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Abstract—Sensing technology plays a crucial role in bridging
the physical and digital worlds. By transforming a multitude of
physical phenomena into digital data, it significantly enhances
our understanding of the environment and is instrumental in
a wide range of applications. Given the wide bandwidth and
short wavelength characteristics, millimeter wave (mmWave)
radar sensing is considered one of the most promising sensing
techniques beyond mmWave communication. In this paper, we
provide a comprehensive survey of mmWave radar-based sens-
ing techniques and applications in autonomous vehicles, smart
homes, and industry. Specifically, we first review widely exploited
mmWave radar techniques and signal processing techniques
from the perspective of dedicated radars and communication
integration, which are the basis of mmWave radar sensing. Then,
we introduce mainstream machine learning techniques, especially
the latest deep learning techniques for designing applications
with mmWave signals. Related hardware devices, available public
datasets, and evaluation metrics are also presented. Afterward,
we provide a taxonomy of emerging mmWave radar sensing
applications, and review the developments in object detection,
ego-motion estimation, simultaneous localization and mapping,
activity recognition, pose estimation, gesture recognition, speech
recognition, vital sign monitoring, user authentication, indoor
positioning, industrial imaging, industrial measurement, environ-
mental monitoring, etc. We conclude the paper by discussing
challenges and potential future research directions.

Index Terms—Millimeter wave radar, wireless sensing, radar
signal processing, deep learning, autonomous vehicle, smart
home, industry.

I. INTRODUCTION

NOWADAYS, sensing technology has emerged for mea-
suring various physical, environmental, or biological

phenomena by specialized sensors. By analyzing the measured
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phenomena, sensing technology provides the understanding,
control and interaction with the real world. Many sensing
technologies including vision, wearable devices and wireless
signals have been extensively exploited in Internet of Things
(IoT) scenarios, among which millimeter wave (mmWave)
radar sensing is considered one of the most promising
solutions.

A. Overview of mmWave Radar Sensing

Millimeter wave radar sensing technology leverages mod-
ulated signals to sense and reveal environmental information.
The signals typically operate at the frequency range of 30
to 300 Gigahertz (GHz) and are originally exploited to
enable high rate, ultra-reliable, and low latency wireless
communications [1], [2], [3]. Along with its properties in
wide bandwidth, millimeter wavelength, and small physical
size antenna array, mmWave has brought new functions of
sensing beyond wireless communications. A typical mmWave
radar is built with a transmit antenna array and a receive
antenna array. The transmit antenna array continuously emits
modulated mmWave signals to the environment. The signals
propagate through the environment and are then reflected
by environmental objects, which are finally received by the
receive antenna array. Through analyzing the reflected signals,
the radar can reveal spatial and temporal information about
the objects, enabling contactless and passive sensing for the
environment. The sensing capability is mainly derived from
frequency-modulated continuous-wave (FMCW) techniques,
which has been a critical focus and supported several com-
modity mmWave radars (e.g., Texas Instruments (TI) mmWave
radar sensors [4]).

Sensing with mmWave radars has many advantages.
Compared to the attached or built-in sensors, the contactless
sensing manner provides a nonintrusive user experience for
humans and low deploying costs for devices. mmWave radars
work in complex weather conditions and some none-line-
of-sight (NLOS) scenarios with practicable sensing ranges,
which releases the strict requirement of cameras and lidars
in complicated situations. mmWave radars enable a higher
spatial resolution compared to commodity WiFi, RFID and
acoustic signals owing to small wavelengths. In addition, with
the gradual attention to personal privacy, mmWave radars can
alleviate privacy concerns that vision technologies could bring
about. Given these properties, mmWave radars have become
promising enablers for a variety of sensing applications far
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beyond traditional radar scenarios, covering autonomous vehi-
cles, smart homes, industry, etc. In autonomous vehicles,
mmWave radars are one of the most common tools for obstacle
detection and motion estimation, which contributes to the
gradual maturity of autonomous driving. In smart homes,
activity and gesture recognition based on mmWave radar can
offer an “in-air” human-computer interaction for virtual reality
(VR) applications. In manufacturing industry, mmWave radars
act as important sensors that can measure physical phenomena
with high resolution and low cost. The application scenarios
have given rise to the surge of research studies in the recent
decade.

B. Related Surveys of mmWave Radar Sensing

There have been several recent surveys related to mmWave
radar sensing. Davoli et al. [5] provided an overview of
machine learning and deep learning techniques in multi-input
multi-output (MIMO) radar sensing. The survey first intro-
duced colocated MIMO radar techniques. Then, it presented
machine learning and deep learning techniques with case
studies and technical details. The numerical results based
on both synthetically generated and experimental datasets
were also illustrated. Abdu et al. [6] studied deep learning
approaches in mmWave radar-based detection and classifica-
tion in autonomous driving. The survey first gave an overview
of radar techniques and deep learning methods. Afterward, it
focused on the detection and classification of radar signals
using deep learning techniques. It also presented multi-sensor
fusion technologies of radars and cameras. The related datasets
are also introduced in the survey. Shastri et al. [7] gave
a survey of device-based localization and device-free sens-
ing using mmWave communications and radars. It reviewed
mmWave signal propagation and system design, detailing
approaches, algorithms, and applications for mmWave local-
ization and sensing. The survey then introduced device-free
human sensing using mmWave radars. Peng and Li [8]
focused on radar-based localization and life-tracking works.
The survey first briefly introduced FMCW radar techniques,
and then paid attention to the emerging applications in human
sensing and automobiles. Venon et al. [9] surveyed automotive
applications of recognition and localization based on mmWave
radars. The survey first described mmWave FMCW radars
with working principles and challenges, and then presented
data processing methods and learning techniques. Afterward,
it reviewed the applications in perception, recognition and
localization of automotive scenarios. Fan et al. [10] reviewed
4D mmWave radar techniques and presented the developments
in target detection and tracking for autonomous driving with
4D mmWave radars. Wei et al. [11] presented a review of
fusion technologies of mmWave radars and vision in objective
detection. The paper first introduced the tasks, evaluation
criteria, and datasets of object detection in autonomous driv-
ing. Then, it divided mmWave radar and vision fusion into
three types, and introduced mainstream applications in object
detection driven by sensor-fusion techniques. Pearce et al. [12]
discussed multi-object detection works based on mmWave

radars. The survey first presented a typical tracking system
architecture based on mmWave sensing. Then, it introduced
technologies and methodologies in mmWave tracking systems.
Afterward, multi-object tracking studies were reviewed in
the paper. Coluccia et al. [13] presented a review on drone
detection techniques and applications driven by radars. The
survey first introduced the basic theory of radar signal pro-
cessing. Then, it gave a lot of space to introduce FMCW
radar-based drone detection, drone verification and drone
classification. Patole et al. [14] surveyed signal processing
techniques of automotive radars including mmWave radars.
The surveys [15], [16], [17] reviewed vital sign monitoring
works especially human respiration and heartbeat activities
based on radars. The authors in [15] first introduced radar
system topologies and architectures. Then, the effect of trans-
mit power and operational frequency on radar design was
studied. Afterward, practical non-contact vital sign moni-
toring was presented, especially in multi-resident scenarios.
Similarly, the survey [16] introduced continuous wave Doppler
radars and presented the principles that support vital sign
monitoring. Then, it reviewed the technical advancements and
emerging applications in radar-enabled healthcare monitoring
and several other applications. Another recent survey [17]
explores human anatomy and various measurement methods.
Next, four mmWave-based vital sign sensing signal models are
introduced, with deep learning technologies and related studies
reviewed. The literature [18], [19] focused on a common
daily human-centric application, i.e., gesture recognition, and
presented surveys on radar-based gesture recognition works.
The survey [18] first described hand gesture signal acquisition
based on radars. Then, it reviewed the signal representation
for hand gestures and presented hand gesture recognition
algorithms, in which recent related studies were reviewed.
The survey [19] of the same topic reviewed existing ges-
ture recognition applications and focused on FMCW radar
gesture recognition systems. It gave a general framework of
gesture recognition, including gesture data acquisition, signal
preprocessing, gesture recognition algorithm and classification
results. The applications of coarse-grained and fine-grained
granularity were analyzed. Another survey [20] presented
human activity recognition techniques especially deep learning
methods based on radars. It first introduced deep learning
techniques and radar systems. Then, it gave a large space to
present deep learning approaches for human activity recog-
nition in radars. van Berlo et al. [21] reviewed application
pipelines and building blocks of mmWave radar sensing. The
survey first introduced its review methodology that shows
how the related studies are surveyed. Next, the application
pipelines for radar-enabled sensing systems were given, with
an integration of recent applications in automobiles and human
sensing. A more recent survey [22] studied mmWave-based
human sensing, i.e., the technology and applications related
to human tracking, recognition, measurement, and imaging.
It first introduced the platforms of mmWave radar sensing.
Then, it presented techniques in signal processing and feature
extraction. Next, it reviewed the applications in human sensing
scenarios.
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TABLE I
COMPARISON AND SUMMARY OF RELATED SURVEYS ON MMWAVE RADAR SENSING

Different from existing literature, our focus is to present
mmWave sensing techniques covering a wide range of dif-
ferent application scenarios, including autonomous driving,
smart home, and industry. An in-depth analysis of techniques
and the insightful relation between techniques and applica-
tions are given (the existing surveys focus on either specific
techniques [5], [6], [7] or only technical pipelines [21]).
Our survey elaborates on hardware devices, available public
datasets, and common evaluation metrics, which guide the
implementation of sensing systems. Our survey presents a
taxonomy basis of emerging mmWave radar sensing appli-
cations and gives broad visions of current research works
in autonomous vehicles, smart homes, and industry. This is
different from existing surveys that cover specific application
scenarios [5], [6], [7], [8], [9], [11], [12], [13], [14], [15], [16],
[18], [19], [20], [21], [22], [17]. Our survey discusses several
challenges and future tendencies. Especially, the large lan-
guage model (LLM)-aided sensing with mmWave, is discussed
with potential directions in data synthesizing and physical
comprehension.

Particularly, compared to the work [21], our survey reviews
mmWave radar-based industrial sensing scenarios, covering
three fields of industrial imaging, industrial measurement,
and environmental monitoring. Our survey reviews mmWave
radar sensing techniques from the perspective of dedicated
radars and communication integration. Our survey presents
a thorough collection of mmWave radar devices and also
gives our insights and solutions on LLM-aided sensing with
mmWave. Compared to the recent survey [22], our sur-
vey covers more extensive application scenarios including
not only human sensing but also automotive and industrial
applications, which makes much of the content different.
Our survey provides techniques from another perspective of
communication integration. Our survey gives an application
taxonomy for emerging applications to provide the basis for
application classification. Our survey presents more details
(e.g., evaluation metrics) in mmWave sensing design and gives
our insights on LLM-aided sensing.

The comparison between this survey and recent related
surveys is summarized in Table I.
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C. Scope and Organization

The paper provides a comprehensive survey of mmWave
radar sensing techniques and applications. It begins with the
building blocks, which encompasses mmWave radar tech-
niques, signal processing techniques, and machine learning
techniques. Specifically, the widely exploited mmWave radar
techniques and signal processing techniques that fundamen-
tally support sensing capability are first introduced from the
perspectives of dedicated radars and communication inte-
gration. Mainstream machine learning techniques, especially
the latest deep learning approaches, are then presented for
designing mmWave radar sensing applications, in which our
understanding and insights are given. Afterward, this paper
presents related hardware devices, available public datasets
and evaluation metrics. Then, an elaborated taxonomy of the
emerging mmWave radar sensing applications is introduced
covering autonomous vehicles, smart homes and industry.
Based on the application taxonomy, this paper reviews a
multitude of studies for these applications: object detection,
ego-motion estimation, simultaneous localization and map-
ping (SLAM), activity recognition, pose estimation, gesture
recognition, speech recognition, vital sign monitoring, user
authentication, indoor positioning, industrial imaging, indus-
trial measurement, environmental monitoring, etc. Finally,
this paper discusses the challenges of existing studies and
prospects for potential future research directions in integrated
sensing and communication (ISAC), LLM-aided sensing, envi-
ronmental noise, and training efforts. The main contribution
of the survey paper is summarized as follows.

• To bridge the physical and digital worlds, mmWave
radar sensing technology comes into being to enable
a nonintrusive and low-cost sensing mode, which has
yielded a number of applications among different fields.
In this survey, we provide a comprehensive review of
mmWave radar sensing in autonomous vehicles, smart
homes and industry.

• We study mmWave radar and signal processing tech-
niques from the perspective of dedicated radars and
communication integration. We review advanced machine
learning techniques and elaborate on the insightful rela-
tion between techniques and applications.

• We conduct a comprehensive review of mmWave radar
devices, datasets, and evaluation metrics. The introduc-
tion of the three aspects helps to select devices, utilize
public datasets, and apply evaluation metrics for a conve-
nient implementation and reproduction of mmWave radar
sensing.

• We review the emerging applications of mmWave radar
sensing and provide a taxonomy basis for a wide range
of application scenarios in autonomous vehicles, smart
homes, and industry. We conduct a comprehensive survey
on related studies of the applications.

• We review current research efforts in solving practical
challenges, and present our insights and solutions for
future tendencies. Especially for the incoming LLM
period, we give our insights into LLM-aided mmWave
radar sensing.

The overall structure of the paper is shown in Fig. 1.
In this paper, mmWave radar techniques are first presented
in Section II. Section III introduces the widely exploited
techniques of mmWave signal processing. Then, mainstream
machine learning techniques especially the latest deep learning
techniques in designing sensing applications are exhibited in
Section IV. Section V introduces related hardware devices,
public datasets and evaluation metrics. Then, this paper
presents a taxonomy of mmWave radar sensing applications in
Section VI, and gives broad visions of research works based
on the taxonomy in Section VII. Finally, the current technical
challenges and potential research directions are discussed in
Section VIII, and the survey paper ends with a conclusion in
Section IX.

II. MMWAVE RADAR TECHNIQUES

To realize sensing, a mmWave radar first transmits signals to
sense environments and captures objective information. Signal
modulation, transmission, reception and processing are the
main contents of mmWave radar techniques. In this section, we
first review frequency-modulated continuous-wave (FMCW)
techniques [23], and introduce range estimation and velocity
estimation enabled by FMCW techniques. We then present
angle estimation and time-division multiplexing-multiple input
multiple output (TDM-MIMO) techniques. Afterward, we
review integrated sensing and communication (ISAC) signal
design techniques.

A. Frequency-Modulated Continuous-Wave (FMCW)

FMCW techniques leverage modulated pulsed waves to
sense environments and capture objective information. They
are able to differentiate small distances due to the millimeter-
level wavelengths, which provide high-resolution range and
velocity estimation capability. The signal processing after
mixing is performed at a low-frequency range, consider-
ably simplifying the realization of the processing circuits.
These properties have boomed FMCW techniques extensively
exploited by the communities and occupy the current market.

FMCW techniques extend the capability of traditional con-
tinuous wave radars. Radars based on FMCW techniques can
detect close objects with the minimum measurable distance
equal to the wavelength while ensuring high measurement
accuracy. With FMCW techniques, radars can estimate the dis-
tance and relative velocity of target objects. FMCW techniques
modulate the transmitted mmWave signal into continuous
waves with varying frequencies. The modulated wave signal
operates in a frequency that changes linearly with time, which
is also known as a linear frequency modulated pulse, i.e., a
chirp. The frequency of a chirp can be defined as

f (t) = St + fc , (1)

where f (t) is the frequency, S is the slope of the chirp, t is
time, and fc is the start frequency. The slope S of the chirp is
determined by

S =
B

Tc
, (2)
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Fig. 1. An overall structure of the survey paper.

Fig. 2. An example of a chirp frame, where each chirp has a bandwidth B,
duration Tc , slope S, and starting start frequency fc .

where B is the bandwidth of the chirp and Tc is the duration
of the chirp. mmWave radars usually transmit a number of
equally-spaced chirp signals as a frame for sensing, as shown
in Fig. 2.

