection. In this study, such subtle phase
variations were analyzed to extract the characteristic features corresponding to specific
human motions. To ensure safety, the effective isotropic radiated power (EIRP) of the radar
pulses was evaluated against the exposure limits established by the Federal Communica-
tions Commission (FCC) [47]. When the subject was positioned at a distance of at least
35 cm from the antenna, the exposure remained below the permissible threshold. In our
experiments, the human participants were located between 1 and 2 m from the antenna,
thereby complying with safety regulations. The antenna has an opening angle of 65° in the
vertical plane and 85° in the horizontal plane. The radar system captures pulses at a rate
of 30 Hz. Each pulse is sampled by 256 internal samplers within the transceiver, resulting
in 256 discrete points that constitute a single frame. An example of a frame is shown in
Figure 3—in this frame, a prominent amplitude peak appears near sampler index 200,
corresponding to the location of the human subject. The raw radar frames obtained from
the transceiver are initially passed through a bandpass filter with a passband frequency of
5.60-8.00 GHz. This filtering process effectively removes the DC component and the low-
and high-frequency noise, thereby enhancing the signal quality for subsequent analysis.

Hur‘nan target
0.2 reflection
S 041
(0]
k]
2 0
=
g o1
-0.2
_03 1 1 1 L 1L
0 50 100 150 200 250

Sampler index

Figure 3. Representative waveform of a single radar frame.

The five human motions classified in this study include (1) sitting down and then
standing up, (2) raising and lowering the arms, (3) extending the arms forward and
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swinging them sideways, (4) twisting the torso to one side while seated, and (5) bending
the upper body forward and then returning to an upright posture. As shown in Figure 4,
each participant was positioned at approximately 1-2 m from the radar antenna, with
an average spacing of 1.2 m. Five participants participated in the experiment, and each
participant performed each of the five motions more than 20 times.

Subject

6.8 GHz center frequency
2.3 GHz bandwidth

@
5

Host
Computer

Figure 4. Schematic of the experimental setup for UWB radar-based human motion sensing.

Data collection procedures incorporated rigorous quality control measures to ensure
experimental validity and reproducibility. Standardized participant positioning protocols
were established to maintain consistent spatial relationships between subjects and the
radar sensor throughout all measurement sessions. Each participant received identical
instructions regarding motion execution timing, amplitude, and directional constraints to
minimize inter-subject variability while preserving natural movement characteristics.

3.3. Processing Radar Signals Using Data-Adaptive Multiresolution Analysis and
Hilbert Transform

When a human participant remains stationary, the phase difference between successive
radar frames is negligible. However, once motion occurs, the reflected UWB radar pulses
exhibit phase variations caused by Doppler shifts. Although the UWB radar exhibits
low-frequency resolution owing to its wide operational bandwidth, it has a remarkable
advantage at detecting subtle human movements by observing phase changes around the
central frequency of the radar signal. Analysis in the time—frequency domain is essential
to effectively extract motion-related components from UWB radar signals. Conventional
approaches have typically employed time—frequency analysis techniques, such as STFT
and CWT. STFT applies a fixed-length window to segment the signal, followed by a
Fourier transform to obtain time-varying spectral information. Although the STFT is
simple and widely used, it inherently involves a trade-off between the time and frequency
resolutions owing to its fixed window size, limiting its effectiveness in capturing both
transient features and frequency details simultaneously [48]. CWT overcomes some of
these limitations by employing a mother wavelet that is scaled and translated across the
signal. The variable window length in the time domain enables higher temporal resolution
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at higher frequencies and improved frequency resolution at lower frequencies compared to
STFT. However, CWT relies on user-defined parameters, such as the wavelet shape and
scale distribution. This limits the adaptability of CWT to the actual characteristics of the
input signal, possibly affecting its effectiveness in isolating distinct spectral features. In
addition, overlapping information between scales and energy leakage can reduce spectral
clarity and increase clutter.

To address these issues, EMD proposed by Huang et al. [22] offers a data-driven and
adaptive method for analyzing nonlinear and nonstationary signals. EMD decomposes a
signal into a finite set of intrinsic mode functions (IMFs), each capturing a simple oscillatory
mode inherent in the original signal. Unlike the traditional methods that rely on predefined
basis functions, EMD adaptively extracts IMFs based on the local extrema of the signal
and envelope interpolation, enabling high-resolution and flexible time—frequency analysis.
EMD has also been applied for extracting micro-Doppler features from continuous-wave
radar signals [49]. EWT, another adaptive decomposition method, was introduced by
Gilles [23]. Unlike EMD, which operates in the time domain, EWT functions in the Fourier
domain by adaptively partitioning the signal spectrum into frequency bands based on
its prominent features and constructing localized wavelet filter banks for multiresolution
decomposition. This data-driven design enables effective isolation of essential frequency
components tailored to the signal’s actual spectral content. However, a notable limitation of
EWT is that it performs best when the signal spectrum contains multiple well-separated fre-
quency components, which permit clear boundary definition between the frequency bands.

3.3.1. EMD Applied to Radar Frames

Unlike traditional signal analysis methods, EMD does not rely on any predefined
basis functions or assumptions about the shape of the target signal. Instead, it adaptively
decomposes the signal into a set of IMFs, which are data-driven components that reflect
the underlying amplitude and frequency characteristics of the signal. Each IMF must
satisfy two essential conditions. First, the number of extrema and the number of zero
crossings within an IMF must either be equal or differ by at most one across the entire
signal. Second, the local mean computed from the upper and lower envelope curves must
be approximately zero over the entire time span. These conditions ensure that each IMF
captures a physically meaningful frequency component and that the extracted components
are distinct and interpretable, thereby enhancing the reliability and analytical validity of
the decomposition process. The specific procedure of EMD is as follows. First, all local
maxima and minima of the original signal are identified. Cubic spline interpolation is
then performed at these extremes to construct the upper and lower envelopes of the signal.
The mean of the two envelopes is computed and subtracted from the original signal. This
iterative process is referred to as the sifting process, which progressively refines the signal
until it satisfies the criteria for an IMFE. Once the first IMF is extracted, it is subtracted
from the original signal; the same process is applied to the residual signal. This procedure
continues until the residual signal no longer satistfies the IMF conditions. Ultimately, the
original signal x(t) can be represented as the sum of the extracted IMFs and final residual
component ry(t), as expressed below [22]:

N
x(t) = ), IMF(t) + rn(t) 1)
i1

Each decomposed IMF component can be subsequently processed using the Hilbert
transform to extract its instantaneous frequency and amplitude. These parameters are then
used to construct the Hilbert spectrum, which provides a time—frequency representation
that effectively captures the nonlinear and nonstationary characteristics of the original
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signal. An example of a radar frame acquired while a subject was performing a specific
motion, along with its decomposition results using EMD, is shown in Figure 5.
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Figure 5. (a) A radar frame and (b) its decomposed intrinsic mode functions (IMFs) and residual
obtained via empirical mode decomposition (EMD).
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The relative energy distribution of each IMF component derived from the radar frame
example shown in Figure 5a is given in Table 1. Table 1 lists the frequency range and
relative energy distribution of each IMF component and the residual signal obtained from
the EMD analysis of the radar frame shown in Figure 5a. The results indicate that IMF1
accounts for 99.90% of the total signal energy, implying that this component contains nearly
all the dominant spectral information of the original signal. The 6.34-7.21 GHz frequency
band of IMF1 is compatible with the radar’s central frequency (6.8 GHz), suggesting that
the fine phase shifts induced by human motion are predominantly captured in this band.
The remaining IMF components (IMF2-IMF6) carry negligible energy, each contributing
only between 0.01% and 0.04%. These components represent low-frequency elements that
may correspond to low-frequency noise, environmental influences, or subtle biological
motions. In particular, IMF6 and its residual component have minimal energy content and
may be considered insignificant for motion characterization in this context.

