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Abstract—Human activity recognition (HAR) has
emerged as a critical research area with strong
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implications for healthcare, including elderly mon-
itoring in assisted living and independent envi-
ronments. Although several surveys have exam-
ined radar-based HAR, no comprehensive review
has focused specifically on deep learning meth-
ods using frequency-modulated continuous-wave
(FMCW) radar. To address this gap, we system-
atically analyzed 82 peer-reviewed publications
spanning 2019-2025 from leading digital libraries.
Our findings reveal a rapid growth in deep learn-
ing—enabled FMCW radar HAR, with major themes
including activity classification, fall detection, and
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radar-based sensing for healthcare and loT con-

texts. State-of-the-art models leverage convolutional neural networks (CNNs), recurrent neural networks (RNNs), autoen-
coders (AEs), and hybrid architectures to extract features from range-time, range—Doppler, micro-Doppler, range—angle,
and point-cloud domains. Despite notable progress, open challenges remain in computational complexity, limited public
datasets, inter-class similarity, environmental robustness, and the absence of standardized evaluation frameworks. This
survey synthesizes current advances and identifies research directions, providing practical guidance for researchers and
practitioners developing next-generation FMCW radar—based HAR systems.

Index Terms— Human activity recognition, deep learning, frequency modulated continuous wave (FMCW) radar, PRISMA.

[. INTRODUCTION

HE rapid aging of the global population [1] has inten-

sified concerns about healthcare and safety, particularly
for older adults who face elevated risks of falls. Falls remain
a leading cause of injury, psychological trauma, and mortality
among the elderly, underscoring the urgent need for monitor-
ing systems capable of timely intervention in independent liv-
ing or assisted-care settings. With the advancement of sensor
technologies, human activity recognition (HAR) has emerged
as a promising approach for monitoring daily activities and
detecting emergencies [2]-[4]. HAR enables the automated
recognition of human movements, supports early detection of
adverse events such as falls, and reduces caregiver burden by
providing continuous health monitoring. Beyond healthcare,
HAR applications extend to smart homes [5], [6], security
[7], automotive safety [8]-[10], industrial worker monitoring
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[11], [12], and human—computer interaction (HCI) [13], [14].
In smart homes, HAR informs environmental control and
appliance automation. In security, it detects abnormal activities
in restricted areas. In automotive systems, it identifies risky
driver behaviors (e.g., drowsiness or phone use). Industrial
deployments monitor worker activities for safety and perfor-
mance, while in HCI, HAR enables natural interfaces through
gesture and body-motion recognition.

Existing HAR systems have traditionally relied on cam-
eras [15]-[17] and wearable sensors [18]-[20]]. Camera-based
HAR provides rich visual data but suffers from lighting sensi-
tivity, occlusions, and persistent privacy concerns. Wearable
sensors offer real-time monitoring but face challenges of
user discomfort and battery limitations. To overcome these
drawbacks, frequency-modulated continuous-wave (FMCW)
radar has gained traction as a privacy-preserving, lighting-
invariant sensing modality. FMCW radar can operate reliably
under varying environmental conditions, making it particularly
attractive for healthcare and elderly monitoring applications.

Traditional machine learning (ML) methods such as deci-
sion trees [21], Hidden Markov model [22], support vector
machines (SVM) [23], and random forests [24]have been
widely applied to HAR. These algorithms allow effective
feature engineering and classification on small datasets with



modest computational demands. However, ML-based HAR de-
pends heavily on manual feature extraction, limiting scalability
and generalization to unseen data. In contrast, deep learning
(DL) automatically learns hierarchical spatial-temporal fea-
tures from raw data, improving generalization and robustness.
DL architectures exploit large datasets and GPU acceleration
to uncover complex motion patterns and support near real-time
inference, positioning DL as the state-of-the-art approach for
HAR across diverse environments.

Several surveys have reviewed HAR using radar or mul-
timodal sensors [25]-[32]. Islam et al. [25] examined CNN-
based HAR across smartphones, radar, and vision data.s. Hu
et al. [26] focused on radar-based fall detection, while Tewari
et al. [27] discussed radar sensing for non-invasive fall mon-
itoring. Zhang et al. [28] summarized mmWave-based human
sensing, covering localization, motion recognition, biometrics,
and imaging. Ullmann et al. [29] addressed continuous HAR in
real-world radar streams. Ahmed et al. [30] reviewed health-
care radar applications but lacked detailed analysis of deep
learning. Nocera et al. [31] evaluated radar-based physiological
monitoring using ML/DL, and Miazek et al. [32] considered
multimodal behavior analysis including radar, LiDAR, and
video. While these reviews provide important insights, they
either emphasize specific applications (e.g., fall detection) or
aggregate multiple modalities without a dedicated focus on
deep learning—based HAR using FMCW radar. To date, no
systematic survey has comprehensively examined how deep
learning architectures exploit FMCW radar data for HAR.
This review addresses this gap through a systematic analysis
of 82 peer-reviewed studies published between 2018 and
2025 across major digital libraries (IEEE, ACM, Springer,
Elsevier). Publications were selected using explicit inclusion
and exclusion criteria, summarized insec2. Table [I| presents a
comparison between this work and others. In this work, we
investigate the following research questions (RQs):

e RQI1: What is the state of the art on deep learning-based
HAR using FMCW radar?

o RQ2: What radar signal processing techniques are em-
ployed for HAR?

« RQ3: How have deep learning models evolved for FMCW
radar HAR?

e RQ4:What public FMCW radar datasets exist to support
reproducible research?

We have organized the rest of this review as follows. sec2
details the research methodology, including the inclusion and
exclusion criteria applied to the selected publications. sec3
presents an analysis of the data to address the four proposed
research questions. sec4 discusses the key challenges in the
field and directions for future research. Finally, sec5 concludes
the review.

[1. MATERIAL AND METHOD

This study draws on three leading academic databases:
ScienceDirect, IEEE Xplore, and Springer Nature. They have
been chosen for their extensive coverage of peer-reviewed
literature in engineering, science, and technology. The review
focuses on research concerning deep learning-based human
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activity recognition (HAR) using FMCW radar. Search terms
were grouped into three categories: application, sensor, and
model. Each category includes keywords that broadly cover
existing studies, as follows.

« Application: Human activity/action
tion*/classification®, fall detection*

e Sensor: FMCW/frequency modulated continuous wave
radar*, *radar

e Model: deep learning, deep neural network (DNN),
DNN*, CNN*, RNN*, long short-term memory (LSTM),
LSTM*, autoencoder, convolutional autoencoder (CAE),
few-shot learning, generative adversarial networks
(GANS), transformer.

recogni-

The asterisk (*) signifies random characters that facilitate flex-
ible connecting with many keyword differences. Incorporating
Boolean operators such as AND and OR into the search strings
can enhance the search process. Search strategies are adapted
to align with the characteristics of each database. In IEEE
Xplore, the number of keywords in a search term is limited,
so the following search string was used: (“Human activity
recognition®*” OR “fall detection*”) AND (“*radar”) AND
(““deep learning”). For ScienceDirect, which does not support
wildcards (*), the search string was adjusted to: (“Human
activity recognition” OR “Human activity classification” OR
“fall detection”) AND (“radar” OR “FMCW radar”) AND
(“deep learning” OR “CNN” OR “DNN” OR “RNN” OR
“LSTM” OR “AE” OR “few-shot learning” OR “GAN” OR
“transformer” OR “convolutional autoencoder”). Lastly, in
Springer Nature, where wildcards (*) are supported, the search
terms were constructed to allow broader coverage: (“Human
activity recognition*” OR “Human activity classification*” OR
“fall detection*”) AND (“*radar” OR “FMCW radar*”) AND
(“deep learning*” OR “CNN*” OR “RNN*” OR “LSTM*”
OR “GAN*” OR “transformer*”). The final search for the
results in this article was conducted on 30 July 2025.

As a result, we have identified a total of 2,164 records.
The Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) [33] framework was employed to
ensure transparency and objectivity. Fig. [I] details the selection
process. The first step retained only journal articles, excluding
reviews, conference papers, books, and non-English sources,
resulting in 744 records. Of these, 644 articles published
between 2018 and 2025 were retained, reflecting the period
in which deep learning architectures began to dominate HAR
research. Subsequent title, abstract, and full-text screening
yielded 82 final articles. Exclusion criteria were applied to
remove studies outside the scope of FMCW radar and deep
learning, including the below.

o Application: monitoring of heart rate, outdoor, gesture
recognition/classification, monitoring of vital signs, mo-
tion tracking of the head, estimation of pose, recognition
of facial expression, monitoring of contactless vital signs,
human gait, detection of targets, vehicle and tracking, and
object tracking.

e Sensors: ultra-wideband (UWB) radar, pulse radar,
continuous-wave (CW) radar, Doppler radar, stepped
frequency continuous wave (SFCW) radar, wearable,
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TABLE I: Comparative Summary of State-of-the-Art Surveys on Radar-Based Human Activity Recognition (HAR).

Study Year Scope / Primary Focus Radaé'ol:/letl)‘gglltles Identified Limitations / Gaps
CNN-based HAR across . ] ke G .
Islam et al. [25] 2022 multimodal data (smartphone, radar, Doppler, FMCW, UWB BFOdd mulnmoqc‘\l SCOPeT ld?ks in-depth analysis
vision) of FMCW-specific DL pipelines.
Ullmann et al. [29] 2023 Continuous HAR with radar FMCW, Doppler, Pulsed, Fgcus on continuous r'ecogmtlon; limited
mmWave discussion of DL architectures.
mmWave sensing technologies L . . . . .
Zhang et al. [28] 2023 (tracking, motion, biometrics, FMCW, Pulsed, mmWave Application-oriented; no systematic review of DL
. . models for HAR.
imaging)
Hu et al. [26] 2023 Radar-based fall detection in FMCW, UWB, SFCW Narrow focus on fall detection; limited general
healthcare HAR coverage.
Ahmed et al. [30] 2023 ML in r_adar—based healthcare FMCW, SFCW, Pulsed Highlights ML/DL for vital signs; lacks
monitoring comprehensive DL-HAR synthesis.
. Human behavior analysis using Emphasizes multimodal fusion; FMCW-specific
Miazek et al. [32] 2024 radar, LIDAR, and video mmWave HAR only briefly mentioned.
Nocera et al. [31] 2024 ML for rad.ar—t.)ased physiological UWB, Doppler, FMCW Focus on physiological sensing; HAR analysis
signal monitoring secondary.
. State-of-the-art radar sensing for Pulsed, Doppler, FMCW, Concentrates on fall monitoring; does not address
Tewari et al. [27] 2024 fall detection UWB, SFCW broader DL-based HAR challenges.