A mixer is applied to combine transmitted signal and
received signal to create a new signal. For the two sine signals
denoted by x1 and x2, we have

x1 = sin(ω1t + φ1), (3)

x2 = sin(ω2t + φ2), (4)

where wi and φi are the angular velocity and initial phase of
the i-th signal respectively. The output signal of the mixer is

xout = sin((ω1 − ω2)t + (φ1 − φ2)), (5)

which is also known as intermediate frequency (IF) signal [24].
Therefore, the generation process of FMCW radar signals

can be summarized as follows. First, a mmWave radar gen-
erates a chirp frame, which is emitted by transmit antennas.
Then, the chirp frame is received by the receive antennas
after being reflected by environmental objects. Finally, a mixer
mixes the transmitted signal and received signal, and outputs
the IF signal. With the IF signal, mmWave radars can further
process the data to estimate different physical quantities, such
as the range and velocity of objects, which enables basic
sensing functions.

B. Range Estimation

Range estimation is one of the basic functions of mmWave
radars. Assume an object is located at a range d from a radar.
As shown in Fig. 3, a transmitted chirp signal is reflected
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Fig. 3. The Tx signal and Rx signal are mixed to generate IF signal, which
has a delay τ and constant frequency fIF .

by the object and arrives at the receive antennas with a time
delay. The frequency of IF signal is the difference between
the transmitted signal and received signal. Hence, we have

τ =
2d

c
, (6)

S =
fIF
τ

, (7)

where τ is the delay between the transmitted and received
signals, d is the object’s range, c is the light speed, S is the
slope of the chirp, and fIF is the frequency of IF signal. Based
on the formulas, the range of the object can be estimated by

d =
cTc fIF
2B

, (8)

where Tc is the chirp’s duration and B is the chirp’s band-
width.

Moreover, if there are multiple objects in different ranges,
each object reflects the transmitted chirp signal and produces
a reflected chirp signal with a delay proportional to its range.
Hence, the IF signal consists of multiple tones, each of which
has a constant frequency and corresponds to a target. For the IF
signal with multiple tones, a fast Fourier transform (FFT) [25]
is employed to separate these tones in frequency spectrum,
which is called Range-FFT. Each peak in the frequency
spectrum denotes an object at a specific range. Therefore,
the range of multiple objects can be estimated by FMCW
techniques.

For mmWave radars, to conduct analog-to-digital converter
(ADC) sampling, the sampling rate of radars should be greater
than the frequency of IF signals. Hence, the IF frequency
fIF limited by the sampling rate leads to a maximal range
that radars can estimate. According to the range estimation in
eq. (8), the maximal range is given by

dmax =
Fsc

2S
, (9)

where dmax is the maximal range, Fs is the sampling rate, c
is the speed of light, and S is the chirp’s slope.

Range resolution is the minimum distance at which two
objects can be distinguished, reflecting the ability to distin-
guish multiple objects. The range resolution dres is given by

dres =
c

2B
. (10)

where c is the speed of light and B is the bandwidth of the
chirp signal [26].

As a basic function of mmWave radars, range estimation
describes the relative distances between a radar and objects,
which fundamentally facilitates distance-based applications
and supports further processing of mmWave signals.

C. Velocity Estimation

Velocity is an important information that describes the
instant motion state of the sensed objects. To estimate the
velocity of a moving object, a radar transmits two chirp signals
separated by Tc and receives the signals after being reflected
by the object. Since Tc is usually measured in milliseconds,
the movement of the object is less than the range resolution,
which only results in a single peak in Range-FFT. However,
the movement of the object leads to a phase difference between
the reflected chirp signals. The phase of a chirp signal can
be denoted as φ = (4πd)/λ, where λ is the wavelength. The
displacement of the object can be denoted as Δd = vTc , so
the velocity of the object can be derived by

v =
λΔφ

4πTc
, (11)

where v is the velocity, Δφ is the phase difference between
the two reflected chirp signals.

If there are multiple objects moving simultaneously in the
same range, the straightforward method could fail because the
phase difference are a superposition of multiple objects. To
estimate the velocity of multiple objects, a radar transmits
a chirp frame with Nc equally-spaced chirps, and performs
Range-FFT on the reflected chirp frame. These objects gen-
erate Nc peaks with the same range in frequency spectrum,
but each has a different phase due to the movement of these
objects. The movement of each object generates a phasor that
contributes to the phase, as shown in Fig. 4. Then, another FFT
operation, called Doppler-FFT, is performed to further resolve
multiple objects and derive the phase difference of each object.
Hence, the velocity of the i-th object can be calculated by

vi =
λωi
4πTc

, (12)

where λ is the wavelength, ωi denotes the phase difference
between consecutive chirps of the i-th object, and Tc is the
duration of the chirp.

Similar to range estimation, velocity estimation also has a
maximal velocity that can be unambiguously differentiated by
radars. Since the velocity is estimated by the phase difference
as shown in eq. (12), it is unambiguous only when the phase
difference is greater than π. Therefore, the maximal velocity
can be denoted by

vmax =
λ

4(Tc + τc)
, (13)
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Fig. 4. A chirp frame generates multiple peaks in Range-FFT, each of which
has a different phase and can be utilized to estimate velocity.

where λ is the wavelength, Tc is the duration of the chirp, τc
is the interval of two adjacent chirps.

The resolution to estimate velocity can be derived based on
how close two discrete frequencies can be resolved. According
to the Fourier transform theory, two discrete frequencies can
be resolved when their difference is larger than 2π/Nc , where
Nc is the number of chirps. Hence, the velocity resolution can
be given by

vres =
λ

2Tf
, (14)

where λ is the wavelength, and Tf is the time of the chirp
frame (i.e., Tf = NcTc) [26]. The formula indicates that
velocity resolution is inversely proportional to frame time.

Velocity estimation provides another key information related
to the movement of targets. Based on velocity estimation,
a radar can distinguish multiple objects of the same range
according to their different radial velocity toward the radar,
providing more precise sensing of multiple objects. Moreover,
the estimated velocity describes how the objects move, which
can support lots of motion-based applications.

D. Angle Estimation

The angle of signals arrived at a radar is also called angle-
of-arrival (AoA). If the signals are reflected by an object, the
angle of the object toward the radar can be estimated accord-
ingly. Different from range and velocity estimation which is
based on FMCW techniques, angle estimation exploits the
information underlying multiple receive antennas. Consider a
simple scenario where a mmWave radar is equipped with two
receive antennas. The signals reflected by an object arrive at
the two receive antennas and have different path lengths due
to the relative angle of the object toward the radar, as shown
in Fig. 5. The phase difference between the two paths can be
denoted by

Δφ =
2πΔd

λ
, (15)

where Δφ is the phase difference, Δd is the difference of
the two paths, and λ is the wavelength. Since the distance

Fig. 5. The signals arrive at the two receive antennas with different path
lengths.

of the two receive antennas is small and far less than paths’
lengths, the two paths arrived at the antennas can be regarded
as parallel lines. Hence, there is a geometrical relationship
in paths’ lengths and angle, i.e., Δd = l sin(θ), where l is
the distance between the two receive antennas, and θ is the
object’s angle. Hence, the object’s angle can be derived by

θ = sin−1
(
λΔφ

2πl

)
, (16)

where θ is the angle. According to the property of trigonomet-
ric function, sin θ and θ has a similar changing trend when θ
is small. This indicates that the angle estimation has a more
precise accuracy when the object is located with a small angle
toward the radar [27].

To estimate the angle of multiple objects, radars require
an antenna array consisting of multiple receive antennas and
exploit the phase difference in each antenna. Assume there
are two objects with different angels toward a radar equipped
with NRX receive antennas. The signals reflected by the two
objects are superposed at each antenna, which produces NRX
phasors. The received signals of the NRX antennas can be
considered as a discrete sequence, in which each antenna’s
signal contains two phasors of different angular frequencies.
Then, a Fourier transform is performed on the sequence to
calculate the angular frequency of the two phasors, so the
angle of each object can be given by

θi = sin−1
(
λωi
2πl

)
, (17)

where θi is the angle of the i-th object, λ is the wavelength, ωi
is the angular frequency derived by FFT, and l is the distance
of two adjacent antennas. The Fourier transform that estimates
the angle of objects is called an Angle-FFT.

The maximal angle that radars can estimate refers to the
maximum angular field of view. According to eq. (16), the
angle estimation stays unambiguous when the absolute value
of phase difference is less than 180◦. Hence, the maximal
angular field of view can be given by

θmax = sin−1
(
λ

2l

)
, (18)

where θmax is the maximal angular field of view for radars, λ
is the wavelength, and l is the distance of adjacent antennas.
When the distance l = λ/2, the radars achieve the maximal
angular field of view, i.e., ±90◦.
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The resolution of angle estimation refers to the minimum
angular interval between two objects that can be distinguished
by radars. The angle resolution can be deduced from Fourier
transform theory, i.e.,

θres =
λ

NRX l cos(θ)
, (19)

where λ is the wavelength, NRX is the number of receive
antennas, l is the distance of antennas, and θ is the angle [26].
The formula also indicates that the angle estimation is more
precise with a small angle.

Angle estimation provides another view to spatially sense
objects. Combining angle and range information, mmWave
radars can localize objects and describe the shape of objects,
enabling mmWave radar-based localization and objective
detection applications.

E. Time Division Multiplexing Multiple-Input
Multiple-Output (TDM-MIMO)

Due to the short wavelength of signals, multiple antennas
can be integrated into a mmWave radar with a distance equal
to half of the wavelength to estimate angles. According to the
resolution of angle estimation in eq. (19), more receive anten-
nas contribute to a more precise angle estimation. However,
the physical space of mmWave radars limits the expansion of
antennas. In order to leverage limited hardware resources for
precise angle estimation, TDM-MIMO techniques are utilized
in mmWave radars [28], which improves the resolution of
angle estimation under limited antennas.

A mmWave radar with TDM-MIMO techniques is equipped
with multiple transmit antennas and receive antennas. By
generating a virtual antenna array based on TDM-MIMO
techniques, the radar virtually expands the number of physical
antennas. Using TDM-MIMO techniques, a radar with NTX
transmit antennas and NRX receive antennas can perform
as a radar with NTX × NRX receive antennas. Hence,
even physically-small radars with fewer antennas can achieve
precise angle estimation. Take a multiple-input multiple-output
(MIMO) radar with 2 transmit antennas (Tx1 and Tx2) and
4 receive antennas (Rx1 to Rx4) as an illustration. The radar
leverages TDM technique to transmit signals from different
antennas in turn. Using TDM techniques, the radar can
distinguish the signals transmitted by each transmit antenna
according to different time slots. Assume that the distance
between adjacent receive antennas is l and the distance
between the transmit antennas is 4l. The signals transmit-
ted by Tx1 arrive at the 4 receive antennas with different
phases, which are denoted as {0, φ, 2φ, 3φ}. Since the distance
between Tx1 and Tx2 is 4l, the signals transmitted by Tx2 have
an additional path length of 4l sin(θ) compared to that of Tx1.
This results in additional 4φ phase of the signals transmitted by
Tx2 for each Rx, which can be denoted as {4φ, 5φ, 6φ, 7φ}. It
seems like another 4 receive antennas are added in the antenna
array. Hence, although the radar has only 4 receive antennas, it
generates a virtual antenna array of 8 receive antennas, which
improves the resolution of angle estimation.

F. ISAC Signal Design

mmWave radar-based ISAC is also called joint radar com-
munications (JRC), which jointly takes advantage of sensing
and communication to provide ubiquitous sensing services
while enabling more efficient communications. From the per-
spective of communication integration, signal design is a key
step to enable both sensing and communication capabilities.

In designing mmWave ISAC signals, orthogonal frequency
division multiplexing (OFDM) [29] is the fundamental. The
basic principle of OFDM is to divide the available spectrum
into multiple narrowband subcarriers, which are orthogonal
to each other. The data are transmitted on the subcarriers’
corresponding frequencies. OFDM adapts to severe chan-
nel conditions without complex time-domain equalization,
and is robust against narrow-band co-channel interference.
OFDM has been a basic technical component in realizing
mmWave communication. Mathematically, the signal x(t) can
be expressed as the sum of modulated subcarriers: x (t) =∑N−1

n=0 Xn (t), where N is the number of subcarriers and
Xn(t) is the modulated signal for the n-th subcarrier. Each
subcarrier is modulated using some form of digital modulation
scheme, such as quadrature amplitude modulation (QAM) or
phase shift keying (PSK). The modulated signal Xn(t) for
each subcarrier can be expressed as:

Xn(t) = An ·mod(fn , t) · ej2πfn t , (20)

where An is the amplitude of the n-th subcarrier, mod(fn , t)
is the modulated data signal (e.g., QAM or PSK) for the n-
th subcarrier, fn is the frequency of the n-th subcarrier, and
ej2πfn t is the carrier frequency at fn .

To enable ISAC of mmWave using OFDM, several tech-
niques are applied to aid the combination of communication
and sensing. Different linear frequency modulation (LFM)
methods are designed for high-accurate mmWave radar
sensing and FMCW is one of them. For highly efficient
communications and radar resolution, [30] designs IF sig-
nal through the angle modulation of LFM radar carrier by
OFDM communication signal. It aims to generate mmWave
ISAC signal with multiplied instantaneous bandwidth and
phase modulation index for high-resolution radar function and
noise-robust OFDM communication. Reference [31] designs
a photonics mmWave ISAC system that acquires FDM
schemes while improving spectral efficiency using super-
resolution techniques. The key idea is to utilize coherent
fusion processing of sparse sub-band LFM radar signals,
and enable a full-band-equivalent range resolution and more
spectrum resources with a small fraction of the total band-
width. Reference [32] integrates waveform generation using
OFDM-based non-orthogonal multiple access (NOMA) com-
munication signal and LFM radar signal. They try to keep
the optimal power ratio consistent on different subcarriers and
therefore improve the communication performance.

Phase coding is another technique utilized with OFDM,
which optimizes the peak sidelobe ratio and modulates specific
phase sequences into the subcarrier of OFDM. Phase coding
and LFM are combined to achieve a high time-bandwidth
product and reduce peak to average power ratio. Reference

Authorized licensed use limited to: University of Waterloo. Downloaded on March 04,2025 at 21:53:10 UTC from IEEE Xplore.  Restrictions apply. 



KONG et al.: SURVEY OF mmWAVE RADAR-BASED SENSING 471

[33] designs phase-coded orthogonal frequency division mul-
tiplex waveform and the phase sequence is controlled by
transmitted messages. For sensing, it also builds radar data
processing for joint estimation of the range and velocity of the
single-scatter-point target within one single transmitted pulse.
Reference [34] combines communication and radar sensing in
OFDM signal by analyzing the ambiguity function of OFDM
signal with each pulse composed of one or more continuous
symbols. Besides the above direct phase coding sequence
modulation, phase modulated continuous waveform (PMCW)
is another modulation method for sensing [35]. Reference [36]
utilizes PMCW to retain reduced range-Doppler ambiguity
property in ISAC. Reference [37] studies multicarrier PMCW
to provide degrees of freedom (DoF) to confine AoA, Doppler
shifts, ranges, and communication symbols in different dimen-
sions. By leveraging multicarrier feature of OFDM and the
code sequence of PMCW, it promotes conventional PMCW
and OFDM waveforms.

In ISAC systems, beamforming is utilized to dynamically
steer antenna beams towards specific directions. Thus, it
allows for spatial separation of sensing and communication
by steering the radar beam towards the desired direction,
facilitating targeted transmission of signals and sensing of
objects. Also, it enables ISAC systems to dynamically adapt
their beam patterns in response to changing environmental
conditions. Researchers usually consider combing beam-
forming techniques in implementing mmWave radar-related
ISAC [38], [39], [40].

G. Summary and Insights

This section reviews mmWave radar techniques that under-
pin fundamental sensing functions. Among these techniques,
FMCW methods serve as the cornerstone, providing essential
sensing capabilities by modulating signals into continuous
waves. Range, velocity and angle estimation are fundamental
functions crucial for mmWave radars. Range and velocity esti-
mation is driven by FFT operation on FMCW IF signals, which
enables detecting and raging the targets. Angle estimation is
supported by employing multiple antennas and TDM-MIMO
techniques. It enables the radar system to determine the angles
of arrival for incoming signals, thereby spatially characterizing
targets within the plane of the radar. For FMCW-based
mmWave radars, these techniques are integrated into the
basic processing flow. Hence, sensing applications leveraging
FMCW radars typically incorporate these methods collectively
to extract essential sensing information.