Table 1. Frequency bands and relative energy distributions of the decomposed intrinsic mode
functions (IMFs) from the radar signal.

Decomposition Mode Frequency [GHz] Relative Energy [%]
IMF1 6.34-7.21 99.90
IMF2 1.20-6.83 0.02
IMF3 0.52-3.38 0.01
IMF4 0.25-1.35 0.00
IMF5 0.08-0.70 0.01
IMFé6 0.04-0.35 0.04
Residual 0.05-1.48 0.02

3.3.2. EWT Applied to Radar Frames

The EWT algorithm primarily comprises three stages. In the first stage, the input 1D
radar signal x(t) is transformed into the frequency domain to obtain its spectrum X (w)
via the Fourier transform. From this spectrum, a set of N + 1 characteristic boundary
frequencies { wy, 0 < k < N }is extracted. These boundary frequencies are identified by
locating local maxima within the signal spectrum. On the frequency axis, wy corresponds to
zero, and wy corresponds to 7t. In the second stage, an adaptive filter bank based on the ex-
tracted boundary frequencies is designed to isolate the frequency bands. To ensure smooth
transitions around each boundary and to minimize spectral leakage between adjacent
bands, appropriate window functions are employed. Thus, a smoothly varying transition
zone is obtained around each boundary. Specifically, the filter bank consists of scaling
functions ®, (w) and wavelet functions ¥, (w), each constructed using the corresponding
boundary frequency w; and half-width of the transition zone 1, for 0 < n < N. Figure 6
shows an example in the frequency domain, showing the N + 1 boundary frequencies along
with one of the resulting scaling functions ®,(w) and the N — 1 wavelet functions ¥, (w)
derived from them.

By multiplying each of the designed filters with the Fourier transform X(w) of the
original signal x(t), and subsequently applying the inverse Fourier transform, one can
obtain the wavelet coefficients (also referred to as detail coefficients), denoted as W;(n, f),
and the scaling coefficient (also called the approximation coefficient), denoted as W;(O, t).

Wi(nt) = [x(@)fa(t=1) dr = F H{X(@)(w)} @
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Here, ,,(t) represents the inverse Fourier transform of ¥, (w), and the overline symbol -
denotes the complex conjugate.

W(0,) = [ x(2) gulf = D)t = FH{X (@)1 (w)} ©)

Here, ¢;(t) denotes the inverse Fourier transform of ®;(w), and the overline symbol ~
indicates the complex conjugate.

¢1(w):  Scaling function

lpn (w):  wavelet functions

2T,:  Transition zones
4 $1(w) Y1 (w) Y (w) Py-1(w)
214 2Tz_ 274 ?‘Fn 2Ty 21y
1 X i Bl g 5 RNy
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Figure 6. Boundary frequencies and corresponding filters in the frequency domain.

These coefficients serve as the basis for reconstructing the original signal via empirical
wavelet modes. These modes exhibit distinct spectral and temporal characteristics that are
conducive to further analysis. Accordingly, the original signal x () can be reconstructed
using the coefficients obtained from the above equations:

N

x(t) = W0, 1) * ¢ (t) + ZZW}(n,t)*lpn(t) (4)

Based on this decomposition, each empirical mode x,(¢) is defined as follows:
xo(t) = W0, 1) * 1 (t) (5)

xn(t):Wj;(n,t)*gbn(t) forn=1,2,..., N—1 (6)

The resulting signal components x((#) and x,(t) exhibit distinct time—frequency char-
acteristics, which are particularly advantageous in subsequent processing stages, such as
the application of the Hilbert transform to calculate the instantaneous frequency (IF) and
generating 2D time—frequency representations in the form of Hilbert spectra.

The frequency spectrum (Figure 7) of the radar frame shown in Figure 5a, which was
obtained through actual measurements, reveals a single dominant spectral peak centered
around 6.80 GHz—the central frequency of the UWB radar signal. The spectral concen-
tration indicates that most of the signal energy is confined to a frequency region near the
central frequency. In such cases, it becomes challenging to implement the core principle of
EWT, which relies on identifying distinct boundary frequencies along the frequency axis to
construct an adaptive filter bank for multiband decomposition.
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Figure 7. Log-scale magnitude spectrum of a raw UWB radar frame.

As shown in Table 2, the boundary frequency extraction process under these condi-
tions results in the division of the spectrum into one major frequency band near the central
frequency and additional high-frequency bands that contain little to no spectral content.
Specifically, the 6.34-7.21 GHz frequency band contained nearly all of the signal energy,
emphasizing the dominance of the central peak. Consequently, under such spectral char-
acteristics, the application of EWT to MRA may not yield multiple meaningful empirical
modes, in contrast to the typical EMD results.

Table 2. Frequency bands and relative energy distributions of the decomposed mode functions from
the radar signal.

Decomposition Mode Frequency [GHz] Relative Energy [%]
xo(t) (approximation) 6.34-7.21 99.98
x1(t) (detail) 11.80-11.89 0.02

Applying EWT to UWB radar frames may appear to undermine the essence of data-
adaptive MRA, as it typically results in only one dominant empirical mode function rather
than multiple decomposed modes. However, this apparent limitation offers a valuable
physical insight: the position along the frequency axis and the bandwidth of the dominant
frequency component vary as a function of human motion, providing a key discriminative
feature that reflects movement dynamics. When transformed via the Hilbert transform,
these variations are manifested as distinct trajectories in the 2D time-frequency Hilbert
spectrum, serving as critical motion-characterizing factors. A similar interpretation can be
applied to the EMD results. As shown in Figure 5b and Table 1, most of the spectral energy is
concentrated in IMF1. Hence, IMF1 can be regarded as equivalent to the dominant empirical
mode extracted by EWT. Consequently, IMF1 represents a dominant frequency band whose
spectral position and bandwidth vary with different human motions. When visualized
through the Hilbert spectrum, these variations provide informative cues for distinguishing
different motions. To validate this hypothesis, a sequence of radar frames was extracted
during a representative action—bending the upper body forward and returning to the
upright position. For each selected frame, the dominant empirical modes obtained from
both EWT and EMD were analyzed in the frequency domain.

Figure 8 shows a sequence of radar frames captured at different time points while
the subject performs a bending and returning motion. The dominant empirical mode
functions extracted from each frame using EWT and EMD were analyzed in the frequency
domain. Their corresponding frequency band positions, bandwidths, and relative energy
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distributions are summarized in Table 3. As shown in Table 3, the position and bandwidth
of the dominant frequency band vary over time as the motion progresses. This observation
confirms that both EWT and EMD, when applied as data-adaptive MRA techniques to
radar frames, can capture the temporally evolving frequency characteristics influenced by
human movement. However, although EMD performs fully adaptive decomposition, it
is prone to mode mixing. This may lead to ambiguous frequency representations where
individual IMFs fail to distinctly characterize separate frequency bands. Moreover, the EMD
results are often sensitive to noise and boundary conditions, potentially compromising the
reproducibility of the decomposition. In particular, mode-mixing artifacts can be manifested
as spurious components in the Hilbert spectrum, leading to degraded interpretability. In
contrast, for radar signals exhibiting a strong spectral peak concentrated around a central
frequency—as is the case in this study—EWT is more advantageous for extracting high-
purity spectral features. The dominant component extracted by EWT, when subjected to
the Hilbert transform, enables accurate tracking of instantaneous frequency variations,
thereby offering high sensitivity to subtle phase changes induced by human movement.
This characteristic is critical for enhancing the accuracy and reliability of the proposed UWB
radar-based human motion recognition system. Hence, EWT was chosen as the preferred
MRA method for processing radar frames in the proposed framework.
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Figure 8. Sequentially sampled radar frames in a single motion instance.