=
-% Records identified from: Databases (n = 3) - Excluded records are not research article
o + |EEE Xplore (n = 506) (n =1420)
= + ScienceDirect (n = 1078) - Excluded records outside the 2018 to 2025 range
S + Springer Nature (n = 580) (n = 100)
=

y

Records screened N Excluded records by titles
(n = 644) (n=414)
o ¢
I= Records screened | Excluded records by abstracts
e (n = 230) (n=78)
[3)
? !
Records screened _ Excluded records based on full text
(n=152) (n=70)

Y
3
© Total records included in the review
= -
T (n=82)
=

Fig. 1: Flow chart of the selection procedure of records according to PRISMA guidelines.

inertial measurement units, smartphone, camera, image
and video, accelerometer, magnetometer, gyroscope, py-
roelectric infrared (PIR), resolution thermal, wi-fi, and
radio frequency (RF) sensing.

o Model: support vector machine, nearest neighbor, hidden
Markov model, k-means clustering, decision tree, random
forest, principal component analysis, and kNN.

These studies were considered at the scoping stage but ex-
cluded from in-depth analysis to maintain a focused review
on FMCW radar with deep learning.

Finally, both bibliometric [34] and qualitative content anal-
yses [35] were applied. Bibliometric analysis examined pub-
lication trends, citations, and keyword co-occurrence using

VOSviewer [36] and Excel, while content analysis system-
atically identified themes including preprocessing strategies,
dataset availability, deep learning architectures, and emerging
challenges. This dual approach provides a balanced quantita-
tive and qualitative synthesis of the field.

1. RESULTS

A. What Is The State Of The Art On Deep
Learning-Based HAR Using FMCW Radar?

The distribution of documents related to deep learning-based
HAR using FMCW radar in the three databases surveyed from
2018 to 2025, as shown in Fig. E} In 2018, no articles on



this topic were found. From 2019 onward, publication activity
grew steadily, rising from a single article in 2019 to 20 articles
in 2023, 19 in 2024, and 14 in the first seven months of 2025.
Most contributions appeared in IEEE Xplore-indexed journals,
underscoring the field’s strong alignment with the radar and
signal-processing community. This trajectory illustrates not
only quantitative growth but also a consolidation of research
interest, marking HAR with FMCW radar as an emerging
and increasingly competitive subdomain. The bibliometric
analysis indicates that the articles are distributed among 22
journals, as illustrated in Fig. [3| The IEEE Sensors Journal
dominates with 34 publications, followed by the IEEE Internet
of Things Journal (11), the IEEE Transactions on Aerospace
and Electronic Systems (6), and Neural Computing and Ap-
plications (3). Smaller contributions are scattered across a
wide range of journals, with five journals having two articles
and 11 journals having one. When mapped against journal
impact metrics (“Scimago Journal & Country Rank” (SJR)
and Journal Citation Reports(JCR)), the analysis shows that
almost all papers were published in Q1 or Q2 journals (Fig. [).
The absence of the Q3, Q4 venues indicates that the technical
rigor and perceived importance of this line of research are
relatively high. Notably, the number of Q1 publications has
steadily increased over time. That signals growing recognition
of radar-based HAR in prestigious and high-ranking journals.

Citation analysis results are in Table which shows the
top ten articles with the most citations. The article entitled
“Continuous Human Activity Classification From FMCW
Radar With Bi-LSTM Networks” [37] published in the IEEE
Sensors Journal by A. Shrestha, H. Li, J. Le Kernec, and
F. Fioranelli, leading with 240 citations in Google Scholar.
Other notable works, such as “mmPFall: Fall Detection Using
4-D mmWave Radar and a Hybrid Variational RNN AutoEn-
coder” [38], “Noninvasive Human Activity Recognition Using
Millimeter-Wave Radar” [39] and “Semisupervised Human
Activity Recognition With Radar Micro-Doppler Signatures”
[40] have also received substantial attention. This indicates
that early methodological breakthroughs continue to anchor
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Fig. 2: Number of articles published during 2019-2025.
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TABLE II: Top 10 most popular keywords.

Keyword Occurrence
Human activity recognition 51
FMCW radar 39
Deep learning 25
Fall detection 21
Micro-Doppler 16
MmWave radar 15
Convolutional neural network 14
Feaature fusion 5
Long short-term memory 4
Point cloud 4

the field. In contrast, most 2024-2025 works remain lightly
cited, a lag that reflects both their recency.

We also did keyword co-occurrence analysis using the
VOSviewer software. We analyzed 82 articles to determine the
popular keywords extracted from the articles. Fig. [5]illustrates
18 popular keywords after filtering out those with a frequency
of less than 3 from a total of 190 keywords. The evolution of
the research field can be observed through the progression
of popular keywords over time. From 2018 to 2022, the
studies were published throughout this period, focused on
keywords such as “convolutional neural network”, “semisu-
pervised learning”, “transfer learning”, and “deep neural net-
works”. Between 2022 and 2023, the keywords transferred
to “long short-term memory”, “machine learning”, “range
Doppler”, “micro Doppler”, “mmWave radar”, “fall detection”,
“few-shot learning”, and “human activity recognition”. From
2023 to 2024, the keywords highlighted are “data augmen-
tation”, “point cloud”, “FMCW radar”, and “deep learning”.
From 2024 to 30 July 2025, studies began to emphasize
keywords such as “feature fusion” and “lightweight network”.
Table [lI| presents the top 10 most popular keywords among
190 keywords of the analyzed articles. These include ‘“human
activity recognition” (51 occurrences), “FMCW radar” (39
occurrences), “deep learning” (25 occurrences), “fall detec-
tion” (21 occurrences), and “micro-Doppler” (16 occurrences).
Ranking 9th and 10th are “long short-term memory” and
“point cloud”, each with 4 occurrences.

Overall, the bibliometric evidence reveals three clear tra-
jectories: (i) rapid quantitative growth, (ii) concentration of
publications in high-quality engineering journals. Together,
these findings confirm FMCW radar-based HAR as a young
but emerging field with significant technical innovations.

B. What Techniques Are Used To Process HAR’s FMCW
Radar Signals?

1) Principles and architectures of FMCW radar sensor: A
complete FMCW radar includes: (1) frequency synthesizer,
(2) transmitting antenna (Tx), (3) receiving antenna (Rx),
(4) frequency mixer, (5) low-pass filter (LPF), (6) analog-to-
digital converters (ADCs), and (7) microprocessor, as shown
in Fig. The transmitted frequency-modulated chirp is

Sra(t) = Apy sin(27r (fot n %2)) , (1)

where fo is the start frequency and S is the chirp slope.
The received signal Sg,(t) is a delayed version of S, (¢)
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TABLE III: Top 10 articles with the most number of citations.

Article Title Citation
Continuous Human Activity Classification From FMCW 240
Radar With Bi-LSTM Networks [37]
mmFall: Fall Detection Using 4-D mmWave Radar and a 124
Hybrid Variational RNN AutoEncoder [38]
Noninvasive Human Activity Recognition Using 122
Millimeter-Wave Radar [39]
Semisupervised Human Activity Recognition With Radar 120
Micro-Doppler Signatures [40]
Human Activity Classification Based on Point Clouds
Measured by Millimeter Wave MIMO Radar With Deep 104
Recurrent Neural Networks [41]
Deep Learning Radar Design for Breathing and Fall 97
Detection [42]
Radar-Based Human Activity Recognition Using Hybrid 30
Neural Network Model With Multidomain Fusion [43]
A Millimetre-Wave Radar-Based Fall Detection Method 79
Using Line Kernel Convolutional Neural Network [44]
Activity Classification Based on Feature Fusion of FMCW 79
Radar Human Motion Micro-Doppler Signatures [45]
Fall Detection System Using Millimeter-Wave Radar Based 76
on Neural Network and Information Fusion [46]

due to the target range d, with delay 7 Q—f, shown in
Fig. Mixing the signals St (t) and Sg.(t) and passing
them through the LPF produces the intermediate frequency
(IF) signal, which encodes information about the target range,
velocity, and angle.

FMCW radar architectures are broadly classified into two
types based on mixer and baseband implementations: real
mixer with real baseband (RMRB, marked in a green rect-
angle) and quadrature mixer with complex baseband (QMCB,
marked in a red rectangle), as shown in Fig. |B_EIr The RMRB
architecture uses a real mixer whose IF output, after low-pass
filtering, is expressed as:

Srp(t) = Ajp cos (27r5’7't + 21 for — 7r517_2> 7 @)

where A;jp = and the beat frequency f, = ST
is proportional to the target range. In contrast, the QMCB
architecture employs both a real and a quadrature mixer,
producing in-phase (I) and quadrature (Q) components. The
complex IF signal is given by

ARz ATy
2

SIF(t) _ AIFe—j(ZwSTt-‘,-QTrfOT—‘n'STz),

A3)

The ADC samples the IF signal to collect raw radar data and
then processes these digital signals through a microprocessor.
This complex baseband processing enables more accurate esti-
mation of target parameters, improving the system’s resolution.
2) Range, velocity, and angle estimation: The target range
estimation is derived from the beat frequency f;, of the IF
signal generated by a target at distance d, expressed as f, =
%. Consequently, the target range can be computed by:

f bCTc
G “)

Multiple targets produce multiple peaks in the IF signal
spectrum identified via a fast Fourier transform (range-FFT).
The minimum distinguishable distance between two targets, or
range resolution d,.s, is inversely proportional to bandwidth:

c

dres = ¥ 4)

Velocity estimation exploits the phase difference A#
@IF2 — prr1 between consecutive chirps. A stationary tar-
get exhibits no phase change (A6 = 0), while a moving
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target introduces a phase shift related to its velocity v by

A0 = 2w foAT, where AT =
be calculated as:

%. The velocity can then

AAT
= 6
47T, ©
with A is the radar wavelength and fo = £ the carrier

frequency. Doppler-FFT applied over N chirps enables dif-
ferentiation of targets with velocity resolution greater than
%, where T’ is the total observation time.

Angle of arrival (AoA) estimation necessitates multiple
receive antennas (at least two receive antennas), commonly
realized via multiple-input multiple-output (MIMO) radar ar-
chitectures, to resolve target azimuth and elevation. The phase
progression across M receiving antennas is as follows:

Ures =

lsin(«) 4 Isin(«) lsin(«)

P W 3
where [ is the antenna spacing and « is the AoA. The AoA is
estimated from the phase difference between adjacent antennas
A¢ = 2{lsm(oz). This change is determined through a third
FFT, known as angle-FFT.

3) Techniques for processing FMCW radar signals: The
overall processing pipeline incorporates range-FFT to extract
beat frequencies for range-time, Doppler-FFT across chirps for
range-Doppler, and angle-FFT for angular information, as de-
picted in Fig. [7] Furthermore, the short-time Fourier transform
(STFT) is utilized across the chirps to analyze the phase shift
and generate the micro-Doppler signature. Leveraging FFTs in
both the horizontal and vertical orientations of virtual receiving
antennas facilitates the precise determination of the target’s
azimuth and elevation angles. From the resulting range-angle
representation, various filtering and clustering algorithms can

[0, 27 2 (M — 1) )
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be applied to generate a sparse point cloud that reflects the
target’s information. Table [IV] shows a comprehensive list of
the features that were used in DL-based HAR using FMCW
radar sensors.