To integrate sensing and communication, wave signals are
designed based on OFDM techniques to ensure highly effi-
cient transmission. OFDM divides the available spectrum into
orthogonal subcarriers, facilitating parallel data transmission
and robust communication in wireless systems. With OFDM,
various LFM techniques are integrated for joint radar and
communication. They provide high resolution in range and
robustness to Doppler effects, making them invaluable for
radar sensing applications. Moreover, phase-coded signals
modulate the phase of subcarriers to encode information This

ensures reliable communication while simultaneously support-
ing radar sensing functionalities within the same waveform.
PMCW techniques contribute significantly to the sensing capa-
bilities of ISAC systems. PMCW radar operates by modulating
the phase of continuous wave signals, allowing for precise
range measurements and target detection without relying on
traditional FMCW methods. Beamforming is instrumental
in enabling the integration of radar sensing and wireless
communication by efficiently utilizing signal resources. These
ISAC signal design techniques empower mmWave radars
with the capability to perform sensing tasks independently
of only FMCW-related techniques. By leveraging the unique
advantages of each technique, mmWave radars are endowed
with integrated capability of radar sensing and communication.

With radar techniques, mmWave obtains essential spa-
tial information to describe objects. Based on the spatial
information, further processing of signals will be conducted
for building various sensing systems.

III. SIGNAL PROCESSING TECHNIQUES

After the signals are initially acquired with spatial
information by mmWave radar techniques, the intermediate
sensing data need to be further processed to extract denoised
and compressed representations to realize sensing. In this
section, we present key techniques in mmWave signal
processing, including constant false alarm rate (CFAR),
density-based spatial clustering of applications with noise
(DBSCAN), Kalman filter (KF), mathematical methods, and
super-resolution methods.

A. Constant False Alarm Rate (CFAR)

CFAR detection [41] is a typical algorithm in radar signal
processing, which aims to detect target reflections and filter
out background noises. A threshold is determined in CFAR to
judge if the reflections come from a target or a false source.
The reflections exceeding the threshold will be judged as real
targets while those lower than the threshold will be considered
as false sources. Therefore, determining the threshold is
critical in CFAR to accurately detect target reflections and
filter out background noises. A low threshold could detect
more real targets but at the cost of an increase in false alarms,
while a high threshold may lead to fewer real targets being
detected.

A number of CFAR techniques have been studied in radar
systems, such as cell averaging (CA)-CFAR, clutter map
CFAR and two-dimensional CFAR [42]. CA-CFAR is widely
applied in mmWave radars for target detection. In CA-CFAR,
the estimate of noise level E is calculated by using samples
from the reference window xiN around the test cell, where N
is the number of units in the reference window and xi is the
number of units in the window. The threshold T is the product
of estimated noise level E and predetermined detection scale
factor B, i.e., T = EB. If the value of the cell under x0 exceeds
the threshold T, i.e., x0 > T , the target is detected. The noise
level is estimated by averaging the output of the reference unit
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around the unit, i.e.,

E =
1

N

N∑
i=1

xi . (21)

And the scaling factor B is calculated by

B = N
(
P
−1/N
FA − 1

)
, (22)

where PFA is a desired probability of false alarm [41]. CA-
CFAR detection is effective in the presence of background
noises and interference to detect target reflections, which is a
basic signal processing operation in mmWave radar sensing.

B. Density-Based Spatial Clustering of Applications With
Noise (DBSCAN)

The target reflections detected by radars can be presented by
points in the dimensions of range, angle, and velocity. These
reflection points are usually numerous and dense, along with
noise reflections and outliers being detected as well. Hence,
a clustering method is expected to cluster target points and
remove isolated points to describe a target. DBSCAN [43] is
a classical density-based clustering method for radar systems,
which can discover clusters of arbitrary shape and size con-
taining even noise and outliers.

The basic idea of DBSCAN is that the high-density points
are grouped as clusters while these isolated points are dis-
carded according to the spatial distribution and local density.
For each point in the cluster, the neighborhood of a radius
contains a minimum number of points, which means that the
cardinality of the neighborhood has to exceed a threshold. The
ε-neighborhood of an arbitrary point p is defined as

Nr = {q ∈ S |d(q , p) < r}, (23)

where q is a neighborhood point, S is the set of points,
d(q, p) represents the distance between q and p, and r is
the radius [44]. The points whose ε-neighborhoods contain
at least a minimal number of points is called the core point.
The clusters are discovered by checking the ε-neighborhood
of each point in the set. If the ε-neighborhood of a point p
contains points more than the minimum number, a new cluster
with p as the core point is created. Then, density-reachable
points of these core points are further collected iteratively,
which can be utilized to merge a new density-reachable cluster.
The iterative process ends when no new points are added to
any cluster. Finally, one or more clusters are discovered that
represent high-density regions while the isolated points are
referred as outliers.

As an unsupervised method, DBSCAN does not need to
know the number of clusters in advance while only needing
to set a few parameters during the training process, e.g., the
threshold and the radius. The parameters usually remain valid
for different cluster numbers, scenarios, and hardware settings.
Moreover, DBSCAN releases the requirement of the spherical
shape of clusters, which works in different shapes of clusters
under random noises. The strengths have facilitated DBSCAN
to be extensively applied in mmWave radar sensing.

C. Kalman Filters (KFs)

Kalman filters [45] are a kind of filter that works in dynamic
systems with noise and inaccuracy. They can estimate accurate
state of dynamic systems by using a series of observations
that change over time, which filters unexpected noises and
interferences. KFs are extensively used in a variety of fields
including navigation, localization, autopilot, digital image
processing, etc. Besides traditional KFs, extended Kalman
filters (EKFs) and unscented Kalman filters (UKFs) have been
developed for more complex scenarios such as non-linear
systems. For mmWave radar sensing, applying KFs provides
an accurate estimation of targets’ trajectories.

A typical workflow of KFs can be divided into two major
steps, i.e., estimate and update. KFs first define a state function
that describes the current state of a target. In the estimate step,
KFs estimate the state of the target at the current timestep and
also calculate the variance of the estimated state. In the update
step, KFs obtain the measurement of the state at the current
timestep and also calculate the variance correspondingly. KFs
update the estimated state using a state transition model and
the measurement. The update process can be expressed by

ŝt+Δt = Kt+Δt · zt+Δt + (I −Kt+ΔtH )st+Δt , (24)

where ŝt+Δt is the updated state of the target, Kt+Δt is
the Kalman Gain calculated by the two variances, zt+Δt is
the measurement, I is a unit matrix, H is a transformation
matrix, and st+Δt is the estimate [46]. With the update
process combining the estimate and measurement, KFs obtain
an updated and more accurate state of the target. The two steps
are in a recursive process, continuously estimating the state
and then updating the state with real measurement.

The combination of estimate and measurement in KFs
addresses random noise and frame loss in mmWave radars,
which can accurately identify the center of targets and con-
tinuously track their trajectories. Many applications based on
mmWave radar sensing employ extended KFs for indoor local-
ization and tracking, which develops various types including
linear regression correction-based extended Kalman filter [47],
non-linear extended Kalman filter [48], recursive Kalman
filter tracking with data association [49], coordinate-corrected
extended Kalman filter [50], etc.

D. Mathematical Methods

There are some mathematical methods utilized in mmWave
radar sensing applications for noise removal and dimen-
sion reduction. For example, to remove signal interferences
and retain accurate sensing data, some studies exploit sim-
ple but effective mathematical operations. Geometric mean
subtraction [51] can be performed for mean clustering,
which eliminates random noises and retains regular signal
components like faint physiological signals. Dual-differential
background removal [52] leverages two differentials computed
at different time points and adds them together to get back-
ground canceled points for filtering signals and removing
noises. Line fitting [53] fits a line to IF signal phase with a low-
pass filter to obtain accurate y-intercept of the demodulated
IF signals, which can accurately estimate the phase of IF
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signals. Different cosine-sum and adjustable windows can also
be employed to reduce spectral leakage in signal transfor-
mation, such as Hann windows [54], Hamming and Kaiser
windows [55], Chebyschev windows [56], etc. The effect of
background reflections can also be manually subtracted by
removing point clouds with zero Doppler velocity [57] or
removing averages in spectrograms [58]. Other than noise
removal, data dimension reduction is also an important oper-
ation for mmWave radar sensing works to obtain compressed
and high-level data representations. As a statistical technique,
principal component analysis (PCA) [59] has been success-
fully employed in mmWave radar sensing. PCA can linearly
transform the data into a new coordinate system of small
variations, which is an effective and lightweight dimension
reduction and feature extraction method.

E. Super-Resolution Method

FMCW-based mmWave radars obtain data representation
by the above signal processing techniques. Furthermore,
super-resolution methods can be utilized in mmWave signal
processing, including MUSIC, ESPRIT, and MVDR. In this
section, we review these super-resolution methods utilized to
process mmWave signals.

Multiple signal classification (MUSIC) [60] is a well-known
algorithm that utilizes matrix eigenspace decomposition to
classify signals. MUSIC is widely used in array signal
processing for estimating AoA of the signals. In mmWave
communication, MUSIC can be applied to enable signals
with radar capability of estimating angles. The basic idea
of MUSIC is to decompose the spatial covariance matrix of
received signals into its eigenvalues and eigenvectors. With
the eigenvalues and eigenvectors, MUSIC uses the fact that
eigenvectors corresponding to the noise subspace span the
nonsignal space, while the eigenvectors corresponding to the
signal subspace span the signal space. Through spectral analy-
sis of the eigenvalues, MUSIC detects the peaks corresponding
to the potential AoA. The AoA estimation is based on the
difference between antennas. In a similar way, the phase
difference in OFDM subcarriers can be used to estimate
distance of arrival. The phase difference in OFDM symbols
can be used to estimate the velocity of target. Hence, the
mmWave communication systems that do not rely on FMCW
radar techniques can also be enabled with sensing capability.
Some works modify MUSIC algorithms for mmWave radar
sensing. Reference [61] uses random matrix sketching to
estimate the signal subspace via approximated computation,
developing a fast randomized-MUSIC algorithm. Reference
[62] designs a low complexity MUSIC-based angle of arrival
detection algorithm. It employs the characteristics of distance
between adjacent arrays to balance the trade-off between field
of view and resolution. Reference [63] focuses on step-scanned
radar antennas and extends the application of MUSIC to
improve the cross-range resolution of closely spaced point
targets with a step-scanned mmWave radar.

Estimation of signal parameters via rotational invariance
technique (ESPRIT) [64] is another technique used to estimate
AoA. The basic idea of ESPRIT is to exploit the rotational

invariance property of uniform linear arrays to directly esti-
mate AoA of signals without covariance matrix computation.
Using the rotational invariance property of uniform linear
arrays, ESPRIT estimates the signal subspace of the received
signals. With the estimated signal subspace, ESPRIT directly
estimates the AoA of the sources using pairs of antenna
elements and the phase differences between them. This avoids
the need to calculate the covariance matrix, thus reducing the
computational complexity compared to MUSIC and achieving
accurate AoA estimation. Reference [65] exploits ESPRIT for
joint angle of arrival and range estimation in a monostatic
MIMO radar with a frequency diverse array. A phase ambigu-
ity removal method is proposed based on phase periodicity of
the transmitting array steering vector. Reference [66] designs a
2D-unitary ESPRIT-based joint range and velocity estimation
algorithm of multiple targets for radars. It aims to solve the
problem of estimating the range-velocity information with
high accuracy simultaneously and discriminating the targets
with either closely spaced ranges or closely spaced velocities
in the 2D range-Doppler spectrum.

Minimum variance distortionless response (MVDR) method
is a popular adaptive super-resolution technique. It aims to
estimate the weight of an antenna array and optimally suppress
interference. MVDR method operates by applying spatial
filtering to the received signals at an array of sensors. It
forms a beam pattern that maximizes the output signal-to-
interference-plus-noise ratio (SINR) in the direction of the
desired signal while minimizing the power from interference
and noise. MVDR first estimates the covariance matrix of the
received signals to capture statistical properties of the signals
and noise observed by the array. With the estimated covariance
matrix, MVDR calculates the optimal beamforming weights
by minimizing the output power subject to a constraint on the
desired response in the desired direction. This optimization
problem is typically solved by using inverse of the covari-
ance matrix. Hence, MVDR provides another solution of
enhancing the sensing of desired signals in the presence of
interference. Some works directly exploit MVDR method
and combine it with radar techniques to enhance sensing
resolution. Reference [67] combines MVDR and MUSIC to
gain the angle of arrival. Reference [68] leverages MVDR
to promote spatial resolution by digital beamforming, thus
helping to passively localize multi-person using mmWave
radars. Some works exploit MVDR to obtain highly accurate
range-angle images from mmWave signals [50], [69].

F. Summary and Insights

This section reviews techniques utilized to process mmWave
signals. These signal processing techniques are basic pro-
cessing flows for sensing systems because of the demand
for handling mmWave signals. A comprehensive workflow of
FMCW mmWave radar signal processing is depicted in Fig. 6.

With ADC sampling of mmWave radar signals, signal pro-
cessing contains several stages to extract sensing information
of the targets. Range-FFT is first employed to estimate the dis-
tance of objects from the radar, providing spatial distribution
of detected targets within the radar’s field of view. Following
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Fig. 6. A typical signal processing workflow of FMCW-based mmWave
radars.

Range-FFT, a Doppler-FFT is applied across multiple chirps
to analyze the frequency shifts induced by the motion of
objects relative to the radar. With Doppler shifts, the velocity
of the targets can be estimated. Combining the results from
the Range-FFT and Doppler-FFT, Range-Doppler profiles are
constructed. These profiles represent the spatial distribution
and velocity information of detected targets, with higher
intensity indicating the presence of significant objects. To
provide more spatial information of the detected targets, an
Angle-FFT is employed to extract angular information, which
creates Range-Doppler-Angle profiles. The profiles provide
a more comprehensive characterization of target locations
and motions in three-dimensional space. Subsequently, CFAR
detection algorithm is utilized to distinguish real targets from
background noise, thereby improving the accuracy of target
detection. Moreover, to facilitate the tracking and differ-
entiation of multiple objects, point clouds can be further
processed through techniques such as DBSCAN. This cluster-
ing approach groups point clouds corresponding to individual
objects, enabling their distinct identification and tracking. To
enhance target trajectory estimation and smoother tracking,
techniques like Kalman filters can be applied. These filters
utilize probabilistic models to estimate the state of tracked
targets, providing more accurate predictions of their future
positions and velocities.

In addition to the FMCW techniques described earlier,
mmWave radars that do not utilize FMCW can leverage
alternative methods, such as super-resolution techniques, to
enhance their sensing capabilities. These methods, including
MUSIC, ESPRIT, and MVDR, offer high-resolution sens-
ing capabilities, particularly in the angular domain. These
techniques are pivotal in overcoming limitations related to
spatial resolution and signal ambiguity inherent in conven-
tional radar systems. MUSIC, ESPRIT, and MVDR can
extract detailed spatial information from received radar signals,
which enables precise localization and characterization of
targets. By integrating super-resolution algorithms into ISAC
mmWave radars, researchers and engineers can achieve supe-
rior performance in target detection, tracking, and localization
tasks.

With the processed mmWave signals that comprise physical
meanings, various sensing systems can be built by further
utilizing machine learning techniques.

IV. MACHINE LEARNING TECHNIQUES

The processed mmWave signals contain basic sensing
information. To realize mmWave radar sensing applications,
machine learning techniques, especially deep learning, are

broadly adopted and elaborately designed for sensing tasks.
With machine learning and deep learning techniques, we can
build the ultimate bridge between sensing tasks and signals
to enable various novel sensing applications. In this section,
we review mainstream and latest machine learning techniques,
including classical machine learning algorithms and the latest
deep learning models.

A. Overview of Machine Learning in mmWave Radars

Machine learning is a type of artificial intelligence tech-
nology that enables machines to think and learn how to
process data efficiently and make predictions and decisions.
Given the input data, machine learning techniques learn high-
dimensional structures and relations behind the data. Based on
the learned structures and relations, they can give predictions
or decisions for newly arrived data. Machine learning tech-
niques are used in a wide variety of applications, such as
data mining, computer vision, speech recognition, medical
diagnosis, financial forecasting, etc.