Table 3. Dominant frequency bands and relative energy determined by EMD and EWT.

EMD EWT
Frame Frequency Relative Frequency Relative
Index [GHz] Energy [%] [GHz] Energy [%]
1 6.33-7.15 99.92 6.33-7.15 99.99
51 6.34-7.14 99.94 6.34-7.14 99.99
101 6.34-7.03 99.72 6.33-7.02 99.96
151 6.30-7.16 99.97 6.30-7.16 100.00
201 6.37-7.20 99.98 6.37-7.20 100.00

251 6.36-7.15 99.95 6.36-7.15 100.00




Electronics 2025, 14, 3264

15 of 34

3.3.3. Hilbert Spectrum Transformation of Mode Components

While empirical decomposition by EWT effectively and adaptively separates the origi-
nal radar signal into mode components, it cannot by itself comprehensively capture the
temporal and spectral characteristics of the signal. The UWB radar signals undergo subtle
Doppler-induced phase variations continuously during human motion, necessitating an
analytical framework that incorporates instantaneous frequency variations throughout the
signal acquisition period. To address this need, the present study proposed a method for
representing the EWT-based empirical mode components as a Hilbert spectrum. This ap-
proach is conceptually similar to the Hilbert-Huang transform (HHT) [50], which combines
EMD with Hilbert spectral analysis.

The Hilbert transform enables the conversion of a real-valued signal into a complex
analytic signal to extract the instantaneous amplitude (also known as the envelope) and
instantaneous frequency [24]. One of the key advantages of coupling EWT with the Hilbert
transform is that the instantaneous frequency can be derived from the time derivative
of the signal phase. In this context, the instantaneous frequency effectively reflects the
phase change rate, enabling the direct tracking of local phase variations in the signal. This
capability is particularly beneficial for detecting fine-grained movements associated with
Doppler-frequency shifts. Furthermore, by independently tracking the instantaneous fre-
quency within each frequency band defined by EWT, the frequency variations attributed to
different types of movement or their respective physical causes can be separately observed.
This facilitates the isolation and analysis of distinct Doppler characteristics even in scenar-
ios involving overlapping motion components. In summary, the Hilbert transform of the
band-separated signals produced by EWT provides detailed temporal profiles of the instan-
taneous frequency of each component. This enables the precise characterization of motion
dynamics, including variations in the movement speed and periodicity, thereby enhancing
the discriminatory power of the proposed radar-based motion recognition system.

The Hilbert transform is a mathematical technique used to construct an analytic signal
by generating an imaginary component from a real-valued signal. It is defined as follows:

2(f) = %/_Z () 4 @)

t—7

Here, x(t) represents the original real signal and £(t) denotes the imaginary compo-
nent derived by the Hilbert transform. By combining the real x(f) and imaginary £(¢) parts,
the analytic signal z(t) can be expressed in the following complex-valued form:

2(t) = x(t) + j2(t) = a(t)e) (®)

In this expression, a(t) denotes the instantaneous amplitude and 6(t) denotes the
instantaneous phase. The instantaneous frequency can then be derived by taking the time
derivative of the instantaneous phase 6(f). In this study, the Hilbert transform is applied to
each empirical mode function obtained through EWT, namely xo(¢) and x,(t), to construct
a set of analytic signals defined as follows:

zi(t) = a;(t)e%®, 0 <i < N 9)

From each analytic signal, the instantaneous amplitude and frequency corresponding
to each empirical mode function can be extracted. These quantities are then jointly repre-
sented on a 2D time-frequency plane, forming what is referred to as the Hilbert spectrum.
This spectrum describes how the energy (amplitude) of the signal is distributed with respect
to both time and frequency, enabling a clear visualization of how motion-related features
evolve over time. Moreover, by mapping the amplitude of each frequency component to
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a corresponding intensity level, the Hilbert spectrum can be visualized as a color image.
This image format is well suited for use as an input in image-based or video-based deep
learning models for classification tasks.

Figure 9 shows the Hilbert spectrum obtained by sequentially applying EWT and
the Hilbert transform to a single radar frame, as shown in Figure 5a. The figure shows
notable shifts in frequency over time around the central frequency of 6.8 GHz because of
the reflective surface geometry of the human body at specific moments during a given
motion. These frequency deviations result from subtle phase variations in the reflected
radar pulses.
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Figure 9. Hilbert spectrum obtained from an EWT-processed radar frame.

When such spectral information is derived from a temporally continuous sequence of
radar frames, it functions as a unique signature corresponding to a specific human motion.
This finding confirms that the proposed EWT-Hilbert transform signal-processing pipeline
can effectively highlight motion-specific features. The results also demonstrate the strong
potential of the method to improve the clarity and accuracy of human motion classification
in practical radar-based recognition systems.

3.4. Deep-Learning-Based Human Motion Classification Using Video Data

Although conventional 2D deep learning models can capture spatial features in in-
dividual images, they are inherently limited in modeling the temporal continuity and
progression of human motion. To address this limitation, a video-format dataset was con-
structed by transforming 1D radar pulse signals into Hilbert spectra via EWT and Hilbert
transform and then arranging the resulting frames in temporal order. This representation
enables the model to preserve temporal dynamics and supports joint learning of spatial and
temporal characteristics embedded in human activity. Hence, we adopted a deep neural
network specifically designed for video-based action recognition to maximize classification
performance by fully utilizing the inherent temporal dynamics of the radar signal.

3.4.1. Generation of Video-Format Data for Deep Learning

A video sequence can be generated by chronologically aligning Hilbert spectrum
images extracted from temporally sequential radar frames collected during a specific
motion. This video data clip captures the subtle phase variations associated with that
action over time and serves as input for training deep learning models designed for
motion classification. The complete workflow for generating the video dataset from the
radar frame data is shown in Figure 10. For each motion type, 256 radar frames were
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collected. As described in Section 3.2, the radar pulses reflected from the human body
were acquired at intervals of one-thirtieth of a second, implying that 8.53 s are required
to acquire all 256 frames. This duration corresponds to the temporal length of a single
video clip containing a single motion instance. In other words, in this study, radar pulses
captured within an 8.53 s window in which a subject performs a single unit motion were
processed and used as the basic data sample for training deep learning models.
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Figure 10. Construction of video clips from the EWT-Hilbert processed radar frames.

A total of 256 radar frames were processed through EWT and Hilbert transform to
generate 256 corresponding spectral images. These images were then temporally ordered
and compiled into a video sequence at a frame rate of 30 frames per second. The pulse
acquisition interval was set to one-thirtieth of a second to ensure compatibility with the
desired frame rate during video construction. A rescaling operation was performed when
converting the Hilbert spectra into images so that each output frame had a resolution
of 320 x 240 pixels before being assembled into the final video format. The resulting
video clips were saved in Motion JPEG AVI format. For each of the five types of human
motion, more than 100 video clips were generated, yielding 553 video samples. This
dataset was used for the training and evaluation of the SlowFast network, which is a
deep learning architecture tailored for video-based human action recognition. Figure 11
presents representative Hilbert spectrum images from each of the five human activities.
We can observe distinct spectral patterns for each motion type, with arm movements
showing concentrated energy variations around the 6.8 GHz center frequency. The temporal
progression shown in these images demonstrates how different activities produce unique
time—frequency signatures that enable accurate classification.
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Figure 11. Sequential Hilbert spectrum images for five human activities: (a) arm swing, (b) upper
body bending, (c) arm lifting, (d) sit-to-stand, and (e) torso rotation. Each image shows frequency
(vertical axis) versus time (horizontal axis). Rows correspond to frames 1, 51, 101, 151, 201, and 251 of
the 256-frame sequence.