Among the analyzed publications, micro-Doppler is identi-
fied as the most common feature, appearing in 41 articles [37],
[40], [42], [45], [47]-[83]. Its popularity stems from its robust
capability to capture body and limb motion characteristics via
velocity information, enabling the differentiation of various
human activities. Additionally, features like point clouds [38],
[39], [41], [84]-[91], and range-Doppler [92]-[98] are exten-
sively utilized, providing supplementary spatial, distance, and
velocity information. Conversely, deep learning models rarely
use raw data [44] due to the difficulties in feature extraction.
Recent advancements in the field indicate an increasing trend
toward integrating multi-dimensional data to enhance recogni-
tion performance. Examples include combinations like (micro-
Doppler, point clouds) [69] and (range-Doppler, point clouds)
[99], [100], which merge spatial and temporal data for a deep
feature. More advanced formats, such as (Range-Doppler-
Time) [101]-[104], (Range-Time, Range-Doppler, Doppler-
Time) [43], [105], [106], (micro-Doppler, range-time, azimuth-
time, elevation-time) [107] and (range-time, Doppler-time,
angle-time) [108], have gained increasing attention, reflecting
efforts to leverage complex, multi-dimensional features to
enhance accuracy and robustness. These innovations reflect the
evolution of deep learning models, with a growing emphasis
on utilizing abundant data representations to advance recog-
nition capabilities and generalize HAR systems for diverse
environments.

TABLE IV: The features of FMCW radar signal.

Features References
. [37], [40], [42],
micro-Doppler [45], [47]-[83]
micro-Doppler, Point clouds [69]
micro-Doppler, Range-Doppler-Time [109], [110]
micro-Doppler, Range-Time, Azimuth-Time, [107]
Elevation-Time
Point clouds [38[]é 4[]3_9[]9’1[]41]’
Range-Doppler [92]-[98]
Range-Doppler, micro-Doppler [111]
Range-Doppler, Point clouds [99], [100]
Range-Doppler, Range-Angle [112]
Range-Doppler, Range-Doppler-Time [113]
Range-Doppler-Time [101]-[104]
Range—Horizontal Angle, Range—Vertical Angle, [46]
Range-Doppler
Range-Time [114]
Range-Time, Doppler-Time [115]-[117]
Range-Time, Doppler-Time, Angle-Time [108]
R . . [43], [105],
ange-Time, Range-Doppler, Doppler-Time [106]
Raw data [44]

C. How Have Deep Learning Models Evolved For
FMCW Radar HAR?

The evolution of deep learning models for FMCW radar
HAR has progressed through successive architectures and
data representations, with each stage targeting specific chal-
lenges in accuracy, robustness, and deployment feasibility,
as summarized in Fig. 8] In the initial phase (2019-2022),
CNN-based approaches dominated, focusing on extracting spa-
tial-spectral features from micro-Doppler and range—Doppler
spectrograms. From 2020 to 2023, hybrid and multi-domain
fusion models integrating range, Doppler, time, angle, and
even radar point-cloud data became increasingly important.
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Fig. 9: General architecture of CNN-based models.

Between 2021 and 2023, researchers integrated RNNs and
CNN-RNN hybrids to capture temporal dynamics while lever-
aging CNNss for local feature extraction. Additionally, few-shot
frameworks and transformer variations capable of fast adap-
tation and training with minimal data have been developed.
From 2022 to 2024, autoencoder-based methods gained promi-
nence, particularly for unsupervised representation learning
and cross-domain feature transfer. Finally, between 2023 and
2025, transformer architectures emerged, applying attention
mechanisms across range—Doppler—time cubes to model long-
range dependencies. In parallel, lightweight-oriented models
for low-latency, energy-efficient devices have emerged. They
are anticipated to shape future research toward real-time,
resource-constrained HAR applications.

1) CNN-based models: Convolutional Neural Networks
(CNNs) have become the dominant deep learning architec-
ture in FMCW radar-based HAR, particularly due to their
efficiency in extracting discriminative spatial-spectral features
from radar representations. CNNs leverage weight sharing
across convolutional kernels, which not only reduces param-
eter count but also enables efficient learning of local feature
hierarchies. This property is especially advantageous for IoT
and edge deployments, where memory and computation bud-
gets are limited.

In the radar-based HAR task, raw radar signals are com-
monly transformed into 2D time—frequency or range—Doppler
maps to facilitate spatial-spectral feature learning, making
CNNs a natural fit for this domain [45], [56], [61], [63],

[94], [115]. As shown in Fig. [0 the CNN pipeline typically
consists of convolutional and pooling layers for hierarchical
feature extraction, followed by fully connected layers for
activity classification. Most related research utilizes micro-
Doppler (MD) representations as CNN inputs, where MD
maps are treated as 2D images to be analyzed for human
motion patterns. Although CNNs achieve high accuracy, their
direct deployment on IoT devices remains challenging due to
resource and latency constraints. Several works have therefore
focused on lightweight CNN variants, using grouped convolu-
tions [64] or strip pooling [62] to reduce complexity without
sacrificing performance.

Additionally, many articles have focused on extending
CNNs for multi-branch and multi-view feature learning. In
[111], a 3D-CNN applied to range-Doppler data produced
superior results compared to traditional 2D-CNNs

Kim et al. [102] considered the time-Doppler map for each
range bin and introduced a range-distributed CNN with mul-
tiple branches designed to analyze each range-time-Doppler
map explicitly. Alternatively, Li et al. [61] presented a multi-
attention fusion CNN combining three branches with different
feature attention mechanisms on the micro-Doppler map;
and the results are combined through ensemble learning for
omnidirectional HAR. Similarlyy, mmCMD [60] visualized
continuous motion signatures as images and applied YOLOv5
for activity detection.

Beyond micro-Doppler and range-Doppler maps, radar point
clouds have also emerged as a promising input modality.
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Yu et al. [39] proposed a dual-view CNN that processes
voxelized point clouds from two perspectives (XoZ and YoZ),
demonstrating robust cross-domain generalization. Rezaei et
al. [84] further confirmed the feasibility of CNNs with point
cloud inputs for unobtrusive HAR. Table [V| summarizes the
performance of CNN-based methods along with the corre-
sponding experimental data details.

The table highlights several important trends in the use
of CNNs for FMCW radar-based HAR. First, CNN-based
methods consistently achieve high classification accuracy, of-
ten exceeding 90-99% across different datasets, confirming
their strong ability to capture discriminative spatial features.
However, such performance is frequently tied to specific
datasets or controlled environments, raising concerns about
generalization in more complex real-world scenarios and
emphasizing the need for cross-dataset validation. A second
observation is the evolution of input representations: while
early work predominantly relied on micro-Doppler and range-
Doppler spectrograms, more recent studies have moved toward
richer modalities such as radar point clouds and multi-view
representations. This trend indicates that the choice of feature
representation is as crucial as the depth of the network,
particularly for capturing fine-grained human motions.

Another clear development is the shift from conventional
single-stream CNNs (e.g., AlexNet, VGG) to multi-branch
and attention-enhanced CNNs, which are designed to process
heterogeneous radar features in parallel and integrate them
through specialized fusion strategies. Such architectures con-
sistently outperform simple baselines, suggesting that domain-
specific adaptations are essential for robust radar HAR. At
the same time, recent efforts have begun to address the
computational limitations of CNNs in edge and IoT scenarios.
Studies leveraging grouped convolutions, lightweight networks
such as MobileNet, or hardware accelerators demonstrate the
feasibility of balancing accuracy with efficiency, though such
works remain limited compared to accuracy-focused designs.
Finally, despite the consistently strong recognition perfor-
mance reported, the lack of standardized benchmarks across
radar HAR studies complicates fair comparison. Differences
in radar configurations, activity definitions, and dataset sizes
make it difficult to isolate the contributions of model design
from experimental conditions, pointing to an urgent need for
unified evaluation protocols.

From these observations, they suggest that CNNs remain a
cornerstone of radar-based HAR, but their future development
will likely hinge on improved generalization across domains,
efficient adaptation to edge devices, and systematic bench-
marking. To address temporal dynamics more explicitly, many
studies have further extended CNN-based representations with
sequence modeling architectures such as recurrent neural
networks (RNNs), which will be discussed in the following
subsection.

2) RNN and CNN-RNN Hybrids models: Recurrent Neural
Networks (RNNs) are widely used for sequential data pro-
cessing because they retain information from previous time
steps through a hidden state mechanism [120]. This temporal
memory enables HAR systems to capture motion dynamics
across radar frames, complementing the spatial features often

Domain 1 Domain2 ... Domain n
Model 1 Model 2~ Model n

| + |
Feature Filter

'

Post-processing

v

Decision

Fig. 10: Fundamental architecture of multimodal fusion
models.

emphasized by CNNs. However, conventional RNNs suffer
from vanishing and exploding gradient issues, which limit
their ability to model long-range dependencies. To address
these limitations, Long Short-Term Memory (LSTM) networks
were introduced [121], incorporating gating mechanisms to
preserve long-term context while filtering irrelevant short-
term information. For example, Kittiyanpunya et al. [100]
applied an LSTM network for fall detection using 1-D Doppler
velocity and z-axis point cloud features. By introducing a
sliding-window mechanism to mitigate spurious detections,
the system achieved an accuracy of 99.5%. This demonstrates
the potential of LSTMs for radar-based HAR, although their
reliance on carefully engineered sequential inputs limits scal-
ability across heterogeneous radar settings.

Simplified variants such as Gated Recurrent Units (GRUs)
[122] further improve computational efficiency, making them
suitable for real-time deployment. Abedi et al. [97] developed
an autonomous in-home gait monitoring and activity recog-
nition system using GRUs with joint time-frequency inputs,
enabling deployment on IoT hardware. While these works
illustrate the feasibility of standalone RNNs, the broader radar
HAR literature rarely adopts them in isolation, as spatial
feature extraction from radar images is typically indispensable.
Table summarizes representative RNN-only studies.

Given these limitations, hybrid architectures that combine
CNNs with RNNs have become prevalent. The rationale is that
CNNSs are adept at capturing local spectral or spatial features
from radar representations (e.g., spectrograms, range—Doppler
maps), meanwhile, RNNs excel at modeling temporal cor-
relations across frames. In [41], a CNN first extracted pose
features from point cloud frames, which were then processed
by an LSTM to model inter-frame dynamics. This hybrid
model outperformed the CNN-only baseline, improving recog-
nition accuracy from 96.1% to 98.3%. Similarly, Li et al. [52]
integrated ResNetl18 with a Bi-LSTM enhanced by attention



TABLE V: Summary of studies utilizing CNN-based models.

IEEE SENSORS JOURNAL, VOL. XX, NO. XX, XXXX 2025

Study Experimental Data

Performance Details

Each person performs the action 3 meters in front of
the radar, 9 single persons, 4 designed activities in
place, a total of 11,520 samples.

[78] (2019)

Investigates CNN acceleration on FPGA for human activity classification.
Achieves 30.42% speedup compared to GPU implementation.