The task of sensing applications based on mmWave radars
usually involves classification and regression. The ultimate
goal requires techniques to output inferential results for the
newly arrived radar data. Therefore, machine learning tech-
niques can be naturally applied in mmWave radar sensing
applications. Some unsupervised machine learning methods
(e.g., DBSCAN and PCA) are included in signal processing
techniques and those presented in this section focus on solving
specific tasks.

B. Classical Machine Learning Algorithms

In sensing applications, classification and regression are the
most common tasks that intuitively reveal the interrelation-
ships of the data and give inferential results for the newly
arrived radar data. Typically, feature extraction of the data is
required to reduce data dimensions and extract compressed
information. The feature extraction methods could be either
signal processing techniques or machine learning techniques.
A surge of classical machine learning algorithms has arisen in
designing mmWave radar sensing systems.

Support vector machines (SVMs) [70] are a classical super-
vised learning model whose purpose is to determine the class
a new data point belongs to for classification. For given data
points, SVMs aim to decide a hyperplane of lower dimension
that best separates the data points. Among many hyperplanes
that could classify data points, SVMs find the one with
the largest margin between classes as a target hyperplane.
The largest margin can be determined by maximizing its
distance from a data point on each side, which is called a
maximum-margin hyperplane or maximum-margin classifier.
For different datasets and classification tasks, hyperplanes
could be non-linearly separable in the dimensional space. In
that case, the dimensional space is mapped into a higher-
dimensional space where the separation of data points becomes
easier. Kernel functions are defined in the mapping to ensure
that the dot product of data vectors can be calculated. In
mmWave radar sensing tasks, SVMs are usually used to clas-
sify data representations constructed by processed mmWave
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signals, leveraging the constructed hyperplanes. Hence, using
SVMs to solve classification problems, SVMs are first trained
and then classify data representations of the signals by the con-
structed hyperplanes. Through giving inferential classification
results, SVMs enable various recognition-based applications.
For example, we can exploit one-versus-one SVMs [71] or
support vector domain descriptions (SVDDs) [72] to classify
different samples and therefore output recognition results,
enabling recognition-based mmWave radar sensing applica-
tions, such as activity recognition, gesture recognition, object
recognition, etc.

Decision trees [73] are a common and popular machine
learning algorithm that uses flowchart-like structures for clas-
sification. In decision trees, internal nodes represent binary
attribute tests, branches represent the outcomes of node tests,
and leaf nodes represent class labels. The paths from a root
to leaves represent classification rules. Given a constructed
decision tree, the data that needs to be classified will travel
through the entire tree and finally be decided into a leaf
node as the classification result. Random forests [74] that
are composed of a multitude of decision trees are more
popular and achieve more accurate classification performance
for complex tasks. The output of random forests is the class
that most trees decide. Utilizing random forests can run
efficiently on large data sets and correct the defect of decision
trees on overfitting training sets. Similar to SVMs, decision
trees and random forests are specialized in giving inferential
classification results to solve classification problems. With
the feature representations of mmWave signals, we can use
decision trees and random forests to construct small training
costs and effective machine learning models, which can be
utilized in various recognition applications.

Besides, there are other lightweight yet effective machine
learning algorithms utilized in mmWave radar-based smart home
applications. For example, k-nearest neighbors (k-NN) [75],
a non-parametric supervised learning method, uses prox-
imity to classify targets by grouping them based on
similarity. It has been exploited in mmWave radar sensing
applications [55], [76], [77]. for classification due to its
lightweight complexity and high accuracy. Besides, a simple
and popular unsupervised clustering algorithm, K-means
clustering [78], also appears in mmWave radar sensing
applications [79], [80], [81]. It groups unlabeled data into
different clusters by referring to their distances, which gives self-
adapting classification results without known classes. Gaussian
mixture models (GMMs) [82] are a probabilistic algorithm
used for classifying targets into different categories based on
probability distribution. Since a GMM applies multiple Gaussian
distributions, it can fit arbitrary types of distribution to deal
with the data that are generated from different distributions.
Hence, mmWave radar sensing systems [80], [83], [84] could
take advantage of GMMs for clustering. Hidden Markov
models (HMMs) are a commonly used statistical method for
sequence modeling. Based on observed sequences, HMMs
calculate the probability of hidden states underlying the
events, which can give predictions for the current and future.
This characteristic has made HMMs specialized in sequential
problems. In mmWave radar sensing, some problems, such

as activity/gesture recognition, and object detection, also have
strong relations in time. Therefore, it is suitable to use
HMMs to build applications involving temporal change, such
as mmWave radar-based gesture recognition [85], [86], [87],
accidents detection [88], etc.

C. Deep Learning

Over the last decade, neural networks, especially deep
learning technologies, have made tremendous progress and
been extensively employed in a number of applications includ-
ing pattern recognition, natural language processing, financial
prediction, adaptive controlling, etc. A neural network model
is usually structured by multiple layers of neurons to extract
high-level feature representations from input data. By train-
ing a neural network model with sufficient data, it learns
the knowledge underlying the data and can make intelli-
gent predictions and decisions. Similar to other fields, the
applications based on mmWave radar sensing also integrate
different types of neural networks to extract features and give
predictions to realize different sensing tasks.

Convolutional neural networks (CNNs) [89] are a very
popular type of neural network for visual imagery analysis
problems and have been broadly applied in mmWave radar
sensing applications. The prominent characteristic of CNNs is
a special operation called convolution, which performs matrix
multiplication on small regions sliding along the whole input
for extracting convolved features. A typical CNN consists
of an input layer, hidden layers, and an output layer. Each
hidden layer performs convolutional operations by the dot
product of convolution kernels with input matrix of the
layer. As convolution kernels slide along the input matrix
of the layer, the convolution operation generates a feature
map that acts as the input of the next layer. A convolutional
layer is usually accompanied by a pooling layer to reduce
the dimensions of the feature map, and a normalized layer
to prevent gradient explosion or dispersion. Fully-connected
layers are also important components in CNNs to integrate the
extracted features and map the feature representations to the
sample space for final predictions. CNNs are specialized in
feature extraction among a variety of problems, and mmWave
radar sensing is one of them. CNNs are widely applied in
mmWave radar sensing to process the data representations
composed by range, angle, and Doppler measurements. The
feature representations extracted by CNNs abstract imagery
embeddings under radar spectrums, which can be further
utilized to facilitate various sensing applications. Together
with deep learning techniques, many applications based on
mmWave radar sensing have exploited CNNs with deep layers
or modified components, such as deep convolutional neural
network (DCNN) [90], [91], [92], residual neural network
(ResNet) [93], [94], [95], [96], [97], [98], dual-view CNN [99],
etc., to extract imagery features for realizing various applica-
tions.

Autoencoders (AEs) act as a common feature extractor in
mmWave radar sensing applications. As unsupervised learning
techniques, autoencoders learn compressed feature representa-
tions by reducing feature dimensions and ignoring insignificant
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information underlying the data. An autoencoder consists
of two main components, i.e., an encoder and a decoder.
The encoder compresses the input into an intermediate fea-
ture representation of low dimensions called code, and the
decoder then reconstructs the input using the code. Through
outputting the reconstructed input that approaches the real
input, autoencoders learn compressed feature representations
in the intermediate process. This characteristic of autoencoders
makes them popular and effective in dealing with various
kinds of data representations to extract compressed features.
For many mmWave radar sensing applications, the signal
representations are usually complex and the features are
hidden in the representations. Hence, autoencoders are widely
exploited by researchers as a basis for constructing deep
learning models, [96], [98], [100], [101], [102] to extract
features from mmWave radar signals. Autoencoders have been
utilized to extract features from mmWave radar signals for fall
detection [103], face verification [104], human tracking [105],
finger tracking [96], target detection [106], etc.

Recurrent neural networks (RNNs) [107] are another classi-
cal neural network model that exploits sequential relationships
in the data to solve temporal problems, such as speech
recognition, natural language processing, language translation,
and radar sensing applications. RNNs can memorize historical
information of prior inputs to deal with sequential data.
They have a feedback process in which the output of hidden
units at time step t − 1 is further fed to hidden units
along with the current input of time step t. Among RNNs,
long short-term memory (LSTM)-based RNNs [108], gated
recurrent unit (GRU)-based RNNs [109], and bi-directional
RNNs [110] have become the focus of solving temporal
tasks. For mmWave radar data, the sequential relationships
underlying serial inputs describe how a target moves over
time, which supports temporal-related sensing applications like
activity recognition and object tracking. Hence, researchers
in mmWave radar sensing field have exploited different
RNN-based models, e.g., deep RNN (DRNN) [111], LSTM-
based RNN [112], convolutional-RNN [50], [58], spiking
recurrent neural network (SRNN) [113], etc., to facilitate
mmWave radar sensing applications.

As generative modeling methods, generative adversarial
networks (GANs) have been successfully applied in various
generative applications and have drawn considerable attention
in mmWave radar sensing. GANs learn knowledge from the
patterns of input data and utilize the learned knowledge to
generate realistic new samples that resemble the original data.
By generating realistic and synthetic samples, GANs enable
the crossing in a range of problem domains, such as image-
to-image translation across domains. Two sub-models called
generator and discriminator are integrated into a GAN, where
the generator aims to generate new samples and the discrim-
inator tries to discriminate the samples as real or generated
samples. The two sub-models are trained in a zero-sum game
to discriminate the two types of samples fail, so that GANs
can output the samples that are realistic and synthetic enough
as real samples but in different domains. Some mmWave radar
sensing applications are generative problems that either require
to output new synthetic samples, or generating usable samples

from other domains. The prominent capability makes GANs
promising in mmWave radar sensing applications. For exam-
ple, researchers utilize conditional GAN [114], [115], [116],
GAN denoising model [117], etc., to reconstruct the map
of environments [116], recover user audios for eavesdrop-
ping [114], [115], generate training samples of micro-Doppler
signatures [118], 3D shape reconstruction [119], [120], high-
resolution imaging [121], etc.

In addition to the above dominant neural network types,
some dedicated neural networks have also achieved promis-
ing performance in mmWave radar sensing applications. For
example, PointNet [122] and its modification PointNet++
[122], novel types of neural networks that directly consume
point clouds, have been exploited to process point clouds of
mmWave signals for objective detection [123], [124], objective
classification [125], semantic segmentation [126], etc. Other
studies treat data representations of mmWave signals as
graphs and utilize graph neural networks (GNNs) [127] to
further process data and extract features, yielding mmpoint-
GNN [128], spatial temporal-GNN [129], etc., for human
activity recognition or gait recognition. Spiking neural network
(SNN) [130] is also studied to take advantage of the intrinsic
characteristics of SNNs in processing noisy and sparse data.
SNN could better address noise and sparsity issues in mmWave
radar sensing. Besides, hybrid deep models that integrate
different neural networks also attract a lot of attention. Each
component in a hybrid deep model is a type of neural
network specially designed for a relatively individual task. By
combining these components, hybrid deep models achieve a
better performance by jointly taking advantage of each neural
network. For example, some works design hybrid deep models
using CNNs and RNNs [131], [132], CNNs and GRUs [133],
autoencoders and RNNs [134], etc., to extract features from
different perspectives and jointly fuse these features.

D. Summary and Insights

The comparison of these machine learning techniques is
listed in Table II. The training type shows how the machine
learning method is trained in a supervised or unsupervised
manner. The objective indicates the ultimate goal of learning,
such as classification, feature extraction, time series prediction,
etc. The characteristic demonstrates the main features or
technical means that make this method different from other
methods. The applicable task shows the application fields the
technique is suitable.

Machine learning techniques, particularly deep learning
methods, have revolutionized the field of sensing and enabled
significant advancements in various sensing tasks. The selec-
tion and design of these techniques are crucial in mmWave
radar sensing design. Classical machine learning algorithms
are usually utilized for processing low-complexity feature
representations extracted from mmWave signals. These algo-
rithms are suitable for tasks such as sample classification.
For instance, SVMs, SVDD, decision trees, k-NN, and GMM
are commonly employed for tasks like target recognition
and activity recognition. HMMs are particularly skilled in
sequential modeling, making them suitable for problems
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TABLE II
COMPARISON OF MACHINE LEARNING TECHNIQUES

involving temporal changes in mmWave radar sensing. They
are often utilized in recognition tasks involving temporal
dynamics.

Other deep learning technologies leverage deep neural
networks to automatically learn complex feature representa-
tions from mmWave signals. CNNs and their variants are
popular choices for extracting features from range-angle
spectrums constructed from mmWave signals, based on the
ability to perform convolutional operations on image-like
features. AEs are specialized in encoding various repre-
sentations of mmWave signals into compressed features,
which can be utilized in a wide range of mmWave sens-
ing tasks. RNNs are suitable for handling temporal-related
sensing applications, including gesture recognition and object
tracking. GANs are suited for generative tasks and are
increasingly used in mmWave-based applications such as map
reconstruction, sample generation, and imaging. Therefore,
researchers must carefully consider the nature of the sensing
task and select appropriate methods for each phase of the
process.

Machine learning techniques, especially deep neural
networks, serve as the ultimate bridge between mmWave
signals and practical applications. Through thoughtful selec-
tion and design, these techniques enable the development of
sensing systems capable of addressing a wide range of real-
world challenges.

V. DEVICES, DATASETS AND METRICS

Millimeter wave radar devices, public radar datasets, and
evaluation metrics are important implementation tools of
mmWave radar sensing applications. With the rapid devel-
opment of mmWave radar sensing research and products in
recent years, researchers in academia and industry have intro-
duced numerous radar devices, public datasets, and evaluation
metrics related to mmWave radars, which have been widely
recognized by the public. In this section, we first review the
radar devices that are designed for sensing. Then, we present
available public datasets and introduce the key evaluation
metrics for evaluating mmWave sensing systems.

A. mmWave Radar Devices

Devices are the fundament that supports sensing tech-
niques and applications. There are many mmWave radar
devices manufactured by commercial corporations or academic
researchers. Although they have different hardware compo-
nents and properties, most of them share a typical hardware
processing flow. Fig. 7 shows a typical block diagram of
hardware processing for a commercial mmWave radar.

As shown in Fig. 7, there are multiple transmit antennas
and receive antennas in a radar. For transmission, the radar
uses a voltage-controlled oscillator, in which the frequency is
controlled by a voltage input and allows for the frequency to
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Fig. 7. A typical block diagram of hardware processing for a commercial
mmWave radar.

be adjusted as needed. Therefore, the oscillator can generate
mmWave signals with linearly increased frequency, i.e., the
chirp signals. With power amplifiers (PAs) at each transmit
antenna, the amplified chirp signals are transmitted from the
TX to the space. The receive antennas capture the chirp
signals reflected by the space. Since the received signals
from the target could be very weak, the low-noise amplifiers
(LNAs) are used immediately after the antennas to amplify the
received signal from the antennas, which aims to increase the
signal strength while introducing as little noise as possible.
The received signals are then mixed with a portion of the
transmitted signals using a mixer, which performs frequency
mixing to produce IF signals that are proportional to the
difference between the transmitted and received frequencies.
The analog IF signals are converted to digital signals through
analog-to-digital converters (ADCs). The ADC samples the
analog signals at a high rate to produce digital signals that
represent the amplitude and phase of the analog signals at each
sample point. Therefore, the digital signals can be processed
by digital signal processors (DSPs) in the digital frontend to
obtain sensing information.

Based on the typical hardware processing flow, many
mmWave radar devices have been manufactured in recent
years. Texas Instrument (TI) mmWave radar sensors [4] are
very popular commercial products, which are widely applied
owing to their high integration, mature industrial supporting
equipment and flexible designing capability. The radar sensors
operate in the 60GHz/77GHz band and are integrated with
FMCW techniques to enable high-accuracy sensing in automo-
tive and industrial applications. TI mmWave radar sensors are
typically integrated with DSP for data analysis, configurable
RF frontends for more flexible system design, antenna-on-
package (AOP) technology for compact form factors, and
MIMO interfaces for easy integration into systems. As their
high integration and flexible design, the researchers have paid
a great deal of attention to utilizing TI mmWave radar sensors
to realize various sensing applications.