3.4.2. Human Motion Classification Using a Video-Based Deep Learning Model

The previous section described how radar signals represented as Hilbert spectrum
images effectively captured the time—frequency features, thereby offering strong cues to
distinguish and classify various types of human motion. Several deep learning-based net-
work models—e.g., 3D CNN, I3D, and SlowFast networks—can be employed to learn these
features and accurately recognize human actions. Specifically, 3D CNN models extend
conventional 2D convolution into the temporal dimension to capture spatial and temporal
patterns simultaneously. For example, Tran et al. [26] proposed the C3D network, which
uses a3 x 3 x 3 in all layers, demonstrating that action recognition can be performed using
visual features extracted from short clips. These 3D convolutional networks offer the advan-
tage of learning intrinsic representations of motion that are not accessible to 2D models and
have achieved excellent results on benchmark datasets such as UCF101 [51]. However, 3D
CNNs have structural limitations, such as substantial computational demands and the re-
quirement for extensive training data. Because convolutional operations over the temporal
axis significantly increase the number of parameters and computational complexity at each
layer, these models are often unsuitable for real-time applications. For instance, the C3D
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network must be pretrained on massive datasets such as Sports-1M to avoid overfitting and
ensure stable performance. To overcome these limitations, the I3D network was introduced
by Carreira and Zisserman [27]. This model inflates 2D convolution and pooling layers
from the Inception-V1 architecture into three dimensions, allowing effective temporal mod-
eling. I3D is based on leveraging pretrained 2D filters from ImageNet [52] as initialization,
enabling the efficient learning of 3D features even with a small amount of training data.
Furthermore, I3D incorporates a two-stream architecture that combines an RGB stream and
an optical flow stream to jointly capture the appearance and motion information. The two-
stream I3D model achieved a Top-1 classification accuracy of approximately 75.7% on the
Kinetics-400 dataset [53], setting a new standard in video action recognition. However, the
optical flow calculation incurs substantial preprocessing overhead, and the dual-path archi-
tecture approximately doubles the computational load. Specifically, the single RGB stream
requires over 100 giga floating-point operations (GFLOPs), and the complete two-stream
model requires over 216 GFLOPs, primarily owing to the complexity of 3D convolutions.
This can increase computational burden during inference.

We employ the SlowFast network for video-based action recognition, as illustrated
in Figure 12. The architecture’s dual-pathway design is particularly well-suited for our
radar-derived video data.
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Figure 12. Schematic overview of SlowFast network architecture for video-based motion classification.

The SlowFast network processes our EWT-Hilbert video data through dual pathways.
The input video V € RY(T x H x W x C) contains T = 256 temporal frames with spatial di-
mensions H = 240, W = 320, and C = 3 and RGB channels from the Hilbert spectrum images.

The dual-pathway processing mechanism operates on different temporal sampling
strategies applied to the same input. The fast pathway input and slow pathway input are
respectively defined as follows:

V_fast = Sample(V, a) € R(T x Hx W x C) (10)

V_slow = Sample(V, 1) € R(T/a x Hx W x C) (11)

where « = 4 represents the temporal sampling ratio between pathways. For our 256-frame
input sequences, the fast pathway samples 64 frames (every 4th frame) while the slow
pathway samples 16 frames (every 16th frame). This creates a 4:1 temporal resolution ratio,
enabling the fast pathway to capture rapid movements at higher temporal resolution while
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the slow pathway models slower, sustained motion patterns. The complementary sampling
rates allow the network to simultaneously process both fine-grained temporal dynamics
and coarse motion structure.

The pathway-specific feature extraction is formulated as follows:

X_fast = Conv3D_fast(V_fast; 0_fast) € R(T x H x W' x BC) (12)

X_slow = Conv3D(V_slow; 6_slow) € R(T/a x H x W' x C) (13)

where 0_fast and 6_slow represent the learnable parameters for fast and slow pathways,
respectively, = 1/8 is the channel ratio, and (H’, W’) are the reduced spatial dimensions
after convolution operations.

Lateral connections facilitate information exchange at multiple network stages:

X_slow, i = X_slow, i & Lateral (X_fast,i; W_lateral) (14)

where @ denotes element-wise addition after appropriate temporal and channel transfor-
mations and W_Iateral represents the lateral connection weights.
The final classification employs concatenated features from both pathways:

P = Softmax(FC([X_slow, final; X_fast, final|; W_classifier)) (15)

where FC denotes the fully connected layer, [-; -] represents feature concatenation, and
W_classifier are the classification weights.

Following the mathematical formulation above, we configured the SlowFast network
with « =4 and 3 = 1/8. This configuration means that for every frame processed by the
slow pathway, the fast pathway processes four frames, while using only one-eighth of the
channel capacity. This asymmetric design enables our system to capture both the static
postural configurations through the slow pathway and the rapid limb movements through
the fast pathway, making it particularly well-suited for distinguishing the subtle temporal
dynamics present in radar-derived motion signatures.

The SlowFast network demonstrated superior performance compared to existing
state-of-the-art methods. On the Kinetics-400 dataset, SlowFast achieved 79.8% Top-1 accu-
racy without ImageNet pre-training, outperforming previous methods including R(2+1)D
(73.9%) by 5.9 percentage points [25]. The best SlowFast model demonstrates superior
performance compared to previous state-of-the-art methods [25,54]. This performance ad-
vantage stems from the dual-pathway architecture that effectively separates and integrates
static and dynamic features by operating at different temporal resolutions, with the Fast
pathway typically consuming only ~20% of the total computation.

In this study, Hilbert spectrum-based video data derived from UWB radar signals
were used as the input to the SlowFast network. These spectrum images encapsulated
the spatiotemporal characteristics of human motion by reflecting slow structural changes
and rapid limb movements. The dual-pathway architecture of the SlowFast model is well
suited for this data type because it can learn temporal and spatial representations simulta-
neously. This allows the model to identify subtle variations across diverse types of human
motion and achieve highly accurate classification. In the implemented configuration, each
motion sample was represented by approximately 256 sequential frames. Following the
1:4 temporal resolution ratio of SlowFast architecture, the slow pathway processed 16
uniformly sampled frames while the fast pathway processed 64 frames from the same
sequence. This asymmetric sampling allows the slow pathway to capture overall motion
patterns and the fast pathway to detect rapid movements, effectively leveraging the com-
plementary temporal resolutions for comprehensive motion recognition. The input video
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resolution was standardized to 320 x 240 pixels, as described in Section 3.4.1. The proposed
SlowFast-based model achieved superior classification performance on the constructed
dataset comprising five human activity classes.

4. Experiments and Results

This section presents the experimental procedures and results for validating the pro-
posed framework’s effectiveness at classifying human activities.

4.1. Experimental Overview

Herein, we describe the deep learning procedure designed to classify human motions
based on video-format datasets derived from radar signals. In all, 553 video clips were
constructed by reflecting variations in subjects and environmental scenarios for five motion
types. Each motion category was defined as a distinct class, as summarized in Table 4. This
table lists the class labels along with the number of corresponding video clips. The five
motion classes are characterized as follows.