[67] (2021) Glasgow dataset [118]

97.58% classification accuracy, utilizing a three-branch CNN model with
1-D color channels of micro-Doppler images.

Radar mounted on the ceiling, 2.5 m above the floor.
The experimental area is placed with some
experimental tables, chairs, a bed, and sundries12
subjects, 29 designed activities, a total of 192,400
samples.

[56] (2022)

95.88% accuracy for fall detection using VGGNet with filtered DTmap
through pattern contour-confined.

[115] (2022) Experiment setup similar to [56]

95.48% accuracy for sudden and soft fall detection using the CNN model.

[45] (2022) Glasgow dataset

Classification accuracy of 99.77% using VGG+Alexnet.

[111] (2022) PARrad dataset [111]

Achieved 92% and 95% accuracy in activity classification for the
CNN-MD network and the CNN-RD network.

[102] (2022) Glasgow dataset

The mean classification accuracy is 95.71% through range information
using multi-branch CNN.

Two radars are used to simultaneously collect data at a
height of 1 m, 6 subjects, 7 designed activities, a total
of 1,680 samples.

[63] (2022)

The recognition accuracy of 94.14% using a CNN model from Stockwell
transformed signals of two radars.

The radar was placed at a height of 2.9 mina 2 x 2.5
m room, 4 subjects, 7 designed activities in multiple
orientations, a total of 120,000 samples

[39] (2022)

Using point cloud into CNN model, achieve 97.61% and 98% accuracies
of fall detection and activity classification.

Radar mounted on the ceiling, 1.8 m above the floor
with a pitch angle range from —20° to 20° and an
azimuth angle range from —50° to 50° in a 4x4.8 m
test area was selected within an 8x9 m indoor hall,
participating volunteers performed 12 actions, total
40,560 samples.

[60] (2023)

The mmCMD approach utilizes micro-Doppler signatures as images into
YOLOVS5, achieving a mean average precision of 93%.

Radar mounted on the ceiling 3 m above the floor
with a field of view 120° in both azimuth and
elevation directions. Experiments were conducted in
an area of 10.4 x 10.4 m?2, 2 subjects, 9 designed
activities, a total of 154,040 samples in trial 1 and
143,333 samples in trial 2

[84] (2023)

CNN-based deep learning model using point cloud achieved an accuracy of
92.3%.

Radar positioned near the ceiling at a height of 3 m,
the participation of 10 males performing 5 activities
within a 5 m range from the radar stand, totaling
4,620 samples.

[94] (2024)

RDTNet model achieves an accuracy of 99.71% in fall detection using the
range-Doppler map and range-Doppler cube input data.

Radar was set at a height of 1.5 m with a 15° of
inclination, 7 designed activities within a range of 1 m
to 12 m from the radar, totaling 2,100 samples.

[61] (2024)

MAEF-Net uses a three-branch CNN with filtered micro-Doppler,
achieving 98.3% accuracy for addressing omnidirectional HAR.

Experiments were conducted in a rectangular area of 5
x 4 m, with the radar placed at a height of 1.2 m
above the floor, 10 subjects, 6 designed activities, a
total of 4,120 samples.

[62] (2024)

99.28% classification accuracy using the CNN model with the
time-Doppler map input data.

Radar is placed against a wall at a height of 1.9 m and
2 m above the floor in scenes one and two, 7 subjects,
12 designed activities, total 1,716 samples.

[64] (2024)

The recognition accuracy is 95.79%, utilizing a lightweight CNN model
with micro-Doppler signature input.

[51] (2024) Glasgow dataset

95.83% classification accuracy using ResNet 18 to classify 6 different
activities.

The radar is mounted on a fixed frame at a height of
1.2 m above the ground, 12 volunteers aged 19 to 38
performed 5 activities, a total of 60,000 samples.

[81] (2025)

The AB-TCN method’s classification accuracy improves by over 2%
compared to the CNN-LSTM.

Human Activity Data with a 5.8 GHz FMCW Radar

[76] (2025) [99].

MobileNetV2, GoogLeNet, AlexNet, VGG16, and VGGI19 are used to
classify various activity classes based on the fourth-order Fourier
synchrosqueezing transform (FSST4) technique and time—frequency
representation. AlexNet achieved the highest accuracy of 99.40%.

[83] (2025) Glasgow dataset, CI4R [119], I+ Lab RadSet v1 [62].

The MC-GCLU network consists of the masked concatenation module and
the gated convolution and linear unit module, and it utilizes MD signatures
as input for classifying activities with 97.4% accuracy on the RadarMD
dataset.
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TABLE VI: Summary of studies utilizing RNN-based models.

Study Experimental Data

Performance Details

The experiments were carried out in a room with a 3
x 3 m space with four subjects and four classes
designed for activities, a total of 1011 data files.

[90] (2022)

Used LSTM and DBSCAN for clustering point cloud data to classify
activities. It achieved a recognition accuracy over 95%.

The experiments were divided into five categories in
different rooms, and radar was mounted on a 1.6 m
height tripod; 10 individuals participated and
performed 9 different activities, a total of 270 sample
sequences.

[100] (2023)

LSTM network is used to classify 9 activities fed by a 1-D point cloud in
the z-axis and Doppler. The main focus is the detection of falls with an
accuracy of 96.90%.

A total of 310,357 samples of the range-Doppler map
were generated from seven participants and six
different activities

[97] (2023)

The overall precision of the GRU model for classifying activities is 93%.

TABLE VII: Summary of studies utilizing CNN-RNN hybrid models.

Study Experimental Data

Performance Details

Used 19 subjects, 7 designed activities, a total of

[41] (2021) 160,930 samples.

CNN+LSTM are applied to classify seven different activities, achieving
over 97% classification accuracy by analyzing point cloud variations.

The radar is placed on a tripod with a vertical distance
of 1.2 meters from the ground and at a horizontal
distance of 2 meters from the subject, 13 subjects, 5
designed activities, and 7,680 samples.

[52] (2023)

Resnet18+Bi-LSTM is used to classify five different activities with
micro-Doppler input data. It achieved a recognition accuracy rate of
95.79%.

The dataset was collected in two different
environments, 5 subjects, 5 designed activities, totaling
500 samples.

[95] (2023)

CNN + LSTM on range Doppler maps to classify different activities,
achieving 93.2% accuracy for five actions and 96.8% for fall vs. non-fall
classification, with a 1.04 energy precision ratio on an edge device.

The radar height is set to 0.9 m, 12 subjects, 7

[103] (2024) designed activities, totaling 1,948 samples.

Anti-fixed interference algorithm for range Doppler maps cancellation used
to train CNN + Bi-LSTM for fall detection, achieving precision rates of
96.16%, 94.21%, and 93.06% in various interference scenarios.

The indoor experiments are set in a 7 x 5 m indoor
laboratory with radar set at 1.1 m in height, 12
participants, and 6 designed activities, totaling 6,000
samples.

[82] (2024)

The CCLN model used CNN-LSTM to extract spatial and temporal
features from micro-Doppler spectrograms. CCLN achieves an average
accuracy of 95.91% in activity recognition, and using the AAT filter
improves the accuracy by 1.14%.

The dataset was collected in two indoor environments
and with radar at heights of 1.2 m and 2 m above the
ground for four experimental setups. In the
experiment, 15 subjects performed 9 actions in turn,
totaling 64800 samples.

[86] (2025)

Utilizing triple-view CNNs together with LSTM models for point cloud
input achieved an average accuracy for classification of almost 99.63%
across nine human activities.

mechanisms, enabling selective focus on salient temporal cues.
This design achieved 99.86% accuracy on a self-collected
dataset, surpassing conventional CNN-LSTM pipelines.

Subsequent studies have refined the hybrid paradigm to en-
hance robustness and efficiency. Gianoglio et al. [95] validated
CNN-LSTM performance on range-Doppler maps in edge
scenarios, balancing accuracy (up to 96.8% for fall detection)
with low energy consumption. Ma et al. [103] incorporated
interference-cancellation preprocessing, maintaining over 94%
precision across challenging environments. Recent work has
further extended hybrid models with triple-view CNNs [86]
and adaptive filtering [82], consistently reporting accuracies
exceeding 95%. Table summarizes representative CNN-
RNN hybrid models.

In summary, standalone RNNs remain useful in lightweight,
real-time HAR systems, particularly when hardware con-
straints necessitate low model complexity. However, CNN-
RNN hybrids have become widespread since they effectively
integrate spatial and temporal representations. The integration
is capable of addressing the multi-dimensional complexity
inherent in radar-based HAR.

3) Autoencoder and GANs-based models: Autoencoders
(AEs) and generative adversarial networks (GANSs), which
are generative models, have been explored in FMCW radar

HAR to address two complementary challenges. AEs primarily
target feature representation, denoising, and interference miti-
gation, while GANs focus on data scarcity and augmentation.

AEs are neural networks that learn to reconstruct input
data by compressing it into a lower-dimensional representation
(encoding) and then reconstructing the original data from
that compressed representation (decoding). In radar HAR, this
capability has been leveraged both for representation transfer
and for signal enhancement. In [59], an AE-based approach
outperformed CNN-based transfer learning techniques on the
University of Glasgow radar dataset by pre-training the AE
to capture latent representations, after which the decoder was
removed and the encoder fine-tuned in a supervised manner.
By contrast, Raeis et al. [96] applied convolutional AEs
for interference cancellation as a feature enhancement step,
improving multi-person HAR but at the cost of retraining for
each unseen scenario. This highlights the key limitation of
AE-based approaches: their latent representations are highly
task-dependent, which reduces generalizability. From a per-
formance perspective, AE-based methods generally achieve
85-97% accuracy in single-person scenarios but drop sharply
(to around 73%) in multi-person conditions (Table |VIII),
underscoring their sensitivity to interference and domain vari-
ability.
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TABLE VIII: Summary of studies utilizing Autoencoder and GANs-based models.

Study Experimental Data

Performance Details

[59] (2022) Glasgow dataset

Autoencoder model achieves an accuracy of 88% for activities of daily
living using the micro-Doppler input data.

Measurement dataset: The radar is placed on a table
with a height of 1.2 m in a 6 x 6 m indoor laboratory,
30 subjects, 5 designed activities, totaling 900
samples; Public dataset: Glasgow dataset

[53] (2022)

Focuses on using a Wasserstein-refined generative adversarial network with
gradient penalty (WRGAN-GP) to synthesize micro-Doppler spectrograms,
enhancing training datasets for deep convolutional neural networks. For the
measurement dataset, the average classification accuracy is 98.7% in the
validation set, 94.9% in the test set.

The radar is placed on a table with a height of 1.5 m
at a walkway that was 6 m long and 3 m wide, 10
subjects, 14 designed activities, totaling 1,400 samples

[54] (2022)

Propose a multibranch GAN (MBGAN) that integrates domain knowledge
and physics-aware metrics to improve the synthesis of RF micro-Doppler
signatures, achieving an accuracy of 89.23%.