There are many types of TI mmWave radar sen-
sors, such as IWR/AWR1443 [135], IWR/AWR1642 [136],
IWR/AWR1843 [137], IWR/AWR6843/6843AOP [138], etc.,
which have been extensively exploited in a number of system
designs. The 1642 series has 2 on-board transmit antennas

and 4 on-board receive antennas, while the others have 3
on-board transmit antennas and 4 on-board receive antennas.
The 1443,1642 and 1843 series are single-chip solutions that
operate in the frequency range of 76GHz to 81GHz, while the
6843 series operates in the frequency of 60GHz to 64GHz.
Among them, AWR and IWR are two different sensor families
that operate in the same frequency range and use similar
technology but apply to different sensing ranges. The AWR
sensors usually have a maximum range of up to 300 meters,
which is designed for long-range radar applications, such
as automotive radar and radar for drones and autonomous
vehicles. They are typically used as a complete system solution
with evaluation boards and software. The IWR sensors are
designed for short-range radar applications, such as industrial
applications usually with a maximum range of up to 70 meters.
They are used as discrete components that can be integrated
into customer systems.

Besides TI mmWave radar sensors, there are many other
mmWave radar types developed by commercial corporations,
which are also utilized by researchers to implement mmWave
radar sensing applications. For example, some studies [139]
utilize ARS 408-21 radars that are manufactured by German
Continental [140] to realize automotive-related sensing. The
ARS 408-21 radar operates in 77GHz mmWave radar based
on FMCW techniques. It has two modes of short range (SR)
and far range (FR), which can effectively detect targets with
a radius of up to 70 meters or up to 250 meters respec-
tively. Navtech CTS350-X is another type of mmWave radar
manufactured by Navtech Radar [141]. It is designed based
on FMCW techniques and has compact designs that allow
easy handling and installation. The researchers in [142], [143]
exploit the radar to realize automobile-related applications.
Soli [144] is a kind of mmWave radar developed by Google
and Infineon. The radar operates in 24GHz/60 GHz with a
short-range sensing capability driven by FMCW techniques.
The radar is well known as a commercial gesture recogni-
tion product in smartphones. INRAS RadarLog [145] is a
FMCW radar operating between 77GHz and 81GHz, which is
equipped with one transmit antenna and 16 receive antennas.
Some studies [105] utilize the radar to implement gait recog-
nition based on mmWave signal sensing. Ahmad et al. [146]
design a 60GHz mmWave radar sensor chip set with FMCW
techniques. The radar sensor is equipped with a maximum
of 4 × 4 transmission pairs. Pohl et al. [147] propose a
compact ultra-wideband mmWave radar, which is designed
with a wide bandwidth of 25 GHz around a center frequency
of 80 GHz. Hansen et al. [148] present a D-band FMCW
radar based on a fully integrated monostatic single-channel
silicon-germanium (SiGe) transceiver (TRX) chip. It enables
sweep within a single-loop phase-locked loop circuit from
174.5 to 121.5GHz, which achieves a spatial resolution of
3mm. The radar is proven with high capability in vari-
ous industrial applications. kueppers et al. [149] design a
D-band FMCW radar working in 126–182 GHz with 1TX
and 2RX. It is manufactured in Infineon’s B11HFC 130 nm
BiCMOS process, with a multichannel edge-launch waveguide
frontend-module architecture. The designed radar is suitable
for industrial and scientific applications. In addition, many
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research works do not specify the details of their radars. These
radars could typically work under 24GHz, 60 GHz, 76GHz,
77GHz, 79GHz, etc., with a typical 2GHz or 4GHz band.
Usually, multiple transmit and receive antennas are applied to
enable high angular estimation, such as 2TX with 4RX, 3TX
with 4RX, etc. Combining FMCW techniques, these radars
bring about similar capabilities to support different mmWave
radar sensing applications.

B. mmWave Radar Datasets

The recent emergence of mmWave radar sensing works
has promoted the growth and enrichment of public datasets.
These public datasets release the heavy data collection process,
which provides researchers with easily acquired radar data to
design and implement new applications. Also, they offer the
possibility to fairly evaluate different methods for comparison,
inspiring more participants to step into the field.

nuScenes [150] is a well-known public dataset related to
mmWave radars. It is a multimodal dataset that combines
several autonomous vehicle sensors including 6 cameras,
5 mmWave radars and 1 lidar. The radars operate in 77GHz
to 81GHz with FMCW techniques. The dataset comprises
1000 scenes, each 20s long and fully annotated with 3D
bounding boxes for 23 classes and 8 attributes. nuScenes
has contributed to some works in automobile applications
especially multi-sensor fusion works [164], [165].

ColorRadar [151] is a multimodal dataset involving
mmWave radar data. ColoRadar includes 3 different forms of
dense, high-resolution radar data from 2 mmWave radar sen-
sors and also the data from 3D lidar and (Inertial measurement
unit) IMU sensors, where the mmWave radar data is collected
by TI AWR1843. It also includes highly accurate groundtruth
for the sensor rig’s pose over approximately 2 hours of data
collection in highly diverse 3D environments, including labs,
hallways, creek paths, mine, etc. The dataset aims to provide
radar sensor data for robotics perception works.

Wang et al. [152] share a dataset of mmWave radars in
vehicle trajectory tracking. The dataset is collected in real-
world road environments, including two freeways, a bridge,
and an expressway. mmWave radars are installed on one side
or both sides of road sections to cover the traffic.

3DRIED [153] is a 3D mmWave radar dataset for imaging.
The dataset contains the raw echo data and the imaging results,
in which 81 high-quality raw echo data are presented mainly
for near-field safety inspection. The dataset is constructed by
TI IWR1443 radar sensors operating in 77GHz to 81GHz.

Gambi et al. [154] propose a mmWave radar dataset of
people walking. The dataset consists of 29 users’ data under 6
different walking types, including fast walking, slow walking,
slow walking with pocket, walking hiding bottle, walking with
a limp, and slow walking with swinging hands, with a total of
231 acquisitions. The data is collected by TI AWR1642.

RadHAR [71] presents a point cloud dataset named
MMActivity collected using TI IWR1443 mmWave radar. The
dataset contains two users’ data on 5 activities, including
walking, jumping, jumping jacks, squats and boxing. Overall
93 minutes of data are collected.

HuPR [155] is a dataset of human pose estimation based
on mmWave radars. The dataset contains 6 users’ data under
3 different activities, including static actions, standing and
waving hands, and walking with waving hands. Two TI
IWR1843 and one camera are used for data collection, where
the two radars are placed vertically for capturing high angular
resolution mmWave signals. The two radars and the camera
are synchronously configured to capture data with a total of
235 sequences and 141,000 triplets.

MARS [156] is a human pose activity dataset based
mmWave point cloud. The data is collected by a TI IWR1443
and a Microsoft Kinect. The dataset involves 4 users with
10 activities, which can be utilized in pose estimation and
rehabilitation assistance.

A similar dataset mri [157] also focuses on human pose esti-
mation. The dataset is constructed by mmWave (TI IWR1443),
RGB-D, and inertial sensors. It consists of over 160k syn-
chronized frames from 20 users with various rehabilitation
exercises.

mmBody [158] is another mmWave signal-based dataset for
human pose estimation. They employ a Phoenix type mmWave
radar from Arbe Robotics due to its high resolution. The
dataset is built with mmWave radar point clouds and RGB(D)
images in different scenes and skeleton/mesh annotations for
humans.

mmMesh [159] collects mmWave point clouds of human
body activities and constructs a human mesh dataset. The
dataset is collected by TI AWR1843 and VICON system,
which is a professional motion capture system for obtaining
human meshes’ ground truth.

M-Gesture [160] is a mmWave signal dataset of hand
gestures. It consists of 144 users’ data with 54,620 instances.
The data is collected under not only direct sensing, but sensing
under paper, corrugated paper, metal board, etc.

Mimogr [161] is a mmWave radar dataset that contains 7
types of gestures, including waving up, waving down, waving
left, waving right, waving forward, waving backward, and
double-tapping. The dataset consists of dataV, seven sets of
gestures performed by 10 volunteers in an ideal indoor setting
with a total of 6847 samples, and dataS, 2800 samples from
a variety of complex environments and random users.

mHomeGes [86] is a arm gesture dataset based on mmWave
radar sensing. The dataset focuses on arm movement of
human, which are collected by TI IWR1443. It consists of
22,000 samples from 25 persons under 10 arm gestures.

Pantomime [162] is another gesture dataset of mmWave
signals. The mmWave signals are collected with IWR1443.
The dataset contains 21 gesture types performed by 41 users
in two indoor environments.

mmGait [97] presents a human gait dataset collected
by mmWave signals. The collection process involves 95
participants. In multi-user scenarios, up to 5 users walk
simultaneously. The users can walk in fixed roads and freely.

MiliPoint [163] provides a large-scale mmWave radar-
based human activity dataset. It consists of 11 users’ data in
identification, keypoint estimation, and action classification.

We summarize the reviewed mmWave radar datasets in
Table III. The hardware devices that each dataset is collected
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TABLE III
COMPARISON OF MMWAVE RADAR DATASETS

based on are given. We present data representation of each
dataset, such as multimodal data, point cloud, raw data, etc.
We summarize the objective of constructing each dataset
to directly indicate which field this dataset can be used.
The environmental settings when collecting data are given.
Finally, the data composition of each dataset, i.e., the number
of participants, number of types, etc., are summarized. The
table of mmWave datasets gives a direct and comprehensive
understanding of the currently available dataset, which can
help researchers acquire resources quickly.

C. Evaluation Metrics

To effectively evaluate mmWave radar sensing works,
various evaluation metrics have been proposed for differ-
ent sensing applications. These evaluation metrics provide
researchers with a critical criterion to judge the quality of each
work, which is an important element in sensing applications.

Accuracy is one of the bases to evaluate the capability
of recognition-related works. It is usually calculated by the

probability that a target is correctly recognized as the target
itself rather than other types of targets. As a simple but
intuitive evaluation metric, accuracy has been widely utilized
in object detection accuracy [166], human activity recogni-
tion [167], gesture recognition [168], speech recognition [98],
user authentication [169], etc. By obtaining the mean/average
accuracy expressed by percentage, the performance of the
designed application systems in recognizing specific targets
can be directly inferred.

Precision and recall are two evaluation metrics that usually
appear in evaluating classification models. Precision measures
the proportion of true positives (TP) among all the instances
that the model classified as positive (TP+FP). Precision
measures how many of the positive predictions made by
the model are actually correct. Recall, on the other hand,
measures the proportion of true positives among all the
instances that are actually positive (TP+FN). It measures how
many of the positive instances in the dataset are correctly
identified by the model. Therefore, precision and recall are
widely used in object detection works to judge the probability
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that the object is accurately detected [164], [165], [170].
Besides, mean average precision (mAP) is commonly used
with Intersection over Union (IoU) to evaluate object detection
capability. IoU is the ratio of the area of overlap and area of the
union between the predicted box and ground-truth box, which
is used to judge true positive or false positive [171], [172].

In motion estimation tasks, errors are an important eval-
uation metric. Errors are typically defined as the difference
between the estimated values and the ground truth values.
Hence, they are naturally suitable to reveal the capability to
accurately estimate different motion parameters. For example,
in radar-based motion estimation works [142], [173], rotation
errors, translation errors, velocity errors, drift errors, etc., have
been widely applied to evaluate the motion estimation in
different aspects compared to ground truth. In human pose
estimation, errors are also important metrics to evaluate the
performance in estimating the coordinates of human skeleton
joints [50]. The errors in human pose estimation are usually
presented in azimuth (X), elevation (Y), and depth (Z) to
show the 3D pose estimation results. In addition, estimation
errors can also be utilized in vital sign monitoring, such as
heartbeat and respiration monitoring. The errors of estimating
heartbeat rate per minute (bpm) and respiration rate per
minute (rbm) describe the accuracy in monitoring the two
types of vial sign with mmWave radars, which have been
widely exploited in evaluating such work [174]. Moreover,
in mmWave radar-based positioning, the positioning errors
or tracking errors show the difference in coordinate between
the estimated position and the real position, which are basic
metrics for indoor positioning and tracking works [47].

False accept rate (FAR) and false reject rate (FRR) are
commonly used for evaluating biometric systems, such as fin-
gerprint recognition, face recognition, and voice recognition.
The FAR represents the probability that the system incorrectly
accepts an unauthorized person, and the FRR represents the
probability that the system incorrectly rejects an authorized
person. Therefore, the researchers in mmWave radar sens-
ing also exploit the two evaluation metrics to evaluate the
performance of user authentication [104], [175].

The signal-to-noise ratio (SNR) is an important metric
to evaluate the quality of synthetic speech. It is defined as
the ratio of signal power to noise power and is usually
expressed in decibels (dB). SNR has been widely employed
in mmWave radar-based speech synthesis works [101], [117].
Besides SNR, Mel-Cepstral distortion (MCD) is another metric
of speech synthesis quality. Researchers in mmWave radar
sensing employ MCD to measure the spectral difference
between synthetic speech signals and real speech signals for
evaluating speech synthesis capability [114], [115], [176].

D. Summary and Insights

In this section, we review three crucial components in
implementing mmWave radar sensing, i.e., radar devices, pub-
lic datasets, and evaluation metrics. These components play
vital roles in advancing future research design and evaluation.

Radar devices serve as the hardware foundation for trans-
mitting and receiving signals with mmWave radars. The design

of radar devices significantly influences sensing capabili-
ties. For instance, the number and configuration of antennas
directly impact the resolution of angle estimation. Both com-
mercial corporations and academic researchers meticulously
design radar devices to meet the requirements of specialized
sensing applications. The devices have been manufactured
with the characteristics of specialization and complica-
tion, which has become a popular tendency for mmWave
radars.

mmWave radar datasets play a crucial role in the develop-
ment and evaluation of mmWave radar sensing applications.
These datasets provide researchers with real-world data to
implement systems and evaluate algorithms more effectively.
Recent efforts in mmWave sensing have led to the release
of numerous public datasets tailored for different sensing
tasks. This availability alleviates the burden of data collec-
tion and facilitates fair evaluation of sensing applications.
New researchers are encouraged to leverage public datasets
to validate their work, and the community welcomes the
creation of more datasets for a wider range of sensing
tasks.

Evaluation metrics are indispensable for assessing the
performance of designed sensing applications. Researchers
carefully select appropriate metrics tailored to specific sens-
ing tasks to ensure fair and comparable evaluation results.
These metrics enable researchers to quantitatively evaluate the
accuracy and robustness of sensing systems, which facilitates
advancements in mmWave radar sensing technology.

Radar devices, datasets, and evaluation metrics are essen-
tial tools that support the deployment and development of
mmWave radar sensing applications. As new application sce-
narios emerge, we expect to witness advancements in hardware
designs with enhanced sensing capabilities and the continued
expansion of public datasets.

VI. SENSING APPLICATION TAXONOMY

A great diversity of mmWave radar sensing applications are
designed for different scenarios. As a result, a taxonomy for
the sensing applications is highly desired. The taxonomy can
not only enhance the understanding of sensing applications
but also reveal the commonalities and connections between
different applications. From the perspective of application
scenarios, this survey categorizes mmWave radar sensing
applications into three major categories, i.e., Automotive
Applications, Smart Home Applications, and Industrial
Applications. The three major categories represent three
typical scenarios of autonomous driving, human daily life, and
industrial manufacture respectively, which cover most sensing-
driven scenes. The property of different mmWave radar-based
sensing applications is shown in Fig. 8.