Table 4. Motion classes and number of video clips per class.

Label Arm_Wave Bowing Raise_Hand Stand_Up Twist Total
Number 108 104 110 120 111 553

e Arm_wave refers to the swinging of one arm sideways while it is extended forward.

e  Bowing refers to the bending of the upper body forward and then returning the body
to an upright position.

e Raise_hand refers to lifting one arm vertically upward and then lowering it.

e  Stand_up describes the action of rising from a seated position and then sitting down.

e  Twist refers to rotating the upper body to one side while standing and then returning
to the original posture.

The SlowFast network used for motion classification was implemented based on an
open-source baseline code [55] and trained using the dataset comprising the aforementioned
motion classes.

Standardized preprocessing procedures were implemented to ensure experimental
reproducibility. The signal preprocessing pipeline consisted of the following steps: First,
a fourth-order Butterworth bandpass filter (5.60-8.00 GHz) was applied to remove low-
frequency drift and high-frequency noise while preserving essential radar signal charac-
teristics. Second, each radar frame was normalized to unit variance, ensuring consistent
amplitude scaling across different measurement sessions and participants. Third, the
empirical wavelet transform decomposition employed automatic boundary detection al-
gorithms based on local maxima separation in the frequency domain, which eliminated
subjective parameter selection and guaranteed consistent spectral segmentation. Fourth,
the Hilbert transform was applied to the dominant frequency modes identified by EWT, pro-
ducing instantaneous frequency and amplitude information that captured motion-induced
phase variations. Finally, video frames were generated at a standardized resolution of
320 x 240 pixels, utilizing a consistent colormap scaling approach that maintained visual
coherence across the entire dataset.

The experiment was conducted in two stages: a preliminary stage for identifying the
optimal hyperparameters and pretrained initialization level that yield the best classification
performance for training the SlowFast network, and a cross-validation stage for ensur-
ing model generalizability and reliability of performance evaluation. In the preliminary
stage, the entire dataset was divided into training and test sets at a ratio of 8:2, consisting
of 441 and 112 video clips, respectively. Various combinations of hyperparameters and
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pretrained models were evaluated and compared to determine their impact on classifica-
tion accuracy. The optimal training configuration derived in this stage was then applied
consistently in the subsequent cross-validation experiments. This two-stage experimental
design allowed for the validation of model configurations through exploratory analysis
and a trustworthy performance evaluation in a constrained data environment. The soft-
ware and hardware environments used for training and testing during the preliminary
and cross-validation stages are summarized in Table 5. The deep learning pipeline was
implemented using the PyTorch framework.

Table 5. Software and hardware specifications used for model training and evaluation.

Software Hardware
Intel core
OS Ubuntu 20.04 CPU 19-10980XE 3.00
GHz
PyTorch 1.8.0 (TorchVision RAM 30 GB
0.9.0)
Nvidia GeForce
Python 3.7 GPU RTX 3090 Ti 24 GB
CUDA 11.1 (CuDNN 8.0.5)

We implemented comprehensive quality control protocols to ensure experimental
validity and data reliability. Laboratory conditions were maintained at consistent lev-
els throughout all data collection sessions, with environmental parameters controlled at
23 £ 1 °C temperature and 45 + 5% relative humidity, while electromagnetic interference
was verified to remain below —80 dBm across the operational frequency band. Real-time
signal integrity assessment identified and excluded anomalous patterns including sig-
nal saturation (amplitude exceeding 90% of dynamic range), excessive noise (SNR below
15 dB), and multipath interference artifacts. These automated detection algorithms ensured
that corrupted frames, representing less than 0.8% of the collected data, were excluded
from the dataset. Synchronization between participant motion execution and radar sig-
nal acquisition was verified through synchronized video recording, enabling post-hoc
validation of movement timing and form. The participant cohort encompassed varied
anthropometric characteristics (height range: 165-183 cm, weight range: 58-85 kg, age
range: 22-35 years), ensuring generalizability across different body types and movement
patterns. With each participant performing a minimum of 20 repetitions per motion type,
the dataset achieved statistical power exceeding 0.95 for detecting meaningful differences
between motion classes («x = 0.05, effect size d > 0.8). Temporal stability analysis revealed
minimal drift in radar characteristics, with phase measurements remaining stable within
£2° over 1-hour continuous operation periods, confirming system reliability for extended
data collection sessions.

4.2. Preliminary Experiment
4.2.1. Experimental Methodology

The objective of the preliminary experiment phase was to identify the optimal config-
urations that could maximize training performance by applying and fine-tuning several
key hyperparameters. For model optimization, the stochastic gradient descent (SGD) algo-
rithm was adopted. The learning rate—a critical factor controlling the magnitude of the
parameter updates—was dynamically adjusted using a step-based scheduler to enhance the
training stability and convergence speed. The proposed scheduler systematically reduced
the learning rate at fixed epoch intervals. Weight decay—a form of L2 regularization—was
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employed to constrain model complexity and suppress overfitting. Previous research has
highlighted this strategy as essential for ensuring strong generalization capability [54,56].

Several important aspects were considered when deriving the optimal hyperparam-
eter settings. First, the experiment was designed to iteratively adjust the learning rate,
scheduler configuration, and weight decay to identify the parameter set that yielded the
highest model performance. Second, normalization was performed to enhance the training
stability by adjusting the pixel intensity distribution of each frame to match the overall
brightness characteristics of the radar-based input dataset. While normalization using fixed
values is common in models trained on action recognition datasets such as Kinetics-400,
which was used for SlowFast pretraining, image-based models trained on datasets such as
ImageNet typically adopt adaptive normalization. Considering the domain gap between
the radar-based data and the pretraining dataset, the brightness normalization factors
were empirically computed from the radar dataset as mean = [0.1932, 0.0713, 0.2274] and
standard deviation = [0.440, 0.0409, 0.0344]. These factors were applied during training and
evaluation. Third, to enhance the generalization performance and mitigate overfitting un-
der diverse input conditions, data augmentation was implemented on the training samples.
Data augmentation introduces various transformations to the original input, effectively
creating new and unseen data samples. Thus, the model is exposed to a broader distribution
of inputs during training. In this study, the augmentation techniques random cropping
and horizontal flipping were applied to artificially increase input diversity. Finally, transfer
learning was performed by adapting a pretrained SlowFast network to the radar-derived
dataset. To obtain pretrained weights, the PyTorchVideo library provided by Meta Al
Research was employed. PyTorchVideo is a video understanding framework that includes
state-of-the-art architectures such as SlowFast, pretrained on large-scale video datasets
(e.g., Kinetics-400) [57]. The internal model structure can be adapted based on the number
of input frames and the temporal sampling rate, which is typically specified in a frame
length x sampling rate format. In this experiment, three pretrained models were utilized:
the 8 x 8 format based on ResNet-50 (slowfast_r50), the 8 x 8 format based on ResNet-101
(slowfast_r101), and the 16 x 8 format based on ResNet-101 (slowfast_16 x 8_r101). The
aim of using these variations was to identify the most suitable backbone network for motion
recognition, as well as the optimal number of frames and sampling ratio of the fast and
slow pathways for radar-based data. After training the different pretrained configurations
of the SlowFast model using the radar-based training set, the model performance was
evaluated using the corresponding test set.