[68] (2023) Glasgow dataset

Semisupervised Triple-GANs are used to classify six typical human
motions by leveraging micro-Doppler signatures and data augmentation
techniques, achieving 90% accuracy with only 10% labeled data.

Experiments were carried out in the laboratory with a
4 x 10 m space with two participants and seven
designed activities, a total of 3,455 samples.

[96] (2024)

CAE-MAS used a convolutional autoencoder, enabling accurate detection
of multiple human activities. It achieves recognition accuracies of 97.13%
for one human and 73.37% for two humans.

The experiments were conducted in two different
experimental environments, and the radar was installed
at a height of 1.8 m, covering a 4 m x 10 m detection
area with five participants and eight designed activities
in place, a total of 13,250 samples.

[85] (2025)

ABC-HF achieves 94% higher performance than other methods, such as
OC-SVM, AE-MLP, and mmFall, in multiple human fall scenarios in
indoor office spaces and industrial environments.

[80] (2025) Glasgow dataset.

CRSFD used the variable information bottleneck technique, achieving the
highest HAR accuracy, with more than 97% recognition accuracy using the
time Doppler map input.

A natural solution to the lack of data problem is data
augmentation, in which GANs are effective. GANs consist of
two neural networks (i.e., the generator and the discriminator)
that engage in adversarial training: the generator produces
synthetic radar spectrograms, while the discriminator evaluates
their realism. After convergence, the generator can produce
large volumes of high-quality synthetic data for training. This
makes GANs particularly attractive in radar HAR, where
annotated datasets are scarce and expensive to collect. To
address the instability of conventional GAN training, Qu et al.
[53] introduced a refinement with gradient penalty (WRGAN-
GP), achieving accuracies of 94.9-98.7% on both real and
synthetic datasets. Rahman et al. [54] proposed a physics-
aware multibranch GAN that integrated domain priors to
generate more realistic micro-Doppler signatures, improving
recognition robustness (89.2%). Liu et al. [68] developed a
semi-supervised Triple-GAN framework that incorporated a
classifier into the adversarial loop, allowing effective training
with only 10% labeled data and achieving 90% accuracy.
These studies illustrate how GANs not only augment data
but also enable label-efficient learning strategies, which are
particularly relevant for FMCW radar HAR where labeling ef-
fort is prohibitive. Across the studies, GAN-based approaches
typically report higher robustness than AEs, with accuracies
often exceeding 90-95% even under limited training data
(Table [VITI). However, they face challenges such as mode
collapse, instability, and the risk that synthetic data may not
generalize across domains.

Looking forward, hybrid models that combine the denoising
and latent representation strengths of AEs with the data gener-
ation power of GANs (e.g., VAE-GANSs), as well as diffusion-
based generative models, are expected to play a central role.
These could bridge the gap between reliable feature learning
and scalable data augmentation.

4) Transformers models: Unlike traditional sequential mod-
els such as RNNs and LSTMs, transformers rely on the self-
attention mechanism, which enables parallel input processing
and context-aware feature extraction across long sequences.
This design not only improves computational efficiency but
also allows transformers to capture complex dependencies
within FMCW radar data. Their ability to selectively attend
to relevant information across time, frequency, and spatial
domains makes them highly suited for human activity recog-
nition, particularly when range, Doppler, and angular features
must be modeled jointly.

Recent work has primarily adopted vision-transformer (ViT)
variants, often in combination with CNNs for low-level fea-
ture extraction. Gu et al. [57] integrated a Swin-Transformer
with an inverted residual module to extract spatial features
from micro-Doppler maps, achieving 99.2% accuracy across
seven activities. Kang et al. [91] proposed a spatial-temporal
point cloud transformer (ST-PCT), which operates directly
on unstructured point clouds without voxelization, obtaining
99.06% accuracy on the MM-Act dataset. It demonstrated
that transformers can process irregular radar representations
beyond spectrograms. Gu et al. [116] further advanced the de-
sign by combining CNN-based spatial encoding with a Swin-
Transformer temporal encoder, achieving 97.5% accuracy and
a relative gain of up to 14.8% over lightweight baselines. This
hybrid approach underscores a recurring trend: CNNs remain
effective for local pattern extraction, while transformers excel
at modeling global dependencies. Qu et al. [74] addressed
HAR in tangential motions exceeding 60°, where micro-
Doppler cues weaken. Their SCL-ST network leveraged Swin-
Transformer encoders to enhance local-global feature fusion,
improving recognition to 98.89% even under subtle motion
variations.

Table summarizes the performance of transformer-
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TABLE IX: Summary of studies utilizing transformer models.

Study Experimental Data

Performance Details

12 subjects, 7 designed activities, totaling 3,279

(571 023) | o

The proposed IR-ST model combines an inverted residual module to
extract spatial feature information from a micro-Doppler map and a
Swin-Transformer module that employs a self-attention mechanism to learn
timing feature information, achieving recognition accuracy at 99.2%

MM-Act dataset: Each person performs the action
0.8-1 m in front of the radar, 21 single persons
(including 16 males and 5 females), 9 designed
activities in place, a total of 15,627 samples.

[91] (2023)

ST-PCT proposed featuring a spatial neighbour embedding module, a
temporal and spatial attention mechanism, and an optimised attention
mechanism, achieving 99.06% accuracy on the MM-Act dataset without
voxelisation.

[116] (2024) Glasgow dataset.

RMPCT-Net used a CNN and a transformer for feature extraction of the
time-range map and micro-Doppler map. It has achieved an average
accuracy of 97.5%. Additionally, the model displays an average accuracy
increase of 1.3%-14.8% compared to traditional lightweight networks

The dataset was collected from an indoor laboratory,
consisting of five males and three females performing
six activities, and a total of 1500 data samples were
obtained.

[74] (2025)

SCL-ST network integrates the feature fusion, ST encoder, and SCL
framework, with single-channel micro-Doppler spectrograms and
dual-channel interferometric spectrograms as input. Achieve a recognition
accuracy of 98.89%.

based HAR systems, indicating consistently high accuracies
(95-99%) across diverse radar modalities. While the results
confirm the strong modeling capacity of transformers, several
insights emerge: (i) transformer—CNN hybrids currently out-
perform standalone transformer designs by balancing local and
global features; (ii) lightweight adaptations (e.g., FML-ViT)
remain necessary for edge deployment, given the high memory
and compute demands of self-attention; and (iii) transformer
robustness has been validated not only on micro-Doppler
maps but also on irregular point cloud data, highlighting their
versatility.

Overall, transformer models represent the latest evolutionary
step in deep learning for FMCW radar HAR. Their ability
to unify multi-domain representations makes them promising
candidates for real-world deployment, though future work
must address challenges in model compression, interpretabil-
ity, and generalization across domains.

5) Hybrid and Multimodal Fusion models: Hybrid models are
designed to address the limitations of CNN-RNN approaches
by combining different architectural strengths and exploiting
information from diverse data sources. They enhance the
ability to capture complex dynamics and improve performance
in real-world environments, particularly when labeled data are
scarce or the operating conditions are highly variable.

Collecting and labeling radar data for HAR is inherently
challenging, which has motivated the adoption of unsupervised
and self-supervised strategies. Compared with earlier sections
where AEs were mainly used for signal reconstruction, in
hybrid settings, they serve as part of a broader pipeline that
integrates discriminative models. For instance, Yao et al. [93]
developed an unsupervised fall detection system that first trains
a 3-D AE to reconstruct sequences of range-Doppler frames.
Bottleneck features from the encoder-decoder are then passed
into a DNN predictor to determine a fall threshold. This
approach eliminates the need for labeled fall samples and
achieves an accuracy of 95.54% with a false alarm rate of
1.07% across multiple environments and subjects.

Another direction leverages contrastive learning to improve
generalization. While micro-Doppler signatures are power-
ful for HAR, they are sensitive to aspect-angle variation,
which severely affects robustness. Qiu et al. [123] addressed

this by employing SimCLR [124], a CNN-based contrastive
framework, to learn transformation-invariant micro-Doppler
features. The learned embeddings were shown through t-SNE
visualization to cluster activities across different orientations,
supporting omnidirectional HAR. Other hybrid approaches
incorporate CNN modules with Transformers, such as IR-
ST [57] and RMPCT-Net [116], which integrate local con-
volutional features with global self-attention. Although these
studies were described in the Transformer subsection, they
are better understood here as hybrids since they explicitly
fuse CNN and Transformer components. Table [X] summarizes
representative studies on hybrid models.

In addition, radar signals contain rich characteristics that
cannot be fully expressed by a single domain of feature rep-
resentation. Exploring efficient ways to utilize radar features
from multiple domains has attracted considerable research
interest [101], [105]-[108], [113]. The main pipeline involves
extracting features from different domains using separate fea-
ture learning networks and then fusing the learned features
to make comprehensive final predictions, as illustrated in Fig.
[I0] Applying multimodal fusion offers two main advantages:
completing missing information from a single domain and
detecting relationships between two or more different domains.

In [106], latent representations of range-Doppler, range-
time, and micro-Doppler maps were extracted using three
pre-trained AE networks, which were subsequently fed into
an LSTM network for sequence modeling and prediction.
Similar approaches that synergistically exploit time-range-
Doppler features have also been observed in [101], [113],
where different feature maps were modeled using multi-branch
CNN-based architectures. These approaches have demon-
strated the superiority of multi-domain methods compared to
single-domain methods across multiple datasets, particularly
in complex situations such as random positions or occluded
environments.

In real-world situations, such as predicting activities from
arbitrary trajectories, angle information from MIMO radar is
also considered to provide spatial cues for the HAR system
[46], [69], [107], [108]. [46] investigated a fall detection
system utilizing range-Doppler and range-angle maps. Vari-




TABLE X: Summary of studies utilizing hybrid models.
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Study Experimental Data

Performance Details

[38] (2020) mmPFall dataset [38]

Used point cloud data and a hybrid variational RNN-Autoencoder to
identify anomalies in body motion, achieving 98% detection accuracy with
minimal false alarms.

Radar is 1.6 m from the ground with a scan range of
0-5 m, 21 subjects, 10 different real environments, 52
kinds of daily non-fall actions and 12 kinds of fall
actions, totaling 28,440 samples

[93] (2023)

Autoencoder proposed to extract range—velocity—time features+DNN
proposed predictor. The model is trained solely on unlabeled non-fall
samples, achieving an accuracy of 95.54%, a false alarm rate of 1.07%.

12 subjects, 7 designed activities, totaling 3,279

(571 023) |

The proposed IR-ST model combines an inverted residual module to
extract spatial feature information from a micro-Doppler map and a
Swin-Transformer module that employs a self-attention mechanism to learn
timing feature information, achieving recognition accuracy at 99.2%

The radar is set at point O1, the target is located 4 m
from the radar, which is set at a height of 0.8 m with a
0° pitch angle, and at point Oz, the target is 8 m away
from the radar, with the radar heights set at 0.5 m and
1.5 m, 6 designed activities, a total of 1,440 samples.

[123] (2024)

A stacked dual-path feature fusion network (SDP-Net) is designed for
omnidirectional human motion recognition by fusing micro-Doppler
features in the target motion direction. Its lightweight variants achieve
superior performance in activity recognition.