A. Automotive Applications

Utilizing radars to sense the environment for automo-
tive driving is an original task in mmWave radars. Hence,
automotive applications have been widely studied by aca-
demic researchers and industrial practitioners, and lots of
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Fig. 8. The property of different mmWave radar-based sensing applications. These applications are categorized in terms of object, basic approach, and
evaluation metrics.

commercial products are already available. In automotive-
related scenarios, 1) Object Detection that utilizes mmWave
radars to sense and detect various vehicles, pedestrians, and
roadblocks is an important task. A typical workflow of
object detection is to first derive point clouds or heatmaps
based on mmWave signals, and then localize the bounding
box of target objects. Accuracy or precision are the main
criteria that value the applications’ performance. Besides,
the respective strength of mmWave radars and cameras also
inspires many works fusing mmWave radars and cameras
in object detection. 2) Ego-motion Estimation aims to esti-
mate the motion parameters of vehicles or robots by the
built-in mmWave radars. Localization, translational, and rota-
tional errors are common evaluation metrics for mmWave
radar-based ego-motion estimation systems. Besides, another
application named 3) Simultaneous Localization and Mapping
(SLAM) is also an important component in automotive
applications. SLAM lays more emphasis on building a map

of the target and environment compared to only localization.
The criteria to judge SMAM works mainly include estimation
errors, reconstruction errors, etc.

B. Smart Home Applications

The integration of RF modules of mmWave and IoT devices
in indoor environments has facilitated many smart home
applications. These applications mainly provide human-centric
services ranging from user monitoring to security surveillance
in indoor environments. 1) Activity Recognition refers to
using mmWave signals to sense various human daily activities
(e.g., walking, eating, and typing) and classifying the type of
activity, which plays a key role in smart homes. Recognition
accuracy is a major evaluation metric for human activity
recognition. Similar to activity recognition, 2) Pose Estimation
also focuses on human activities and can reconstruct the pose
of a person. This is realized by estimating the coordinates
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of a person’s skeleton joints (typically 17, 19, and 25 joints)
through the mmWave signals that sense the person’s pose. Its
evaluation metrics are usually estimation errors of each joint’s
coordinate in different axes. 3) Gesture Recognition is another
important human-centric application, which can be realized
by mmWave radar sensing technologies. The mmWave signals
reflected by the hand can be processed to classify the type
of gestures or estimate the location of the hand. Hence,
recognition accuracy and estimation error are two main eval-
uation metrics. 4) Speech Recognition can also be realized by
mmWave radar sensing. The mmWave signals reflected by the
human mouth, throat, or a device’s speakers capture specific
vibration information, which can be utilized to recognize and
recover the content of speeches. The evaluation metrics for
speech recognition are mainly recognition accuracy and speech
quality, such as the SNR and Mel-Cepstral distortion. 5) Vital
Sign Monitoring is a healthcare-related application that can
estimate respiration and heartbeat activities. Using mmWave
radars is able to sense the movement of human chest or
skin, therefore providing the foundation to estimate the circle
rate of vital sign activities. The breathing rate and heartbeat
rate are two typical evaluation metrics in mmWave radar-
based vital sign monitoring. 6) User Authentication based
on mmWave radars can provide a ubiquitous and contactless
security protection manner by wireless sensing. This is realized
by extracting behavioral or biometric features of the user and
classifying identity labels using machine learning techniques.
The evaluation metrics mainly include authentication accuracy,
FAR, and FRR. 7) Indoor Positioning is a fundamental
function in smart homes, which can be carried out by mmWave
radar sensing due to the range and angle information estimated
by FMCW techniques. Positioning errors or tracking errors are
common evaluation metrics for mmWave radar-based indoor
positioning.

C. Industrial Applications

mmWave radars also act as sensors to assist in building
industrial applications or acquiring sensing information for
industrial systems. The radars have the strength of high sensing
capability, privacy-preserving and low cost. Hence, mmWave
radars are suitable to replace some traditional sensors in some
scenarios, such as imaging in privacy-sensitive scenes. Also,
the characteristic of low cost makes them widely equipped
in factories to enable manufacture-assist applications. Many
industrial applications have emerged in recent years, which
can be classified by 1) Industrial Imaging, 2) Industrial
Measurement and 3) Environmental Monitoring. Industrial
Imaging refers to utilizing mmWave radars to derive spatial
information (such as azimuth and elevation angles) and gen-
erating images that describe the target. The imaging based
on mmWave radars is an alternative to other sensors. It
expands the usage scenarios under barriers and poor weather
compared to cameras, and achieves high sensing capability
with capable sensing ranges. Hence, the imaging applications
are designed in various industrial scenarios such as parking
lots, mine environments, etc. Estimation error and accuracy
are two typical evaluation metrics in industrial imaging.

Industrial Measurement is another important application sce-
nario in the industry. Since the signals are with millimeter-level
wavelength and centimeter-level range estimation capability,
mmWave radars are naturally utilized to measure physical
parameters with high accuracy in industrial systems. The mea-
surement of various physical parameters has led to many novel
industrial applications. The metrics to evaluate these industrial
measurement applications mainly include measurement errors
and measurement accuracy. Environmental Monitoring refers
to utilizing mmWave radars as environmental sensors to
monitor weather, soil, liquid, or detect insects. The moni-
toring of weather conditions is particularly realized by joint
radar and communication, which helps climate prediction
and agricultural production. It typically involves exploiting
the effect of environmental changes such as rain and clouds
on mmWave communication links. Prediction accuracy or
detection accuracy are common evaluation metrics.

VII. MMWAVE RADAR SENSING APPLICATIONS

Nowadays have witnessed the emergence of mmWave radar
sensing applications deploying in different scenarios. The
applications mainly involve the use of mmWave signals to
detect, identify and monitor targets in the environment to
achieve the perception of the physical world. Based on the
perception of the physical world, mobile devices and smart
facilities can be given more intelligent capabilities to serve
humans. Together with more mmWave radars appearing in dif-
ferent scenarios including autonomous vehicles, smart homes
and industry, the applications and related studies also increase
rapidly. In this section, we give a comprehensive review of the
emerging mmWave radar sensing applications.

A. Automotive Applications

As common sensors deployed in various vehicles, mmWave
radars have been extensively utilized to realize detection,
ranging, and localization for vehicles. The combination of
mmWave radars, lidars and cameras now is boosting the real-
ization of automatic driving. The automotive applications can
be further divided into object detection, ego-motion estimation,
and SLAM.

1) Object Detection: The purpose of object detection is to
detect the existence of targets in the sensing region, which is
also called semantic segmentation in much literature. Utilizing
the range estimation capability enabled by the FMCW tech-
nique, mmWave radars can provide a weather-robust detection
of objects, which plays an important role in automatic obstacle
avoidance. Therefore, many works employ mmWave radars
for object detection in many application scenarios, such as
automatic driving and unmanned aerial vehicles (UAVs).
Fig. 9 shows the basic idea of object detection with mmWave
radars for automobiles. Object detection can be realized by
using only mmWave radars or fusing mmWave radars with
other sensors such as cameras.

The radar-only works develop different methods including
grid mapping and deep neural networks to detect objects using
only mmWave radars. The grid maps are accumulated by
multiple frames of data, and the segmentation for grid maps
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Fig. 9. Detecting objects based on mmWave radars in automobiles with
FMCW techniques.

can detect different objects. For example, the point clouds
of mmWave radar that capture environmental information can
generate grid maps [166], [177]. Applying image-processing
methods on these grid maps can detect different objects,
realizing mmWave radar data-based object detection. Other
works rely on deep neural networks for object detection
with radar point clouds. For instance, a deep neural network
incorporating multi-scale grouping module (MSG) and feature
propagation module (FP) are proposed in [126]. With the
whole radar point cloud as input, it releases the requirement
of clustering algorithms and manually selected features in
object detection. Scheiner et al. [178] propose recurrent neural
network ensembles based on one-vs-all correction classifiers,
which achieves more accurate performance in identifying
novel classes. Huang et al. [179] use two mmWave radar
sensors for accurate object detection and tracking. They
particularly focus on two noise reduction stages to reduce
noise and distinguish cluster groups. The system is able to
visualize the objects’ information acquired by one radar on
another radar. Tan et al. [180] focus on 4D mmWave radars,
in which the elevation can be used to provide valuable sensing
information. They propose a 3D object-detection framework
based on multi-frame 4D mmWave radar point clouds. The
relative velocity is utilized as compensation to construct multi-
frame mmWave point clouds for object detection.

A number of works fuse mmWave radars and cameras
together to enable object detection in automotive driving.
The fusion of mmWave radars and cameras provides sight
for objects in poor visibility and illumination where cameras
could fail. A pioneer work [150] presents a dataset named
nuScenes constructed by mmWave radars, cameras and lidar.
Based on the dataset, the following works develop different
methods to achieve precise object detection. For example,
Nobis et al. [164] propose a CameraRadarFusionNet (CRF-
Net) to automatically learn the most beneficial level of fusion.
They leverage a Dropout-based learning strategy for learning
on a specific sensor type, which enables better performance
than the image-only method. Another work [165] proposes
a spatial attention fusion (SAF) method to detect objects.
The method embeds the features of mmWave radar and
vision in the feature-extraction stage, and a deep learning
framework is finally used for objective detection. Besides,
Dong et al. [181] explore feature-level interaction and global

reasoning by deep representation learning. With a loss sam-
pling mechanism and an innovative ordinal loss, this work
addresses imperfect labeling and enables critical human-like
reasoning. RODNet [182] designs a deep radar object detection
network, which is cross-supervised by fusing camera and
radar without laborious annotation, to detect objects from the
radar spectrums. A deep learning object detection network
MS-YOLO [139] is proposed to make radar information and
visual information at the same scale. milliEye [172] aims
to adapt to new scenes with only small labeled images or
radar data. It designs a learning-based fusion and a novel
decoupling architecture to robustly detect objects on edge
platforms, enabling performance gains over only image-based
object detectors while generating lower computing overhead
on edge platforms. Sengupta et al. [183] focus on a decision-
level fusion of mmWave radars and cameras for robust
multiobject classification and tracking. Some works focus on
object detection in UAV scenarios. For example, mmWave
radars and cameras can be fused in unmanned surface vehicles
(USVs) [170] for detecting objects on the water surface. This
work designs a novel representation format of mmWave point
clouds, and leverages a deep-level multi-scale fusion of images
and radar data to improve the accuracy and robustness of
small object detection on water surfaces. mmWave radars and
cameras can also be integrated into drones [171]. A drone
fusing the two sensors can address the aggravated sparsity and
noise of radar point clouds, which enables object detection
in poor weather and illumination conditions. A summary
of mmWave radar-based object detection works is given in
Table IV.

2) Ego-Motion Estimation: Ego-motion estimation is a
technology that estimates a device’s motion using the
information captured by the device itself. The technology
originates from computer vision, which is developed to esti-
mate the motion of a camera itself by the captured visual
information. It is essential for navigation and interaction with
the environment. Since the signals can capture environmental
information, ego-motion estimation using mmWave radars
has become an attractive topic and plays an important role
in autonomous vehicles, robotics, etc. Fig. 10 shows the
illustration of estimating a vehicle’s ego motions by radars.

mmWave radars work under variable illumination and atmo-
spheric conditions and can detect long-range surroundings,
which is a promising solution for automobiles’ ego-motion
estimation. Ghost objects are a common issue in radar-
based ego-motion estimation. To address the reflection of
ghost objects, Cen and Newman [142] utilize a landmark
extraction method and design a radar-only scan matching
algorithm to robustly estimate ego-motions under different
rotations and large translations. It achieves robust ego-motion
estimation under various conditions that visual odometry and
GPS/INS could fail. A following work [143] further designs a
gradient-based, one-parameter keypoint extraction algorithm.
The algorithm makes ego-motion estimation highly robust to
radar artifacts (e.g., speckle noise and false positives) with
only one input parameter. Manzoni et al. [185] analyze the
effects of trajectory estimation errors induced by navigation
in terms of defocusing and wrong targets’ localization. The
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TABLE IV
COMPARISON OF MMWAVE RADAR-BASED OBJECT DETECTION WORKS

Fig. 10. Ego-motion estimation based on mmWave radars for automobiles.

work designs a motion estimation and compensation system
leveraging stationary ground control points (GCPs) in low-
resolution radar images, which allows obtaining cm-accurate
images of urban environments for ego-motion estimation of
vehicles. A probabilistic approach [186] can also be employed
to address unstable and phantom measurements and a high
rate of outliers in ego-motion estimation. Zeng et al. [187]
try to solve radar odometry algorithm invalidation caused by
radar velocity ambiguity. They study a joint velocity ambiguity
resolution and ego-motion estimation radar odometry method.
A signal model for the radar odometry is first built and then

an angle-velocity point cloud clustering algorithm is designed.
With the proposed method, they can estimate vehicle poses
in the presence of velocity ambiguity. The coherent synthetic
aperture radar (SAR) imaging problem is closely related
to ego-motion estimation. Therefore, researchers also study
improving the resolution of mmWave radar-based imaging in
automotive applications [188], [189].

Despite the success in automotive scenarios, indoor ego-
motion estimation is also developed to enable location-based
services of robots. For example, a mmWave radar can work
with an Inertial measurement unit (IMU) together in a
system Milli-RIO [190] to estimate six-degrees-of-freedom
ego-motion. The system designs a point association technique
to match the sparse measurements of mmWave radars, and
realizes model-free motion dynamics estimation for indoor
environments. Others mainly rely on the power of deep
learning to realize indoor ego-motion estimation for mobile
agents. For example, a deep learning method milliEgo [173]
is proposed to perform robust ego-motion estimation. This
work is distinguished by a DNN-based odometry approach
to reliably estimate ego-motion from the sparse and noisy
data, and a two-stage cross-modal attention layer to promote
complementary sensor behaviors in the wild. The comparison
of these works is given in Table V.
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TABLE V
COMPARISON OF MMWAVE RADAR-BASED EGO-MOTION ESTIMATION WORKS

3) SLAM: Some works pay more attention to simultaneous
localization and mapping (SLAM) using mmWave radars,
which can reconstruct an environment and localize target
objects. SLAM refers to the process of building a map of
the surrounding environment while simultaneously localiz-
ing the sensor. SLAM has many applications in robotics
and autonomous systems, including self-driving cars, drones,
mobile robots, and augmented reality, which has aroused
research interest in mmWave radar sensing.

To map sparse mmWave signal reflections to an environment
for constructing a dense grid map, milliMap [116] combines
lidar and geometric priors with cross-modal supervision to
train a reliable cGAN that can construct fine-grained and dense
maps. With dense grid maps, it can identify and localize
objects with spectral responses of mmWave signal reflections.
Li et al. [193] propose a mmWave radar SLAM assisted
by the radar cross section (RCS) feature of the target and
inertial measurement unit (IMU). They combine IMU with
continuous radar scanning point clouds into multi-scan to
address the problem of small data volume. An improved
correlative scan matching (CSM) method is proposed to match
the radar point cloud with the local submap of the global
grid map, realizing the tight coupling of localization and
mapping. Another work [194] focuses on robots’ ego-motion,
especially the rotation angle and velocity. The rotation is
estimated using the correlated distribution of detected points
on a 2D plane at successive time instants, while the velocity
is estimated by the trend line of the detected points on the 2D
plane. Park et al. [195] composite two orthogonal mmWave
radars for 3D ego-motion estimation. They introduce a radar
instant velocity factor for pose-graph SLAM framework and
solve for 3D ego-motion in the integration with IMU, which
is effective in estimating general 3D motion indoors and
outdoors under various visibility and structures. The multipath
effect of mmWave signals can be exploited for positioning
indoor electronic devices [196]. By establishing the correlation
between multipath characteristics and the 3D position of

targets, the objects in an environment can be detected and
localized. Besides, configuring the transmission mode of
mmWave radars is another feasible way for accurate indoor
mapping. For example, a dual-mode mmWave radar sensor is
designed in [197], which alternately transmits two waveforms
of different bandwidths to enable long-range and short-range
detection respectively. With the range detection capability, the
radar obtains surrounding information and the radar-equipped
robot’s motions to map the environment. Li et al. [199] aim to
address radar false detections caused by multipath scattering
in closed environments. They study radar multi-path scattering
theory and propose a radar azimuth scattering angle signature.
Different radar false detection revising methods based on
correlative scan matching are designed to eliminate radar false
detections. Aladsani et al. [200] design a merging scheme
of mmWave imaging and communication. They propose to
estimate the AoA and ToA of dominant channel paths, and
project the estimated AoA and ToA information on the 3D
mmWave images to achieve sub-centimeter SLAM. mmWave
radar-based SLAM works are summarized in Table VI.