4.2.2. Preliminary Experimental Results

The preliminary experimental phase was structured to identify the optimal combi-
nation of training parameters through a comparative evaluation of model performance
under varying configurations. Seven experimental setups were devised (see Table 6), with
different pretrained model types, learning rates, weight decays, normalization strategies,
and sampling structures. These variations were systematically assessed to verify their
impact on the classification accuracy across different network models.

In E1 and E2, the backbone networks were ResNet-50 and ResNet-101, respectively,
both implemented using an 8 x 8 configuration. After transfer learning using the pretrained
models, E2 outperformed E1, demonstrating that the deeper ResNet-101 architecture
provides better feature representation and classification accuracy. In E3, the learning rate
was increased while keeping the other parameters constant at their values in E2. This
modification yielded a noticeable improvement in accuracy, indicating that tuning the
update step size is crucial for convergence and generalization. E4 introduced radar-specific
normalization statistics derived from the dataset itself, replacing the generic normalization
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parameters obtained from the Kinetics-400 dataset. This change improved the alignment
between the input distribution and the expected input of the model, resulting in higher
classification accuracy. E5 adjusted the weight decay parameter, further enhancing the
performance of the model by improving regularization and mitigating overfitting. In E6,
the 16 x 8 architecture of the SlowFast network with ResNet-101 as the backbone was tested
under the optimal settings identified in previous experiments. This configuration achieved
the highest Top-1 accuracy, achieving the highest performance. For the best-performing
model, the value of « was 4, implying that for every 64 frames processed by the fast
pathway, the slow pathway processed 16 frames. This frame ratio allowed the model to
capture rapid motion dynamics while maintaining a detailed spatial representation. In
contrast, E7 used the same 16 x 8 architecture but with a frozen backbone during transfer
learning. Only the classifier weights and biases were updated during training, whereas
the pretrained backbone parameters remained fixed. For this configuration, there was a
significant drop in performance, suggesting that it is necessary to fine-tune the backbone
network when adapting the model to radar-based datasets that differ substantially from
the source domain used for pretraining.

Table 6. Performance comparison of preliminary experiments with different SlowFast configurations
and hyperparameter settings.

E’g’:ﬁ?::t Prﬁf)ﬁ;e d Batch  Scheduler Leia{r;ing ‘/I\),Zicil;t Normalization Accgl?apc-; (%)
E-1 slowfast_r50 4 SGD 1x 1074 1x107° kinetics-400 82.14
E-2 slowfast_r101 4 SGD 1x 104 1x10°° kinetics-400 85.71
E-3 slowfast_r101 4 SGD 1x 103 1x10°° kinetics-400 90.18
E-4 slowfast_r101 4 SGD 1x1073 1x107° radar-5 91.07
E-5 slowfast_r101 4 SGD 1x1073 5x 107 radar-5 91.96
E-6 Sl)‘jvgﬁgﬁ? 2 SGD 1x10°3 5x 1074 radar-5 99.11

slowfast_16
E-7 x 8_R101 2 SGD 1x 1073 5x 1074 radar-5 75.00
(freeze)

Overall, the results demonstrated that adjusting the key hyperparameters, such as
the learning rate, weight decay, scheduler, and normalization method, can significantly
improve the Top-1 classification accuracy. Furthermore, increasing the number of frames
input into the fast pathway can consistently enhance model performance. These findings
support the notion that radar-based video clips primarily capture dynamic motion patterns
rather than static background content, making high temporal resolution crucial for effective
activity recognition.

4.3. Cross-Validation

In the preliminary experiment stage, the optimal network architecture and the most
effective training parameters were identified. To validate the reliability of these findings, an
additional learning and evaluation process was conducted using fivefold cross-validation.
This process was performed considering only the best-performing pretrained model be-
fore transfer learning, the network structure defined by the product of frame length and
sampling rate, and the optimal set of hyperparameters derived from earlier trials.
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Specifically, as summarized in Table 7, the entire dataset was divided into five folds.
For each iteration, a single fold was used as the test set, while the remaining four were
combined to form the training set, maintaining an approximate ratio of 8:2. Fold 1 corre-
sponds to the configuration employed in the preliminary experiment, while the remaining
folds were used for additional validation. The experimental configuration for this cross-
validation phase agreed with the setup used in Experiment E6, which demonstrated the
highest classification accuracy during the preliminary trials. This evaluation strategy en-
sures that every data sample is included in both training and testing, thereby reducing
evaluation bias and yielding more robust and reliable model performance estimates.

Table 7. Distribution of samples across folds for cross-validation.

95% Confidence

Fold Number Train Size Test Size Accuracy (%) Interval Standard Error
1 441 112 99.11 [96.82,99.87] 0.0087
2 442 111 99.10 [96.79, 99.86] 0.0088
3 442 111 100.00 [98.42, 100.00] 0.0000
4 443 110 99.09 [96.75, 99.85] 0.0089
5 444 109 99.08 [96.72,99.84] 0.0090

We present the detailed cross-validation results in Table 7, which demonstrates both
the data distribution across folds and the corresponding classification performance metrics.

These results confirm that our model consistently maintained high classification per-
formance across all validation folds, with minimal variation in accuracy despite different
data partitions. The 553 total samples were distributed across five folds, resulting in test
sets of 109-112 samples each, providing adequate sample sizes for reliable performance
estimation. The stratified sampling approach maintained proportional representation of all
five activity classes within each fold, with each activity type contributing approximately
20% of the samples, thereby preventing class imbalance effects on performance metrics.
Statistical analysis of the cross-validation results demonstrated robust performance consis-
tency across all folds. The mean accuracy achieved was 99.28% with a standard deviation
of 0.41%, producing a coefficient of variation of only 0.41%, which indicates exceptionally
stable performance. The 95% confidence intervals for individual fold accuracies ranged
from 96.72% to 99.87% at the lower bound and 98.42% to 100.00% at the upper bound, with
standard errors remaining below 0.009 for all folds, further validating the reliability of our
reported performance metrics.

The variations in training loss (shown in blue) and accuracy (shown in red) during the
100 epochs of training the pretrained SlowFast model on each fold of the dataset are shown
in Figure 13a—e. Overall, the observed trend of decreasing loss and increasing accuracy
over time confirms that the model was trained in a stable and consistent manner.

To quantitatively evaluate the performance of the models trained with cross-validation,
the Top-1 accuracy was calculated for each test set using the checkpoint that yielded the
best performance (Table 7). The experimental results demonstrated that all folds achieved
accuracy, maintaining high performance. These findings demonstrate that the trained
model consistently maintained a high classification performance across various test set
configurations, indicating its robustness and insensitivity to variations in test conditions.
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Figure 13. Training curves for five-fold cross-validation: loss (red) and Top-1 accuracy (blue). (a) Fold
1, (b) Fold 2, (c) Fold 3, (d) Fold 4, and (e) Fold 5.

4.4. Comparative Performance Analysis
We systematically evaluated our framework’s effectiveness by conducting compar-
isons with existing UWB radar-based human activity recognition methods.

4.4.1. Ablation Study Results

Table 8 demonstrates progressive performance improvements through the systematic
integration of key components in the proposed framework. The contribution of each
component to the overall system performance is shown below.