[116] (2024) Glasgow dataset.

RMPCT-Net used a CNN and a transformer for feature extraction of the
time-range map and micro-Doppler map. It has achieved an average
accuracy of 97.5%. Additionally, the model displays an average accuracy
increase of 1.3%-14.8% compared to traditional lightweight networks

ous feature fusion methods for improving overall accuracy
were examined, including prediction weighting, voting, and
ensemble learning. To address the issue of varying aspect
angles, Zhao et al. [69] introduced two point transformation
networks [127] to convert the multi-angle point cloud data
into a uni-angle format and classify the point cloud into
groups of activities. The output from the point module is then
combined with micro-Doppler spectrograms to serve as input
data representations for the AlexNet HAR classifier. Refer to
Table [XT| for additional details of multimodal fusion models.

6) Lightweight-Oriented and Efficient models: Deep learning
is inherently data-driven, yet the available datasets for HAR
with FMCW radar remain limited, and real-world deployments
often face resource constraints. A radar spectrogram can be
considered an RGB image. When using images as input,
a natural approach is to apply models designed for image
processing, which have achieved good results in HAR-based
radar tasks. One challenge in radar-based HAR is the small
number of samples in datasets, which makes it difficult for
the model to converge and may cause it to get stuck in a local
minimum [128], resulting in performance that may not match
that of image processing tasks. In addition, radar-based HAR
data is often collected in limited, controlled environments with
a restricted number of participants. Consequently, researchers
have proposed three complementary strategies to enhance
both efficiency and generalization: (i) simulation-based data
generation to mitigate data scarcity, (ii) domain adaptation and
transfer learning to address distribution mismatch, and (iii)
lightweight architectures tailored for low-latency deployment.
Key findings from studies related to these techniques are
presented in Table

In a different approach, [48] designed a human motion
synthesis tool that simulates raw radar data, completely elim-
inating the data collection process. The authors placed 21
virtual markers on a 3D humanoid character in animation soft-
ware and captured time-variant 3D trajectories of the markers.
These 3D marker trajectories are utilized by a geometrical 3D

indoor channel model to simulate diverse human activities.
The HAR system trained on this fully simulated dataset
yields a remarkable accuracy of 98.4% on real unseen data.
Additionally, [50] extended this simulation-based approach to
a 2x2 MIMO radar system for direction-independent HAR.

Since indoor radar signals are highly environment-
dependent, several studies have investigated effective ways to
adapt radar-based HAR systems to unseen domains [40], [49],
[58], [65], [66], [72]. Li et al. [40], [49] proposed adversarial
training frameworks to learn domain-invariant features and
then utilized transfer learning to leverage prior knowledge
from the source domain, allowing the system to generalize
to the target domain with limited labeled data. To effectively
learn category-discriminative features, [65], [66] employed
metric-learning frameworks to enable the system to discrimi-
nate features in a self-supervised manner.

7) Emerging Few-shot and Edge transformers: Data scarcity
remains a central bottleneck in FMCW radar-based HAR,
particularly when systems must operate in diverse real-world
environments where collecting large, labeled datasets is im-
practical and costly. Few-shot learning has therefore emerged
as a key paradigm, enabling deep models to generalize from
only a handful of annotated samples while reducing anno-
tation effort and improving adaptability. Chen et al. [98]
tackled the challenge of limited labelled radar data in real-
world scenarios by DSMFT-Net, which combines clustering
and contrastive learning to develop robust, domain-invariant
feature representations for few-shot HAR, achieving 93.3%
under 5-shot and 96.5% under 10-shot settings. Li et al. [49]
introduced supervised few-shot adversarial domain adaptation
(FS-ADA), enabling effective model training with limited data
from new scenarios by learning a common feature space and
optimizing through multitask generative adversarial training,
with 20 samples per class achieving 91.6% accuracy. Com-
plementary strategies, such as wavelet-based feature extraction
combined with micro-Doppler signatures [66], have further
demonstrated that few-shot approaches can maintain near
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TABLE Xl: Summary of studies utilizing multimodal fusion models.

Study Experimental Data

Performance Details

Including 4 datasets, the radar mounted in a wall
position at a height of 1.5 m, 1 subject, 4 designed
activities, totaling 83,536 samples

[106] (2022)

Multi-View CNN-LSTM architecture fuses multiple views of time-range
Doppler for human activity recognition. Using CNN to extract features
from various projections of the radar data cube, followed by LSTM
networks for sequence classification, achieving a Macro F'1 score of 74.7%

The radar was fixed at a height of 1.6 m above the

ground, 21 subjects, more than 50 different types of
non-fall actions, and 12 fall actions, totaling 12,720
samples

[46] (2022)

Utilizing CNN addresses challenges in fall detection in real-world
scenarios by employing ensemble learning to fuse features from multiple
signal maps, achieving a high recall of 0.983 and precision of 0.975 in
diverse environments.

Experiments were conducted in an office-like room
with tables, chairs, and cabinets. The radar set as 0.75
m in height, 8 subjects, 6 designed activities, totaling
2,239 samples

[69] (2022)

T-Net and PointNet using six intrinsic features—range, azimuth, elevation,
Doppler, received power, and time—by combining point clouds and
spectrograms. The orientation classification module provided very accurate
predictions with an accuracy of 97.5%, the Point Cloud (PC) classification
module achieved an average accuracy of 97.9%, while the spectrogram
classification module had a lower accuracy of 83.8%.

The radar is set as 2.5 m in height and slopes down
30°, 4 experimenters, 5 designed activities, totaling
24,000 samples

[108] (2023)

Focuses on a fall detection method using parallel 2DCNN-CBAM with
radar multidomain representations to reduce false alarms, achieving the fall
detection average accuracy of 96.7%.

[113] (2023) RadHAR dataset [125]

Combining a temporal feature extraction stream (TFES) and a spatial
feature extraction stream (SFES), utilizing a coordinates-based spatial
attention mechanism (CSAM) to enhance spatial feature extraction.
Achieving an accuracy of 97.10% on the RadHAR dataset.

Human Activity Data with a 5.8GHz FMCW Radar

[99] (2023) dataset [99]

Combine sparse theory and PointNet network with both operations in the
time-Doppler (TD) and range-Doppler (RD) domains. The TDSP method
and DRDSP method achieve an average accuracy of 95.0% and 98.0%

The indoor experiments are set in an empty room with
radar set as 1.2 m in height, 5 designed activities,
totaling 2,576 samples with one subject and 1,920
samples of two-person activity data

[107] (2023)

The Doppler, range, azimuth, and elevation features of the point clouds as
inputs were used to train a four-channel convolutional neural network
(CNN) classification model with channel attention, achieving accuracy
results of 96.09% for the indoor-MPAR task.

[105] (2024) Glasgow dataset

A novel lightweight multidomain multilevel fused patch-based learning
model (convolutional mixer) utilizing an early fusion of RGB color domain
information from 2-D radar representations, achieving an accuracy of
91.05%

Millimeter wave radar data of people walking dataset

[101] 2024) | 1)

POMEN model utilizes 3D convolutions in the earlier stages to capture the
information embedded in the sparse 3D TRD representation, and adds the
2D features corresponding to the range-time signature, range-Doppler map,
and time-Doppler signature (spectrogram), respectively. Achieving an
accuracy of 89.45% with a 3D TRD cube.

The radar was mounted on a stand at a height of
approximately 2.8 m above the ground ina 6 m x 5 m
indoor area, with 10 participants performing six
different types of activities from 12 different locations,
totaling 1,640 samples of point cloud data.

[87] (2025)

The point cloud input used for the multimodal feature fusion network
achieved an average recognition accuracy of 98.77%, which is superior in
computational efficiency compared to other networks such as 3D-GCN,
DGCNN, PointNet, and PointNet++.

Positioning the radar directly above the tester at
approximately 3 m from the ground, the dataset
comprised a total of 12 testers performing seven
actions sequentially, resulting in 10,005 samples.

[117] (2025)

MFECNet used both range-time maps and Doppler-time maps as inputs to
recognize fused features, achieving an overall accuracy of 99.67% on its
self-built dataset. Additionally, improvement of 1.62%-3.62% compared to
other models using the same Glasgow dataset.

The dataset was collected from 13 different
environments and included 16 volunteers, consisting of
13 males and 3 females, who performed four types of
falls and twenty types of non-fall motions, totaling
43,577 samples.

[112] (2025)

mm-Fall used angle-range maps to identify and locate multiple moving
targets. It can adapt to new domains and effectively distinguish falls from
non-fall motions, with an average recall of 96.9% and a precision of
99.6% in fall detection.

state-of-the-art accuracy (98.33%) with as few as 30 training
samples. Beyond data efficiency, recent work has begun to
explore edge-oriented transformer architectures, aiming to
reduce computational overhead while retaining the attention-
based modeling capacity of large networks. Ding et al. [70]
focused on efficiency, introducing FML-ViT, a lightweight
architecture using linear self-attention, which reached 95.1%
accuracy while reducing complexity compared to conventional
ViTs. Although still nascent, these approaches are critical for
enabling real-time HAR on resource-constrained edge devices.

Overall, as summarized in Table few-shot learning
frameworks consistently report accuracies above 90%, even
under highly limited training conditions. This demonstrates
their potential to close the gap between simulated and real-

world data, while also highlighting the need for future inte-
gration with lightweight edge transformers to ensure practical
deployment in latency- and energy-constrained environments.

D. What Public FMCW Radar Datasets Exist To Support
Reproducible Research?

Collecting data using radar requires considerable time and
effort, leading to a limited number of publicly available
datasets in HAR research. While previous publications [25],
[29]-[31] have mentioned some publicly available datasets
for various types of radar, none have comprehensively and
thoroughly compiled the publicly available datasets specif-
ically for FMCW radar. Therefore, in this section, we will
undertake the work outlined above by focusing on important
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TABLE XlI: Summary of studies utilizing lightweight-oriented and efficient models.

Study Experimental Data

Performance Details

[40] (2021) Glasgow dataset

Joint domain and semantic transfer learning (JDS-TL) utilizes a sparsely
labeled dataset to train the HAR model, achieving an average accuracy of
87.6% in recognizing six human activities with only 10% of the instances
labeled in the training dataset.

[65] (2021) Glasgow dataset

The transfer learning mechanism enables adaptation to new environments
without source data, utilizing a self-supervised labeling strategy combining
neighbor-aggregating and clustering methods to enhance label reliability for
target-specific feature extraction, achieving a mean accuracy of over 93%.

The simulated radar dataset consisted of a total of

[48] (2023) 1,200 samples of 5 activities

The simulation framework generates realistic radar signatures, thus
minimizing the need for large experimental datasets. The CNN model was
used, and an average classification accuracy of 94%.

The simulated radar dataset consisted of a total of

[50] (2024) 5,652 samples of 5 activities

Introduces a simulation-based approach to address the scarcity of radar
data for multiple input multiple output radar (MIMO), by synthesizing
human motion and generating spatial trajectories to create realistic MIMO
radar signatures. The simulation method on MoCap achieves a
classification accuracy of 97.83%.