B. Smart Home Applications

mmWave radars now have stepped into home environments.
Utilizing the radars to sense humans can facilitate the integra-
tion of users and smart homes, providing users with greater
convenience, comfort, and security in daily life. Hence, they
have become a promising enabler for smart homes and yielded
a number of smart home applications, which can be further
categorized as activity recognition, pose estimation, gesture
recognition, speech recognition, vital sign monitoring, user
authentication, and indoor positioning.

1) Activity Recognition: Human activity recognition
(HAR) plays a critical role in supporting a wide range of smart
home applications including human-computer interaction,
elder care, security monitoring, etc. As a contactless sensing
manner, mmWave radars can capture human behaviors
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TABLE VI
COMPARISON OF MMWAVE RADAR-BASED SLAM WORKS

leveraging signal reflections from human body. By integrating
signal processing techniques and machine learning techniques,
sensing systems can predict the types of human activities.

A number of works utilize mmWave radar signals to train
a learning model as a classifier for activity recognition,
which does not rely on any other datasets from different data
sources. The first step of a typical activity recognition system
is to obtain the point clouds of mmWave radar data [71],
[99], [128], [167], [201], [202], which are usually sparse
and noisy. To process the point clouds and extract effective
representations, RadHAR [71] designs sliding time windows
to accumulate the sparse and non-uniform point clouds,
and generate voxelized representation based on the point
clouds. m-Activity [201] extracts human-oriented movements
from the noisy point clouds by acquiring user location and
voxelizing close ambient areas in complex environments.
MMPoint-GNN [128] processes sparse point clouds by a
GNN-based deep learning model with dynamic edges. A
modified voxelization approach is designed in [99] to process
the spatial-temporal point clouds, and the symmetry prop-
erty of radar rotations is utilized to enrich the sparse data.
The fusion of point clouds and range-Doppler profiles are
proposed in [167] to compensate for the sparsity and noise by
multi-model deep learning. Besides point clouds, the spatial-
temporal heatmaps [90], range-Doppler heatmaps [202], and
range-angle-velocity heatmaps [203] generated by range,
Doppler and angle are also utilized to represent human
activities in mmWave signals.

With the processed data representations of signals, activity
recognition systems further construct classifiers, which are
usually deep neural networks. CNNs, RNNs, and their com-
binations are widely adopted for activity recognition due to
their capability in processing spatial and temporal mmWave
data. For example, CNN-LSTM deep learning model [71],
CNN-GRU-based HARnet [201], Dual-view CNN [99], CNN-
LSTM multi-model learning [167], deep CNN [90], [92],
GRU [202], etc., are designed to extract the spatial body
features from convolutional operation or temporal motion
features from recurrent structure for activity recognition. In
addition, MMPoint-GNN [128] designs a GNN model with

bidirectional LSTM to leverage temporal information for
activity recognition.

Some works propose to utilize existing labeled data in
different data sources (e.g., vision or inertial measurement unit
(IMU)) to aid the training process of deep neural networks,
which aims to reduce the heavy training burden in activ-
ity recognition. For example, Vid2Doppler [100] synthesizes
mmWave radar data from videos. By designing an encoder-
decoder-based pipeline for synthetic Doppler data generation,
Vid2Doppler reduces the burden of training with the help of
massive video datasets. IMU2Doppler [204] combines IMU
datasets of smartwatches and mmWave data to build an activity
recognition model. It designs cross-modal domain adaptation
where the IMU data acts as the source domain and Doppler
data acts as the target domain. The cross-modal approach leads
to a low-cost training process that only requires a small amount
of mmWave data. mmWave radar-based activity recognition
works are summarized in Table VII.

2) Pose Estimation: Human pose estimation refers to esti-
mating the location of a person’s skeleton joints to reconstruct
the human pose. Pose estimation visually reveals a person’s
behaviors as the person stands, moves, walks, or sits, which
supports numerous application scenarios involving human
activities, such as athletic training, motion-sensing gaming,
virtual reality (VR), etc. mmWave signals can capture human
torso and limb movements. With deep learning techniques, the
signals can be mapped into the coordinate of human skeleton
joints, which realizes human pose estimation. An illustration
of mmWave radar-based pose estimation is shown in Fig. 11.

Some studies aim to accurately estimate a single per-
son’s pose under a specific environment and location. The
performance of pose estimation mainly depends on the design
of neural network models. Hence, the researchers focus on
constructing appropriate neural networks to accurately predict
the coordinates of human skeleton joints. A widely employed
neural network for mmWave radar-based pose estimation is
CNN, which takes convolutional operations to extract spa-
tial feature representation for human postures. For example,
mm-Pose [205] designs a forked CNN to extract skeletal
features from radar-to-image representations to estimate the
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TABLE VII
COMPARISON OF MMWAVE RADAR-BASED ACTIVITY RECOGNITION WORKS

Fig. 11. A typical workflow of pose estimation using mmWave radars. The
mmWave signals that sense a user’s pose are fed into neural networks, and
neural networks output the estimated coordinates of multiple skeleton joints
to realize pose estimation.

coordinates of 17 skeleton joints. Mars [156] employs a
CNN with 3D 5-channel stacked feature maps as the input,
which can predict 19 skeleton joints in 3D spatial coor-
dinates. Another CNN-based architecture [206] is designed
with forward kinematics, which recalculates joint positions
and improves stability in pose estimation for 25 joints. In
addition to CNNs, another approach based on natural language
processing (NLP) is proposed in mmPose-NLP [207] to
enable pose estimation using mmWave signals. Through the
analogy from key processing techniques in NLP, mmPose-NLP
voxelizes radar point clouds and subjects multiple frames to
a GRU-based encoder-decoder model, which extracts skeletal
key points analogous to keywords in NLP. By converting
the voxel indices back to real-world 3D space, mmPose-
NLP achieves human pose estimation of 25 skeleton joints.
Wei et al. [208] propose a human pose estimation method
based on multi-angle mmWave data. They employ a trans-
former module between the encoder and decoder, and use
a confidence refinement network to improve the position
precision of human keypoints.

Other works pay more attention to addressing practical
issues in complex usage scenarios, such as different indoor
environments, different subjects, multi-user scenarios and body
mesh construction. To enable pose estimation in complex
environments with superimposed reflections, a two-branch

deep learning architecture is proposed in [209], where a global
branch aims to reconstruct a global body pose and a local
branch focuses on fining partial details of a human pose even
under superimposed reflections. In this way, the local motion
constraints of each part of a human body are incorporated into
a global estimation of the whole human body, which describes
more details of a human pose with 17 joints. mPose [210]
focuses on mitigating the impact of environments and subjects
in mmWave radar-based posture reconstruction. It dynamically
localizes a user to remove environmental interference, and
designs a domain adversary-based deep learning model to
mitigate the impact of specific subjects, which can estimate
17 skeleton joints. In addition to single-user scenarios, multi-
user pose estimation can also be achieved by mmWave radar
sensing. m3Track [50] exploits range and angle information to
separate multiple users on mmWave profiles, which extracts
each user’s spatial and temporal features. It then designs a
forked-ConvLSTM to estimate skeleton joints and proposes a
coordinate-corrected method to continuously track the posi-
tion of each user. With the mapping between reconstructed
skeletons and user positions, it realizes multi-user 3D human
posture reconstruction and tracking with 17 skeleton joints.
SynMotion [211] designs a vision-driven signal synthesis
method to realize zero-shot learning activity recognition and
few-shot learning skeleton tracking, achieving tracking body
poses for multiple users with 19 skeleton joints. Besides the
skeleton joint-based pose estimation, human mesh construction
is also considered in the research community. mmMesh [159]
designs a deep learning framework to estimate 3D human mesh
using sparse mmWave point clouds. The proposed framework
enables the alignment of the vertexes with corresponding
body parts in complex scenarios and infers missing body
parts through previous frames, which predicts a realistic and
dynamic human mesh. A further work M 4mesh [212] enables
multi-user 3D mesh construction with a mmWave radar. To
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TABLE VIII
COMPARISON OF MMWAVE RADAR-BASED POSE ESTIMATION WORKS

solve the occlusion problem, the work leverages information
from previous frames to estimate users’ meshes of current
frame. In addition, fusing mmWave and image together for
3D human mesh construction is also studied [213] to work in
dynamic motions and different conditions. The reviewed works
in mmWave radar-based pose estimation are summarized in
Table VIII.

3) Gesture Recognition: The human gesture is the basis
to support human-computer interaction (HCI) applications
including smart home control and mechanism operation. Using
mmWave radars to sense human gestures provides a non-
contact and non-intrusive human-computer interaction, which
has attracted a great deal of research interest.

Due to the complexity and variability of actual HCI sce-
narios, mmWave radar-based hand gesture recognition faces
a major challenge from various backgrounds, i.e., different
environments, locations, orientations and subjects. This has
prompted a large number of studies to focus on enhancing
the capability of gesture recognition in various backgrounds.
To enable gesture recognition in various backgrounds, some
studies exploit the physical property of signals to build
robust feature representations that stay consistent in differ-
ent backgrounds. mHomeGes [86] designs a user discovery
method to focus on the target human gestures, so that the
feature representations could be robust to different loca-
tions, orientations and subjects. M-Gesture [160] proposes a
pseudo representative model for mmWave signals, which can
depict overall trajectory and structural skeleton changes to
describe person-independent gestures. Another parameterized
representation of the temporal space-velocity spectrogram is
designed in [94] to represent hand gesture features of different
data modalities. DI-Gesture [168] develops a mmWave data

augmentation framework based on correlations between signal
patterns and gesture variations. With the framework, it can
generate synthetic data to reduce data collecting burdens,
enabling environment, locations and speed-independent ges-
ture recognition. A GreBsmo algorithm is utilized in [214]
to remove static backgrounds and clutters in signals, so
that dynamic gestures can be described in an environment-
independent way. The features in frequency ratio, motion range
and detection coherence are utilized in [57] to eliminate the
interference in unintended gestures. A robust intrinsic spectro-
gram is proposed in [215] to describe gesture motion patterns
in variable locations, directions and speeds of gestures. It
creates a virtual coordinate system and designs a coordinate
transformation method to transform the signals into robust
intrinsic spectrograms.

Others utilize the power of neural networks, especially
deep learning techniques, to realize robust and reliable ges-
ture recognition. A pioneer work [132] designs a deep
CNN-LSTM model to enable fine-grained dynamic gesture
recognition across users and sessions. Other CNN models,
such as Deep CNN [91], 3D deep CNN [55], etc., are
designed to learn embedded gesture features for gesture
recognition. Besides CNNs, different deep learning models
are also investigated in the research field for learning-
based gesture recognition. For example, mmASL [216]
takes advantage of the knowledge in the American sign
language (ASL) domain and proposes a multi-task deep
learning model to learn generalized feature representations,
enabling environment-independent gesture recognition for
ASL. Tesla-Rapture [217] develops a deep learning model
consisting of temporal graph k-NN and self-attention mes-
sage passing neural network (MPNN). The temporal graph
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k-NN models the time-dimensional point clouds as tempo-
ral graphs, and the MPNN processes motion point clouds
using graph convolution. Pantomime [162] utilizes sparse 3D
point clouds to obtain high-resolution spatial and temporal
information, and designs a deep learning model incorporating
PointNet++ and LSTM to realize real-time gesture recogni-
tion. mTransSee [218] employs transfer learning techniques for
training data adaptation, which can reduce training efforts of
gesture recognition in adapting to new environments. mmGes-
ture [219] focuses on semi-supervised learning for mmWave
radar-based gesture recognition. It utilizes few labeled data
in the source domain and large amounts of unlabeled data
in the target domain, achieving domain-independent gesture
recognition.

Different from gesture recognition which predicts the clas-
sification results of pre-defined gestures, the tracking for a
hand or finger can quantitatively and visually describe hand
motions. Hand tracking provides a more flexible capabil-
ity to enable applications ranging from remote controlling,
virtual keyboard, VR gaming, etc. Since a mmWave radar
can spatially describe an object by revealing its relative
range and angle, it becomes a feasible approach to track
the movement of hands, fingers, or handhold objects. To
track the movement of a hand, a mmWave radar needs to
dynamically localize the position to form a moving trajectory
of the hand, which is a small-scale localization problem. This
can be solved by modeling the phase changes of mmWave
signals to describe the displacement. Soli [220] leverages
fine phase changes in mmWave signals to describe a moving
hand, and combines instantaneous and dynamic information
to enable location-robust hand tracking. mm4Arm [96] takes
the phases of reflected mmWave signals from the forearm
to estimate the movement of a hand. It observes that the
muscles in the forearm activate the motion of the hand, so
the reflections from the forearm can be used to estimate
hand movement. Besides, deep learning-based approaches are
also utilized in hand tracking. For example, a novel fully
convolutional neural network (FCNN) [221] is designed to
extract spatial and temporal features from mmWave signals
to perform super-resolution localization of a hand, therefore
realizing continuous hand motion tracking.

Similar to tracking a hand, tracking the movement of fingers
or handhold objects also requires dynamic localization of
spatial points to form moving trajectories. Some works rely on
deep learning models to continuously track fingers’ positions.
For example, ThuMouse [58] designs a CNN-LSTM-based
deep learning regressor to perform regressive tracking for
fingers. Others exploit the phase of mmWave signals to build
reliable tracking models. mTrack [222] models the phase
changes caused by moving targets by removing background
interference as well as counting and regenerating phases.
With accurate phase changes, it can further track a writing
pen precisely. Besides, using channel impulse response (CIR)
to estimate the time of arrival (ToA) can also describe the
location of targets. For example, mmWrite [223] utilizes ToAs
in CIR and spatial information from digital beamforming to
estimate spatial origin. With dynamic signal isolation, spatial
refining and trajectory enhancement, it can passively track

a handwriting finger or pen. The summarization of gesture
recognition works is presented in Table IX.

4) Speech Recognition: The recognition of human speech
contents enables machines to receive and understand the
requests from humans. As a fundamental function in artificial
intelligence of things (AIoT), speech recognition facilitates
many emerging AIoT applications, such as the voice-user
interface (VUI) of smart devices. The voices generated by
human or audio devices are usually accompanied by vibrations
in the region where the voice is emitted. As shown in Fig. 12,
human speeches cause movements in the mouth and throat
region, which can be detected by mmWave signals. Through
integrating machine learning techniques, the speech content
can be recovered in mmWave signals. Hence, some studies
exploit mmWave radars to aid the sensing of speech activities
to enable robust and reliable speech recognition, i.e., human
speech recognition. Others try to eavesdrop on voices from
audio devices for voice attack, i.e., audio eavesdropping.

To recognize human speech, a feasible solution is to
capture the vocal track’s vibrations and exploit machine learn-
ing techniques to identify speech contents based on unique
vibrations. For example, the vibrations of human throats
can be utilized to recover human speech. WaveEar [101]
localizes a speaker’s throat to detect vibrations, and designs
a Wave-voice Net composed of encoders and decoders to
recover high-quality voices. Mouth movements [224] in speech
activities can also be sensed by mmWave signals to enable
silent speech recognition. The mouth movements cause phase
changes in mmWave signals. By addressing phase ambiguity
and linearly reconstructing the phase of speech, some specific
speech contents are recovered [224]. The lip motion and
vocal-cords vibration [225] could be combined together to
enable multi-modal speech recognition. The researchers in
mmMic propose cross-validation of lip motion and vocal-cords
vibration, and utilize a multi-modal fusion framework for
speech recognition. Wavoice [226] localizes a target speaker
and detects the vocal vibrations and motions based on the
fusion of mmWave and audio signals. With a fusion network to
extract semantics, it realizes noise-resistant speech recognition.
Another work mSilent [227] utilizes mmWave radars to realize
silent speech recognition. The system extracts fine-grained
articulatory features through a clustering-selection algorithm,
which generates a multi-scale detrended spectrogram. A neural
network model consisting of a multi-branch convolutional
front-end and a Transformer-based back-end is designed to
handle the complexity of the general corpus.