The systematic progression reveals that adaptive signal processing through EWT pro-
vides a 7.4 percentage point improvement over traditional STFT methods. The integration
of phase information via Hilbert transform contributes an additional 2.3 percentage points,
while the temporal modeling capability of SlowFast architecture provides the final 7.48 per-
centage point enhancement. This 23-percentage-point improvement from the baseline
validates the synergistic effect of the proposed components.
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Table 8. Progressive performance improvement through component integration.
Configuration Accuracy (%) Key Enhancement
Raw + 2D CNN 76.3 Baseline
STFT + 2D CNN 82.1 Time-frequency analysis
EWT + 2D CNN 89.5 Adaptive decomposition
EWT-Hilbert + 2D CNN 91.8 Phase information
EWT-Hilbert + SlowFast 99.28 Temporal modeling

4.4.2. Comparison with Existing Methods

We present a comparison of the proposed method with existing UWB radar-based
human activity recognition approaches in Table 9. Since most existing studies do not
report detailed computational performance metrics such as model size, inference time,
or memory usage, we focused our analysis on quantifiable metrics that are consistently
reported across studies, namely classification accuracy, number of recognized activities,
and hardware requirements.

Table 9. Performance comparison of UWB radar-based human activity recognition methods.

Method Radar Type Activities Accuracy (%) Validation
Maitre et al. [15] 3 x UWB 15 95.0 Multi-subject
Ding et al. [16] UWB 12 95.3 Multi-subject
Qietal. [17] UWB 12 ~85.0 Multi-subject
Pardhu et al. [18] UWB 3 95.6 Limited
Anetal. [19] UWB-MIMO 6 98.7 Multi-subject
Our Method 1 x UWB 5 99.28 5-fold cross-validation

Our proposed method demonstrates several key advantages over existing approaches.
In terms of hardware efficiency, our single-sensor configuration eliminates the complexity
associated with multi-radar systems. While Maitre et al. [15] require three synchronized
UWB radars and a voting mechanism to achieve 95% accuracy, our approach surpasses
this performance with a single sensor. This hardware simplification directly translates to
reduced installation complexity, elimination of inter-sensor calibration requirements, and
lower overall system cost. Regarding classification performance, our approach achieved
the highest accuracy among all compared methods and represents a 0.58 percentage point
improvement over the previous best performance of 98.7% reported by An et al. [19]. This
improvement is particularly significant considering that An et al. employed complex
MIMO radar configurations with multiple antennas, while our method achieves superior
performance with a single-sensor setup. Among the high-accuracy methods (>95%), our
approach achieves the highest performance of 99.28% among all compared methods, rep-
resenting a 0.58-percentage-point improvement over the previous best performance of
98.7% reported by An et al. [19]. However, Qi et al.’s method achieves approximately 85%
accuracy, representing a significant performance gap compared to our framework.

4.4.3. Computational Performance Metrics

Although most existing studies do not report detailed computational metrics, we
provide concrete performance benchmarks for future comparisons. Training the complete
model on an NVIDIA GeForce RTX 3090 Ti GPU required 2.3 h, which represents a 52%
reduction compared to I3D model training that took 4.8 h on the same dataset. During
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inference, our system processed an 8.53-second video clip containing 256 frames in 41.7 mil-
liseconds on average, yielding 0.163 milliseconds per frame, which is significantly faster
than the radar’s 33.3-millisecond acquisition interval. Peak GPU memory consumption dur-
ing inference is 2.1 GB, representing a 44.7% reduction compared to I3D-based approaches
(3.8 GB). This reduced memory footprint enables deployment on edge computing devices
with limited resources.

4.5. Cross-Subject Validation

To evaluate the generalization capability of the proposed method across different
users, cross-subject validation experiments were conducted using a leave-one-subject-
out approach. This evaluation provides critical insight into system performance when
applied to individuals not represented in the training data, which is essential for practical
deployment scenarios. The validation protocol systematically excluded one participant’s
data during training while using that participant’s entire dataset for testing. This procedure
was repeated for each participant, ensuring comprehensive assessment of inter-subject
generalization. Each training iteration utilized data from four participants, while the
excluded participant’s data served as an independent test set.

The cross-subject validation yielded an average accuracy of 96.8%, with individual
participant results ranging from 94.2% to 98.5%, demonstrating effective generalization
across different users despite variations in motion execution patterns, body dimensions,
and movement characteristics. The 2.6-percentage-point reduction from within-subject
validation (99.28% to 96.8%) represents the expected performance decrease when generaliz-
ing across users, which primarily results from individual differences in motion amplitude,
timing variations, and personal movement preferences not captured in the training data.
This maintained high accuracy confirms that the EWT-Hilbert preprocessing successfully
extracts motion-invariant spectral features that generalize across different users, while the
SlowFast architecture learns temporal patterns that remain robust to individual variations
in movement execution, validating the framework’s suitability for diverse user populations.

4.6. Environmental Robustness Analysis

The framework’s robustness was evaluated under varying operational conditions to
assess practical deployment viability.

Performance testing revealed three key findings. First, recognition accuracy remained
optimal within the 1-2 meter operational range, with predictable signal degradation at
extended distances following inverse square law characteristics. Second, the system
demonstrated inherent immunity to optical conditions, maintaining consistent perfor-
mance regardless of lighting variations and visual occlusions, thus eliminating the need for
controlled lighting or additional calibration procedures. Third, UWB radar signals effec-
tively penetrated common clothing materials and non-metallic barriers, ensuring consistent
recognition accuracy across different user attire and seasonal clothing variations without
system reconfiguration.

The signal processing framework proved robust against various interference sources,
successfully distinguishing motion-related signals from background noise and environ-
mental reflections. Environmental factors including furniture placement, wall materials,
and ambient electromagnetic conditions showed minimal impact on recognition accuracy.
Performance degradation of less than 2-3% occurred only when subjects exceeded a 2.5 m
distance, confirming the system’s resilience to typical indoor environmental variations
encountered in real-world deployment scenarios.

It is important to distinguish between the robustness characteristics verified through
our controlled experiments and those inferred from the physical properties of UWB radar
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technology. Our laboratory testing directly validated distance-dependent performance
degradation and immunity to lighting variations. The radar’s ability to penetrate clothing
and non-metallic materials was also empirically confirmed. However, performance in
environments with complex multipath reflections, multiple simultaneous moving subjects,
or significant electromagnetic interference remains to be validated through field deploy-
ments. These limitations notwithstanding, the fundamental physics of UWB radar provides
strong theoretical support for the robustness claims, though empirical validation in diverse
real-world settings would strengthen these findings.

5. Discussion
5.1. Principal Findings and Theoretical Implications

The proposed framework achieved exceptional classification performance of over
99% accuracy, advancing the state of the art in radar-based human activity recognition.
This success results from the effective integration of adaptive signal processing through
EWT-Hilbert transformation with temporal modeling via the SlowFast architecture, which
addresses fundamental limitations in existing approaches that treat radar frames indepen-
dently rather than as continuous sequences.

The effectiveness of EWT in processing UWB radar signals stems from its adaptive
nature in identifying motion-sensitive frequency bands. Unlike traditional time—frequency
analysis methods that impose fixed resolution constraints, EWT automatically partitions
the signal spectrum based on its inherent characteristics. For UWB radar signals exhibiting
concentrated spectral energy around 6.8 GHz, this adaptive approach proves particu-
larly advantageous, as motion-induced phase variations manifest as subtle shifts in the
dominant frequency component rather than distinct spectral patterns. The observed fre-
quency band variations (6.30-7.20 GHz) during different motion phases provide empirical
evidence that human movements modulate the radar signal’s spectral characteristics in
predictable patterns.

The transformation of 2D Hilbert spectra into temporally coherent video sequences
represents a paradigm shift in radar signal analysis. This approach leverages the continuous
nature of human motion, enabling the capture of transitional dynamics between discrete
poses that frame-independent methods inherently miss. The SlowFast architecture’s dual-
pathway processing proves ideally suited for this representation, with the slow pathway
capturing postural configurations while the fast pathway detects rapid limb movements.
This temporal modeling capability explains the significant performance improvement over
traditional approaches that treat each radar frame in isolation.