Experiments were conducted in a 10 x 6 m area, setup
two different frequencies of radar for dataset
acquisition, 18 subjects, 6 designed activities, and a
total dataset of 2,160 samples.

[58] (2024)

The Heterogeneous Multi-source Transfer Learning (HMTL) method is
based on the Categorical Probability to obtain Hash Coding (CPHC)
algorithm for multivariate data selection in the radar micro-Doppler
signature domain, achieving a classification accuracy of 99.2%.

Proposed Dataset: The dataset contains ten scenarios
and 21 subjects performing 52 kinds of nonfall
activities and 12 kinds of fall activities, a total of
28,440 samples. Public Dataset: the Glasgow dataset.

[104] (2024)

The proposed method utilized a ResNet feature extractor to extract
domain-invariant features and a multilayer perceptron as a classifier for fall
detection to enhance generalization across different users and environments,
achieving high F1 scores of 97.47% and 99.49% on respective datasets.

The heights of the radar from the ground are 2.0 m
and 1.8 m in the five different scenes. A total of 40
subjects performed 28 activities divided into two
categories: sudden and soft falls.

[114] (2024)

Lightweight deep learning network used Range-time spectrograms for
real-time fall detection, achieving 99.63% accuracy in unseen subjects’ fall
detection.

The radar is mounted on a bracket at a height of 2.8m
above the ground in a Sm x 5 m indoor area, with 10
targets performing six distinct daily activity types, and
a total dataset of 3,600 samples.

[75] (2024)

PDHE-Net consists of a lightweight deep learning feature extraction
module, a parameter estimation module, and a classification module that
extracts deep features from the time-Doppler maps input. The result
achieved a recognition accuracy of 96.67% on the dataset.

Experiments were conducted in an office, 6 m x 10 m
x 3.2 m, and a hallway. The radar sensor is mounted
on a wooden pole approximately 1.2 m above the
ground, with 6 designed activities. 11 subjects were
instructed to perform the actions from various
positions and directions (e.g., 0°, 45°, 90°, 135°, 180°,
225°,270°, 315°), and a total dataset of 1,894 samples.

[72] (2025)

SST-DCN is a lightweight dilated convolutional network that extracts
spatial-aware, multi-scale spectro-temporal information through
multi-channels, achieving a classification accuracy of 90.72%. SST-DCN’s
accuracy is higher than AlexNet, VGG11, ResNet18, MobileNet V2, and
ShuffleNet V2.

[71] (2025) CI4R dataset.

RadSpecFusion model used a novel attention-based fusion architecture for
multi-radar human activity recognition, achieving 99.21% accuracy on the
validation set across 11 distinct human activity classes using the CI4R
dataset. The confusion matrix revealed minimal misclassifications (an error
rate of only 0.8%), occurring primarily between kinematically similar
activities.

[77] (2025) CI4R dataset.

RSA architecture employing adversarial training of the gradient reversal
layer and the auxiliary classifier generative adversarial network with
Micro-Doppler spectrogram input from radar datasets from three devices.
In a single-domain scenario, accuracy improves by at least 1.5% over the
baseline. Multidomain scenario, achieving approximately 97% accuracy
with three domains.

details such as the name of the dataset, the creation year, the
sensor hardware model/vendor, the data format, the FMCW
parameters, the antenna layout, the number of subjects, the
number of activities, the name’s activities, and the collection
environment, which can be seen in Table Fifteen pub-
licly available HAR datasets were identified between 2018
and 2025. Most datasets are provided in raw data format,
with additional formats including micro-Doppler spectrogram
images [62], [66], [119] and point clouds [38], [66], [125],
which enable advanced learning models to extract spatial and
temporal features more effectively. Depending on the type of
sensor, these datasets use FMCW radars with different center
frequencies, such as 5.8 GHz, 24 GHz, 60 GHz, and 77 GHz,
where 60 GHz and 77 GHz are the most prevalent due to

their fine range resolution and cost availability. Nearly all
datasets adopt a single-sensor setup, limiting spatial diversity,
with only a few employing two sensors or multi-environment
configurations [111], [118], which are essential for testing
model robustness in real-world settings. The number of human
subjects varies widely, from as few as 1 to as many as 99
subjects [118], with only five datasets exceeding 10 subjects,
raising concerns about model generalizability across different
body types and motion styles. The annotated activities largely
consist of daily actions such as walking, sitting, falling, squat-
ting, and bending. However, some datasets emphasize more
complex behaviors such as entering or leaving rooms [109],
seizure-like movements [129], or multi-frame fall events [94],
offering valuable scenarios for healthcare applications. Despite
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TABLE XIII: Summary of studies utilizing emerging few-shot and edge transformers models.

Study Experimental Data

Performance Details

[49] (2021) Glasgow dataset

Proposed supervised few-shot adversarial domain adaptation (FS-ADA)
enabling effective model training with limited data from new scenarios by
learning a common feature space and optimizing through multitask
generative adversarial training. Achieves an accuracy of 91.6% with 20
samples per class.

Human activity recognition with FMCW radar using

[66] (2023) few-shot learning datasets

Use wavelet transforms, background frame differences, and micro-Doppler
signatures for effective feature extraction, which was used in few-shot
learning, achieving 98.33% accuracy with only 30 training samples.

Self-Datasets: The dataset involves 15 volunteers
performing 6 distinct activities, resulting in a total
dataset size of 4,500. Open-Source Datasets: the CI4R
dataset.

[70] (2024)

FML-Vit is a lightweight image transformation algorithm with layer-wise
linear self-attention applied to micro-Doppler input. It achieves 95.1%
accuracy in activity recognition, which is higher than ten other algorithms
evaluated on two different datasets.

The radar was positioned in an area of 2 m in width
and 4.1 m in length, with eight volunteers (5 males
and three females) performing six types of activities.

[98] (2025)

DSMFT-Net is a dual-input network that combines preprocessed simulated
radar Doppler spectrograms and measured radar Doppler spectrograms. The
core challenge addressed is the scarcity of labeled radar samples and stark
disparities in data distribution between simulated and measured activity
domains, with an average accuracy of 93.3% under a 5-shot setting and
96.5% under a 10-shot setting across six human activity recognition tasks.

their utility, most datasets are captured in controlled indoor
environments with subjects performing tasks in front of the
radar, limiting the domain variability and thus the transferabil-
ity of trained models. Notably, only one dataset includes data
from eight distinct environments [118], underscoring a lack
of environmental diversity in current public datasets. In the
articles analyzed, while deep learning models trained on these
datasets exhibit promising results in terms of classification

accuracy within the training domain, performance degrades
significantly when applied to unseen users, sensor positions,
or dynamic environments. Due to the scarcity of large datasets,
models have difficulty extracting domain-invariant features.
Therefore, future datasets should increase the number of
samples, participants, and environmental diversity to promote
more generalization and robustness of HAR models.

TABLE XIV: Technical specifications of the publicly available datasets.

Sensor
Hardware
Model/Vendor

FMCW
Parameters

Data

Dataset Format

Year

Antenna
Layout

No. of
Sub-
jects

No. of

Activities Env

Name’s Activities

Fc=77GHz,
B=1.5GHz,
Tc=256us,
Fs=2GHz,
Ns=256,
Nc=256

Industrial
Radar Systems
GmbH

Raw

[130] data

2018

SISO 5 1

Walking 2

Fc=5.8GHz,
B=400MHz,
Tc=1ms,
Fs=N/A,
Ns=128,
Nc=N/A

Raw

[118] data

2019 Ancortek

SISO 99 6

Walking, sitting down,
standing up, pick up an 8
object, drink water and fall

Fc=77GHz,
B=N/A,
Tc=2564us,
Fs=N/A,
Ns=160,
Nc=256

Raw

[109] data

2019 | INRAS GmbH

SISO 9 6

Entering room, leaving
room, sitting down,
standing up, clothe,
unclothe

Fc=77GHz,
B=4GHz,
Tc=N/A,
Fs=N/A,
Ns=N/A,
Nc=N/A

IWR1443
Texas
Instruments

Point

[125] clouds

2019

MIMO 2 5

Walking, Jumping, Jumping
Jacks, Squats, Boxing
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Fc=77GHz,
B=3.072GHz, Other behavior, walking,
AWR1642 Point Tc=N/A, falling, swinging hand for
[129] 2019 Texas loud 5 MIMO 6 6 hel . )
Instruments clouds Fs=2.5MHz, elp, seizure, restless
Ns=128, movement
Nc=256
Fe=60GHz, Lo walkin it b
AWR1642 Raw 1,?,:3166(51{5’ inside pockets, walking
[126] 2020 Texas data Fs—_IOMlIfIz’ MIMO 29 6 with a metallic bottle under
Instruments I\?s—SIZ ? the jacket, walking with a
Nc_—l 28’ limp, walking at slow
- speed with swinging hands
Walking towards the radar,
SDR-Kit 24GHz picking up an object from
Ancortek Raw radar: the ground, sitting on a
(24GHy radar) data, Fc=24GHz, chair, crawling towards the
[119] 2020 IWR 1443 ’ micro- B=1.5GHz; SISO 6 1 radar, walking on both toes,
Texas Doppler 77GHz scissor gait, walking away
Instruments spectro- radar: from the radar, bending,
(77GHz radar) gram Fc=77GHz, kneeling, limping with right
B=750MHz leg stiff, walking with short
steps
Fc=77GHz, .
B=1.92GHz. Randomly walking, forward
AWR1843 Point To=N/A fall, backward fall, left fall,
[38] 2020 Texas B i MIMO 2 9 right fall, sitting down on
I clouds Fs=2MHz, .
nstruments Ns=128 the floor, crouching,
N(?: 6 4 bending, jump
Walk to room, fall on the
ch=g(7)gHz goor, Stallf up {lrorn the
an Hz, oor, walk to chair, sit
fval;g;ii, Raw B=4GHz, down on chair, stand up
[111] 2022 Texas data Tc=80pus, MIMO 9 14 from chair, walk to bed, sit
Instrum;:nts Fs=5MHz, down on bed, stand up
Ns=93, from bed, get in bed, lie in
Nc=128 bed, roll in bed, sit in bed,
get out bed
Nanjing Fc=5.8GHz,
University of B=320MHz, Falling, jumping, jogging
Science and Raw Tc=3.3ms, et > >
[99] 2022 Technology data Fs=NJ/A., MIMO 16 6 :vzﬂ;lgrgl, stepping, and
and Texas Tech Ns=N/A, ! g
University Nc=N/A
Fc=77GHz,
TWR 1443 I e Bow. boxing, hand up, fall
[66] 2023 Texas _ ’ MIMO 7 8 down, walk, squat, sit,
Instruments Doppler Fs=N/A, stand
Ns=128,
Nc=128
Fc=24GHz,
B=170MHz,
Position2Go Raw Tc=300us, SISO, Handwaving, walking,
[96] 2023 Infineon data Fs=N/A, MIMO 2 3 running
Ns=64,
Nc=64
Fe=24GHz, gt o
B=400MHz, p1L‘labbin y standing’ u
[131] | 2024 | Simhumalator | Raw Te=lms, | g190 1 T Sitting down. standing to
software [132] data Fs=N/A, . .
walk, walking to sit,
Ns=128, alking to fall, and fallin
Ne=N/A warking ’ &
to walk
Fc=60.25GHz
B=3.6GHz
IWR6843 - ’ . . .
[94] 2024 Texas l;aw Tc_—6160u8, MIMO 10 5 Bendlpg, falhlrll(g, sitting,
Instruments ata F;I— 1\1/12P€I;z., squatting, walking
s=128,