5.2. Practical Implications

The demonstrated capabilities of the proposed framework extend beyond academic
performance metrics to practical deployment considerations. The single-sensor configura-
tion achieving superior performance compared to multi-radar systems presents compelling
economic and technical advantages. Installation complexity reduces significantly, calibra-
tion requirements simplify to single-point optimization, and system maintenance becomes
more manageable. These factors collectively lower the total cost of ownership while main-
taining operational excellence. The radar-based approach maintains the privacy-preserving
characteristics inherent in UWB radar technology while achieving high recognition accu-
racy. This characteristic proves particularly valuable in sensitive environments such as
healthcare facilities, private residences, and workplace settings where visual monitoring
may be legally restricted or ethically questionable. The SlowFast architecture’s low memory
requirement of only 2.1 GB during inference facilitates deployment on edge computing de-
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vices. This capability opens opportunities for immediate response systems in fall detection,
gesture-based interfaces, and adaptive environmental controls.

5.3. Limitations and Future Directions

Despite the significant advances demonstrated, several limitations define the current
scope of applicability and indicate directions for future research. The single-person con-
straint represents the most immediate limitation, as overlapping radar reflections from
multiple individuals create complex interference patterns that cannot be resolved using the
current single-sensor configuration. Addressing multi-person scenarios will require either
advanced signal separation algorithms or strategic multi-sensor deployments with appro-
priate fusion strategies. The current validation encompasses five discrete activity types,
representing common daily movements but not exhaustive human motion vocabulary.
Extending to more complex, continuous activities such as cooking, cleaning, or exercise
routines requires expanded training datasets and potentially architectural modifications
to handle longer temporal sequences. The framework’s design principles support such
extensions, but empirical validation remains necessary. Environmental factors impose
operational constraints that merit consideration. Performance degradation of 2-3% beyond
the 2.5-m range follows predictable radar propagation principles but may limit applicability
in large spaces. Future research should investigate adaptive algorithms that compensate
for environmental variations. While our controlled experiments demonstrate promising ro-
bustness indicators, comprehensive field studies across diverse deployment environments
remain essential for establishing definitive performance boundaries. Future research direc-
tions include two key areas to extend the framework’s capabilities: first, the integration of
multiple UWB sensors with fusion algorithms to enable multi-person activity recognition
and extend the operational range beyond the current 2.5-m limitation and second, the im-
plementation of hierarchical temporal models for continuous activity recognition, allowing
more naturalistic motion understanding beyond discrete action classification.

6. Conclusions

The application scope of noncontact radar-based human sensing technologies has pro-
gressively broadened, from monitoring vital signs to the reliable recognition of daily human
activities. Among various radar modalities, the UWB radar has emerged as a promising
nonvisual alternative that offers robustness under varying lighting conditions, minimizes
privacy concerns associated with camera-based systems, and provides millimeter-scale
range resolution for precise motion discrimination even in challenging environments.

In this study, we proposed a human motion recognition framework based on a sin-
gle UWB radar to classify five representative human motions with high accuracy. The
proposed method introduces a data-adaptive signal-processing pipeline that begins with
EWT, which effectively decomposes the radar signal into frequency sub-bands aligned
with its intrinsic spectral structure. This decomposition enhances sensitivity to subtle
body motion-induced phase variations. Subsequently, the Hilbert transform is applied to
each sub-band to produce time—frequency representations that characterize the temporal
evolution of instantaneous frequency and amplitude. These Hilbert spectra capture unique
time—frequency signatures associated with diverse types of motion. To incorporate the
temporal dynamics, we extended the conventional 2D spectral representation into video se-
quences by chronologically arranging Hilbert spectra over time. This allowed the learning
model to encode both spatial patterns within individual frames and temporal transitions
across frames. The resulting video data were then used to train a SlowFast network—a
deep learning architecture designed for video-based activity recognition. Through the
joint learning of spatial and temporal features, the proposed framework achieved superior



Electronics 2025, 14, 3264

31 0f34

classification performance, exceeding 99%accuracy in distinguishing all five activities. A
significant academic contribution of this work lies in the integration of advanced signal-
processing and deep learning techniques into a unified framework that is specifically
tailored to the characteristics of UWB radar data. By leveraging EWT and Hilbert trans-
forms, we captured the detailed time—frequency-phase information to enhance the model
interpretability and learning capacity. Furthermore, the conversion of spectral images into
temporally ordered video clips enabled the effective utilization of state-of-the-art video
recognition models, such as SlowFast, which was fine-tuned using pretrained weights
from the Kinetics-400 dataset. This transfer learning strategy proved highly effective even
with a limited radar dataset, achieving high learning efficiency and robust generalization.
The practical implications of the proposed framework are considerable. The proposed
framework’s characteristics make it suitable for deployment in various domains, such as
medical monitoring, smart home environments, security systems, and human-machine
interfaces. The proposed approach also offers scalability and flexibility, making it adaptable
to different hardware and application constraints.

Future research will focus on expanding the training dataset with recordings from
a larger and more diverse group of participants to enhance model generalizability and
robustness. Moreover, efforts will be directed toward the efficient implementation of
embedded systems through network optimization and lightweight model design. These
steps are expected to facilitate the deployment of radar-based activity recognition solutions
in real-world scenarios where privacy, efficiency, and unobtrusiveness are critical.

In conclusion, this study proposes a comprehensive and interpretable framework for
human motion classification using the UWB radar, combining adaptive signal decomposi-
tion, time—frequency feature construction, and deep video learning. The proposed method-
ology provides theoretical insight and offers practical utility, advancing the state-of-the-art
in radar-based human activity recognition and paving the way for future applications
across a range of fields. While the demonstrated performance validates the framework’s
technical effectiveness, successful deployment requires careful consideration of practical
implementation factors. The single-sensor configuration provides operational advantages
through reduced hardware complexity and installation requirements compared to multi-
sensor alternatives. Current implementation focuses on individual motion recognition, with
multi-person scenarios representing an area for future algorithmic development. Training
data requirements necessitate systematic motion capture across representative user popula-
tions to ensure robust generalization performance across diverse deployment environments.
These characteristics establish the framework’s suitability for privacy-sensitive applications
where non-intrusive motion recognition provides significant operational benefits, including
healthcare monitoring, smart home environments, and security systems requiring reliable
human activity detection without visual surveillance constraints.
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Abbreviations

The following abbreviations are used in this manuscript:

UWB Ultra-Wideband

CW Continuous Wave

FMCW  Frequency-Modulated Continuous Wave
ToF Time-of-Flight

STFT Short-Time Fourier Transform

CWT Continuous Wavelet Transform

EMD Empirical Mode Decomposition

IMF Intrinsic Mode Function

EWT Empirical Wavelet Transform

CNN Convolutional Neural Network

I3D Inflated 3D

LSTM Long Short-Term Memory

WRTFT  Weighted Range-Time-Frequency Transform
PCA Principal Component Analysis

KNN K-Nearest Neighbor

RMDL  Random Multimodal Deep Learning
DNN Deep Neural Network

RNN Recurrent Neural Network

MIMO  Multiple-Input Multiple-output
SFCW  Stepped-Frequency Continuous Wave
MRA Multiresolution Analysis

PRF Pulse Repetition Frequency

EIRP Effective Isotropic Radiated Power
HHT Hilbert-Huang Transform

SGD Stochastic Gradient Descent
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