Nc=128
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Fc=77GHz,
B=2998.2MHz
IWR1843 . ’
micro Tc=N/A,
[62] 2025 Ins;l;i):sZnts Doppler | Fs=10MHz,
Ns=128,
Nc=255

SISO 10 6

Bending; falling; jumping;
punching; jogging; and 1
walking

N/A: Not available; Fc: Center freq; B: Bandwidth, Tc: Chirp duration; Fs: Sample freq; Ns: Samples per chirp; Nc: Chirps per frame
SISO: Single-Input Single-Output ; MIMO: Multiple-Input-Multiple-Output

Table presents an overview of the publicly available
datasets employed in the analyzed literature to train, test, and
evaluate deep learning models in FMCW radar-based HAR.
Among the 15 identified datasets ranging from 2018 to 2025,
the dataset from Fioranelli et al. [118] stands out as the most
widely adopted, referenced in 22 articles, reflecting its compre-
hensive activity set and diverse environmental scenarios. This
dataset’s size is 1.9 GB, and its raw data format facilitates
feature extraction, aligning well with the demands of multi-
domain learning frameworks. The mmFall dataset [38], despite
its compact size (453.92 MB), is less frequently employed,
appearing in only two studies. Several large-scale datasets,
such as PARrad [111] (809.6 GB) and CI4R [119] (86.8
GB), offer rich, multi-environment data conducive to improv-
ing model robustness and generalization, yet their utilization
remains relatively low, indicating barriers possibly related to
environment setup and processing complexity. Notably, some
foundational datasets like IDRad [130] and the Multiple Pa-
tients Behavior Dataset [129] remain underexplored in recent
literature, revealing gaps in dataset adoption and potential
opportunities for broader evaluation. The predominance of
raw data formats, alongside micro-Doppler spectrograms and
point cloud representations, supports the extraction of invariant
and discriminative features crucial for addressing variability
in real-world human activities. To aid further research, direct
download links to these datasets are provided, ensuring acces-
sibility and encouraging experimentation with datasets within
the community.

IV. DISCUSSION
A. Challenges

Answering the research questions in the previous section
confirms that deep learning-based HAR with FMCW radar has
advanced significantly between 2018 and 2025. Nonetheless,
the field faces persistent obstacles that constrain scalability
and real-world deployment, as detailed below.

Limited Dataset Size and Diversity: Most studies rely
on small, homogeneous datasets, which undermines model
generalizability in unseen environments or with diverse users
[37], [41], [48], [50], [52], [62], [95]. Only a few datasets, such
as those in [66], [111], [118], [119], [126], include sufficient
variation in subject demographics or environmental settings.
By contrast, many collections remain restricted to a few class
labels and participants [37], [48], [52], [96], [129], [130].
This imbalance reinforces the need for large-scale, publicly
available datasets with broader contextual diversity.

Difficulty in Distinguishing Similar Activities: Deep models
often struggle to discriminate between activities with similar

micro-Doppler spectrograms (e.g., bending to pick up an
object versus drinking water, or falling versus fall-like actions)
[671, [73], [95], [133]. The subtle spectral differences are
challenging to detect without domain-robust feature represen-
tations. This limitation underlines the demand for better feature
extraction and model architecture to detect slight differences
between similar activities. Recent efforts leveraging multi-
modal fusion or attention-based feature learning [46], [66],
[108], [128] represent initial steps but remain insufficient for
high-fidelity recognition in real-world conditions.
Environmental Interference and Signal Noise: Radar per-
formance deteriorates in cluttered or uncontrolled environ-
ments due to multipath propagation and reflective noise [54],
[60], [103], [134]. While denoising methods such as adaptive
filtering [39], [56]-[58], [60], [115] offer partial solutions,
maintaining consistent accuracy across heterogeneous scenar-
ios remains unresolved. Real-time temporal-spatial denoising
and domain adaptation strategies are promising but not yet
mature.

Computational Complexity and Real-Time Constraints:
State-of-the-art networks, including CNN-RNN hybrids and
3D-CNN:s, often impose prohibitive computational costs that
hinder edge deployment [48], [52], [60], [66], [67], [99], [101],
[106], [117]. Although lightweight alternatives and efficient
model compression techniques [70], [72], [78], [98] have
been proposed, balancing latency, energy consumption, and
accuracy remains a critical challenge.

B. Future Research

Despite encouraging progress, the limitations identified
above restrict large-scale translation of FMCW radar HAR
into practical systems. Future research must therefore concen-
trate on addressing data scarcity, recognition robustness, noise
resilience, and algorithmic efficiency. We outline four strategic
directions:

Data Augmentation and Expanding Datasets: Increasing the
diversity of subjects, activities, and environmental conditions
is vital to cultivate generalizable models [50], [51], [66],
[104], [106]. Comprehensive datasets such as Radar signatures
of human activities [118], Human activity recognition with
FMCW radar using few-shot learning Datasets [66], PARrad
[111], and CI4R [119] demonstrate the utility of broader
environmental scenarios and multi-user configurations. Future
initiatives should prioritize scale, accessibility, and standard-
ized benchmarks.

Enhancing Recognition Accuracy for Similar Actions:
Concerning activities with closely aligned micro-Doppler sig-
natures, such as actual falls versus fall-like motions, remains
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TABLE XV: Summary of publicly available FMCW radar datasets for HAR.
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Dataset Size SNO' of Articles Utilized Download Link Highlights
amples Dataset
Built a solution to Automatic indoor
IDRad [130] 15.7 GB 1,490 [130] IDRad person identification using gait
features.
[371, [40], [43], [45],
[49], [51], [53], [58], Provide a dataset for the development
Radar signatures of human [59], [62], [65], [67], and evaluation of feature extraction
acgvities [118] 1.9 GB 1,754 [68], [80], [83], [93], Glasgow and classification algorithms for
[101], [102], [104], human activities.
[105], [113], [116]
HARrad [109] 274 GB 1,505 [109] HARrad Develop for the HAR.
Make use of sparse and
RadHAR [125] 881 MB 15,635 [89], [95], [113] RadHAR heterogeneous point clouds for
accurate HAR.
. . . Assist in simultaneously recognizin
Multiple Patients Behavior 1052 MB 105,423 [129] Behavior multiple patients’ behaiors by
Dataset [129] d . .
etecting the scattered point cloud.
Millimeter wave radar data of Part 1: Recordl Evaluate different ways of walking of
people walking [126] 2757 GB 1,600 (rot] Part 2: Record2 people for human gait recognition.
CI4R [119] 36.8 GB 9.900 [62], [70], [71], [77], CI4R Monitqr activities of dail.y living and
[83] recognize ambulatory gait.
Identify a human fall via point cloud
mmFall [38] 453.92 MB N/A [38], [83], [93] mmFall data
PARrad [111] 809,6 GB 21,569 [111] Parrad Resolve an issue for automatic HAR
in hospital rooms.
Human Activity Data with a Establish a radar-based system for
5.8 GHz FMC%/V Radar [99] 263 GB 1,440 761, [99] DataHAR monitoring human activit}i/es.
Human activity recognition . .
with FMCW radar using 6.37 MB 2,520 [66] Fewshot fl‘lnf(’)lreiiﬁf;‘tfgr‘e;zvgbh‘” learning
few-shot learning Datasets [66] g :
Multiple Individual Human Recognizing human activities in
Activity Recognition Using 177 MB 3,455 [96] Multiple multi_subjective environments
Microwave FMCW Radar [96] :
Enhance human activity classification
FMCW radar dataset [131] 10.49 GB 19,800 [131] FMCWdataset utilising micro-Doppler signatures
with the effects of noise.
FallDetection-base-on-FMCW 17 GB 4.620 [94] FallDetection Designs a_continu(_)us fallhdetection
[94] system using multiframe input.
Provides a comprehensive foundation
I+ Lab RadSet v1 [62] 29.46 MB 4,120 [62], [83] RadSet to evaluate networks that can detect
falls and daily activities.

N/A: Not available

a nuanced challenge. Recent works [66], [66], [68], [72], [93],
[103], [104] have begun exploring advanced feature extraction
and few-shot learning techniques to amplify subtle discrimina-
tive cues, thereby significantly elevating classification fidelity
in complex contexts.

Noise Reduction: Robust noise suppression methods tailored
to minimize environmental interference. Adaptive filtering and
signal enhancement methods [39], [56]-[58], [60], [92], [115]
provide early solutions, but further progress will depend on
combining denoising with cross-domain adaptation to preserve
invariance across different radar setups.

Algorithm Enhancement: Advancing algorithmic efficiency
by reducing model complexity without sacrificing recognition
power represents a vital step toward practical deployment.
Lightweight architectures capable of efficiently parsing spec-
trally similar activities, as investigated in recent studies [40],
[571, [64], [70], [72], [98], [114], [116], [123], will enable
minimizing the parameters of deep learning models, saving
resources, and be adaptable to diverse feature domains.

V. CONCLUSION

Human activity recognition (HAR) systems have been re-
garded as a critical research frontier, especially within health-
care domains such as elderly monitoring in clinical and inde-
pendent living settings. This paper has presented a systematic
PRISMA-based survey of deep learning methods for HAR
using FMCW radar, guided by four research questions span-
ning state-of-the-art approaches, signal processing techniques,
model evolution, and dataset availability. Focusing on FMCW
radar’s capacity to simultaneously capture range, Doppler,
and angular information demonstrates its effectiveness as a
sensing modality, with micro-Doppler signatures standing out
as the most informative descriptors of human activity. Our
synthesis highlights the progression from CNNs and RNNs to
autoencoders, hybrid frameworks, and multi-domain strategies,
reflecting a clear trend toward improved recognition perfor-
mance and robustness. Furthermore, the review catalogues
publicly available FMCW radar datasets, enabling standard-
ized benchmarking and comparative evaluations. Although
considerable progress has been achieved, significant challenges
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remain, including the need for scalable datasets, distinguish-
ing highly similar activities, meeting real-time computational
constraints, and ensuring robustness in cluttered environments.
Looking ahead, this survey underscores the importance of
creating large-scale open datasets, advancing lightweight deep
models for edge deployment, and integrating robust noise sup-
pression strategies. Addressing these challenges will accelerate
the transition of FMCW radar-based HAR from controlled
experiments to reliable real-world applications.
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