Furthermore, the surrounding objects vibrated by human
speech activities can also be utilized to recover speech con-
tents, which are robust to various user positions and postures.
Since the surrounding objects are indirectly vibrated by human
voice sources, challenges of low-SNR and distorted signals
appear. To address the challenges, an incorporated design of
common component extraction, signal superimposition and
encoder-decoder network are proposed in AmbiEar [102]
to guarantee the quality of signals for speech recognition.
Besides, mmEcho [176] designs a phase calibration method
to address these problems for obtaining high-quality signals
reflected from surrounding objects. It can also release the
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TABLE IX
COMPARISON OF MMWAVE RADAR-BASED GESTURE RECOGNITION WORKS

Fig. 12. The human speech causes movement in the mouth and throat region,
which can be captured by mmWave signals in phase changes.

requirement of prior knowledge of audio signals and work
under various sound-insulating materials.

Using mmWave signals can achieve voice eavesdropping of
audio devices by detecting speakers’ vibrations. A key enabler
for audio eavesdropping is to accurately recover the audio con-
tents using the signals. Hence, some studies exploit generative
models to recover the audio or enhance the audio quality. For
example, MILLIEAR [114], [115] detects fine-grained vibra-
tions of a speaker by a virtual sub-chirp design, and proposes a
conditional generative adversarial network (cGAN) to generate
the audios from the vibrations. The generative model has no

vocabulary restrictions on the recovered audio. mmEve [117]
addresses the motion interference problem in mmWave signals
and utilizes GAN to improve the intelligibility in recovering
speeches. mmPhone [228] proposes a multitarget adaptive
fusion enhancement method to improve and guarantee the
quality of recovered sounds. Besides, a problem in large-scale
radar datasets is considered and addressed in mmSpy [98],
by synthesizing large-scale mmWave data using a synthetic
model. In addition to vibrations caused by audio devices, a
new feature in mmWave signals, i.e., the piezoelectric film in
mmWave band, is exploited in another mmPhone [229]. The
property of piezoelectric films changes with sound pressure
due to the piezoelectric effect, so it can be utilized to recover
speeches from a loudspeaker. The reviewed speech recognition
works are summarized in Table X.

5) Vital Sign Monitoring: Healthcare has gradually
expanded from professional medical scenes to home
environments. Vital sign monitoring is a key support to home
healthcare services, which includes the detection of human
breathing, heartbeat, blood pressure (BP), etc. Different from
dedicated sensors attached to the human body, mmWave
radars can monitor a person in a contactless and non-
intrusive manner, becoming a promising solution for vital sign
monitoring in daily scenarios. For example, human breathing
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TABLE X
COMPARISON OF MMWAVE RADAR-BASED SPEECH RECOGNITION WORKS

and heartbeat activities cause movements in the human chest,
so a mmWave radar can measure the displacement and
vibration of the human chest in phase changes to estimate the
respiratory rate and heart rate for vital sign monitoring.

The studies in single-user vital sign monitoring mainly aim
to enhance the accuracy of respiratory and heart rate estimation
for providing reliable healthcare services. Key processing for
vital sign monitoring is to obtain accurate phase of mmWave
signals to precisely measure the fine-grained displacement of
the human chest. To obtain an accurate phase from noisy
mmWave signals, a novel phase unwrapping manipulation is
proposed in [230]. It removes the direct current (DC) value
in unwrapped phases and searches for the best range bin
corresponding to the real vibration frequency of the target.
A circle center dynamic tracking algorithm and extended
differential and cross-multiply (DACM) are applied in [231]
for phase unwrapping. After obtaining the accurate phase
of mmWave signals, the frequency components of breathing
and heartbeat need to be further separated and estimated
respectively for monitoring the two types of vital signs. This
can be achieved by directly utilizing the frequency differences
to separate breathing and heartbeat [230], or reconstructing the
breathing and heartbeat signals based on compressive sensing
and adaptive-threshold noise reduction [231]. Pi-ViMo [232]
tries to address the limitation of users’ fixed distance and static
pose. It derives a multi-scattering point model of humans,
enabling vital sign estimations at any location. A template
matching method is then utilized to extract human vital signs.
Besides, blood pressure can also be measured by sensing a
subject’s wrist and capturing skin or blood vessel displace-
ment [233], [234], [235]. For example, mmBP [233] utilizes a
mmWave radar to measure blood pressure by exploiting delay-
Doppler domains for pulse waveform construction. It also

alleviates human tiny motions in measuring blood pressure by
leveraging the characteristics of pulse waveform signals.

Monitoring multiple users’ vital signs simultaneously is
more challenging due to the uncertain interference of multiple
users in sensing scenarios. To accurately detect each user’s
vital sign activities, monitoring systems should first localize
a person to capture individual signals, or calibrate the signals
to remove inference under complex multi-user scenarios.
For example, mmVital [236], [237] designs a human finding
technique to locate a target user using the reflection loss of the
human body, which can accurately capture each user’s chest
movement for multi-user vital sign monitoring. A random
body rejection algorithm is proposed in [238], which can track
and detect the vital signs of target users in the presence of
movement. Another work [239] leverages range-gating and
beamforming techniques to extract target signal components
and eliminate the influence of surroundings, enabling the
detection of each user’s vital sign in multi-user scenarios.
ViMo [240], [244] designs an adaptive object detector to
detect stationary or nonstationary users. It extracts respiratory
components from the signal phase and utilizes dynamic pro-
gramming (DP) to resist measurement noises for vital sign
monitoring.

In addition, there have been studies on vital sign moni-
toring in dynamic environments (e.g., driving environments),
which can keep tracking a person in changing backgrounds
with body motions. To remove human motion artifacts in
driving environments, a study [174] applies motion compen-
sation for motion artifact removal, and utilizes periodicity
checks to identify vital sign components. The respiration
and heartbeat signals are reconstructed by an optimization
method. To eliminate the impact of dynamic vehicle changes,
mmECG [241] differentiates the phase changes caused by
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TABLE XI
COMPARISON OF MMWAVE RADAR-BASED VITAL SIGN MONITORING WORKS

different movements, and applies a hierarchy variational mode
decomposition (VMD) approach to extract and estimate the
essential heart movement in mmWave signals. The cardiac
cycles are reconstructed based on a template optimization
method. A recent work [242] proposes to deal with body
movements and environmental changes by combining radars
and cameras. They utilize a camera to assist a mmWave
radar in accurately localizing the subjects of interest, and then
exploit the calculated subject position to form transmitting
and receiving beamformers. Afterward, they employ weighted
multi-channel VMD to separate vital sign signals. iSense [243]
aims to address vital sign monitoring in the presence of mutual
device interference. It uses one-way propagation characteristic
of device interference for suppressing the interference. The
reviewed vital sign monitoring works are summarized in
Table XI.

6) User Authentication: Nowadays, the concept of user
authentication has been largely expanded from secure pro-
tection to the mapping between the human and IoT world.
mmWave radars could sense and reveal a person’s behaviors
and biometrics. Through extracting behavioral or biometric
features and constructing reliable classifiers, user authentica-
tion can be achieved in ubiquitous indoor environments for
smart home control and privacy protection. A typical workflow
of mmWave radar-based user authentication is shown in
Fig. 13.

A person’s gait exhibits unique patterns in step length,
duration, instantaneous velocity and inter-lower distance of
limb movement, making gait a reliable behavior for user
authentication. In a behavioral feature-based manner, leverag-
ing gaits for user authentication requires a strong capability
in behavioral feature extraction. Hence, a crucial part of

Fig. 13. A typical workflow of mmWave radar-based user authentication. A
mmWave radar senses a user’s activity, such as gait, speech, face, or heartbeat.
The sensing signals are first processed by signal processing techniques. Then,
behavioral features are extracted from the signals usually by neural networks.
By classifying the user into a known user profile, the user’s identity is
identified and authenticated.

gait-based user authentication is to design reliable neural
networks for feature extraction. To achieve this goal, some
studies exploit the capability of CNNs to extract spatial fea-
tures related to user behaviors. For example, a multi-channel
three-dimensional CNN is designed in [245]. With motion
speed and intensity of strong scattering points as the input,
the CNN enables hierarchical extraction and fusion of multi-
dimensional features of human gaits. Other studies construct
new intermediate representations before feeding the signals
to CNNs. A corrective velocity spectrogram is constructed
in [169] by exploiting location and Doppler information, which
reveals the actual velocity of users. With a CNN-based deep
learning model, it can identify users walking on arbitrary
paths. A GaitCube is constructed in [246] to reduce the train-
ing efforts in different environments for mmWave radar-based
user authentication. GaitCube is a 3D joint-feature represen-
tation combining micro-Doppler and micro-range signatures.
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With a CNN-based deep learning model, it achieves user
authentication in unseen locations with less training data
collection.

Other studies realize multi-user authentication by extracting
individual features to describe each user in complex multi-user
scenarios. To extract a user’s behavioral features, MU-ID [247]
leverages silhouette information to segment multi-user steps
and combines a CNN to realize multi-user identification. A
density-based classification algorithm is proposed in [105]
to separate Doppler signatures of multiple users and com-
bines autoencoder-based deep learning for user identification.
mmGaitNet [97] incorporates ResNet and spatio-temporal
convolutions kernels to extract each user’s gait features for
multi-user gait recognition. MGait [248] extracts gait fea-
tures from range-Doppler profiles by a neural network with
large-margin Gaussian mixture (L-GM) loss, where each com-
ponent of Gaussian mixture distribution denotes a registered
user. Another work named MCGait [249] leverages micro-
Doppler calibration for multi-user authentication based on the
gait. The highlight is to calibrate temporal gait micro-Doppler
features of each user to eliminate the negative effect of gait
direction dynamics. Besides the mmWave data sole method,
another study [250] fuses vision and mmWave signals for
multi-user gait-based authentication. It addresses the inter-
modality discrepancy between vision and mmWave signals,
and designs a cross-modal deep metric learning model to
synchronize the two data, providing a cross-modal human re-
identification (ReID) solution.

In addition to gait-based user authentication, there are
other biometrics-based authentication approaches leveraging
mmWave signals, such as face recognition [104], [251], [252],
voice authentication [253], [254], and heartbeat authentica-
tion [255]. The biometrics features are embedded in human
facial shapes, speech habits and heartbeat cycles. Hence, these
studies put a lot of effort into designing customized deep
neural networks for biometric feature extraction. For exam-
ple, autoencoder-based deep learning models [104], [251] are
designed to take the spatial facial information of each user as
biometric features for user face recognition. Another facial-
based study mmFace [252] designs a virtual registration
process where photos are converted to mmWave profiles
based on cross-modal transformation, which enables low
training burdens based on mmWave signals. Besides, vocal
vibrations of a user’s throat are also exploited for voice
authentication [175], [253], [254]. For example, a VocalPrint
system [253], [254] proposes a resilience-aware clutter sup-
pression approach to eliminate ambient noise and further
extracts vocal tract and source features for authentica-
tion. Another system [175] uses mmWave radar to extract
both vocal cord vibration (VCV) and lip motion (LM) as
multimodal biometrics for speaker verification. In addition,
there are vital sign-based user authentication approaches,
which extract unique biometric features in heartbeat cycles
for user authentication. For example, HeartPrint [255] uses
the effect of skin surface vibrations caused by heartbeat on
mmWave signals to extract fine-grained features in heartbeat
traits. Its following work M-Auth [256] dynamically adjusts
the radar orientation for isolating individual components

for multi-user authentication. Another work [257] utilizes
environmental fingerprints caused by unique human outline
profiles and vital signs for user detection and identification.
The reviewed user authentication works are summarized in
Table XII.

7) Indoor Positioning: Indoor positioning is a crucial func-
tion to enable location-based services for users in indoor
environments. mmWave radars can estimate the range, angle
and velocity of targets, which provides an accurate and
dynamic estimation of users’ position. A number of works
focus on human positioning in indoor environments, providing
device-free and non-intrusive location-based services for users.

Since mmWave signals are noisy in indoor environments,
the FMCW-based range estimation and TDM-MIMO-based
angle estimation could suffer from inaccuracy in tracking
a moving person. Hence, the studies in human tracking
pay attention to addressing noisy problems and improving
estimation capabilities. For example, mmTrack [68] performs
digital beamforming on mmWave signals to improve spatial
estimation, and eliminates the near-far-effect and measurement
noises as well. To localize and track users, it employs a
clustering algorithm to detect multiple users and designs a
weighted bipartite graph matching to track users’ trajectories.
Another work [258] designs a context-based algorithm for
human detection and localization and utilizes a calibration
algorithm leveraging radar irradiation to refine the positions.
Li et al. [259] build a single-radar indoor positioning system,
which determines the trajectory by estimating the velocity
and heading of moving radar from sparse point clouds. Some
works [47], [48], [49], [50], [260] make use of extended
Kalman filters to continuously track users in indoor envi-
ronments for indoor localization and tracking, yielding linear
regression correction-based extended Kalman filter [47], non-
linear extended Kalman filter [48], recursive Kalman filter
tracking with data association [49], and coordinate-corrected
extended Kalman filter [50]. Besides these tracking algo-
rithms, deep learning models [105] can also be utilized to
dynamically estimate the position of users for human tracking.
Another research [261] focuses on reconstructing accurate
signal spectral peaks from the discrete samples for localization.
Also, some studies explore the method to localize stationary
human targets. For example, Li et al. [262] propose a fretting
phase variation characteristics detection based on mmWave
signals, which can achieve low detection time and high
accuracy for stationary humans even if not directly in front
of the radar. The indoor positioning works are summarized in
Table XIII.

C. Industrial Applications

In addition to automotive applications and smart home
applications, mmWave radars are also an alternative to sensors
in industrial systems. The properties of low cost, small size
and all-weather operation have prompted the integration of
mmWave radars and the industry, leading to a huge devel-
opment of industrial applications. These applications can be
further classified as industrial imaging, industrial measure-
ment and environmental monitoring.
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COMPARISON OF MMWAVE RADAR-BASED USER AUTHENTICATION WORKS

TABLE XIII
COMPARISON OF MMWAVE RADAR-BASED INDOOR POSITIONING WORKS

1) Industrial Imaging: Due to the sensing capability in
azimuth and elevation angles, mmWave radars have gradu-
ally been able to realize industrial imaging. HawkEye [121]
focuses on car imaging in fog scenarios. Based on the low-
resolution mmWave radar point cloud, a cGAN is proposed
to recover high-resolution images in the presence of dense
fog, which overcomes the limitations of cameras and Lidar in
car-imaging problems. A following work [263] design a back-
to-back conditional GAN deep neural network. Two generators
are integrated into the network, where the first one generates

2D depth images based on raw radar intensity data, and the
second one outputs 3D point clouds based on the results
of the first generator. The architecture exploits convolutional
operation and the efficiency and detailed geometry capture
capability of point clouds to generate accurate 3D images.
Hansen et al. [148] utilize a self-designed mmWave radar for
two industrial applications, i.e., tube extrusion for plastic mate-
rials and 3D radar imaging of fiber-composite materials. The
work proves mmWave radar’s high-resolution measurements in
separating reflections and imaging targets of specific materials.
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TABLE XIV
COMPARISON OF MMWAVE RADAR-BASED INDUSTRIAL IMAGING WORKS

mmWave radars can also be utilized in mine environ-
ments [264], [270] including open cut and underground mines.
Due to mmWave radars’ superior penetration through adverse
atmospheric conditions, they have become an alternative
to laser and sonar implementations in mine environments.
Osprey [265] is an on-automobile tire wear sensing and imag-
ing system based on a mmWave radar. By placing a mmWave
radar in the tire well of automobiles, Osprey observes reflected
signals from the tire surface and grooves to measure tire
wear and obtain an image showing the tire wear condition,
even in the presence of debris. Pan et al. [266] develop an
implementation of a guided FMCW radar reflectometry unit
for sensing and imaging applications. The insight behind is the
differentiation capability between reflected signals generated
along the waveguide as parasitic signals or at its probing
end as sensing information. Another freehand scanning system
based on mmWave radar is proposed in [267]. The system
exploits the free movements of a radar to create a synthetic
aperture for scanning and imaging, and also reduces the
artifacts in images by compensating for irregular sampling.
Besides, Gupta et al. [268] utilize a YOLO model-based
method and apply it to custom range-angle heatmaps, which
realize multiclass target classification using mmWave sig-
nals. Liu et al. [269] investigate the deep learning-based
object detection approaches for the mmWave images, and
then develop a concealed object detector for the security
system. The deep learning method is based on convolution and
context embedding, which aims to capture both details and the
context information for small object detection. The mmWave
radar-based imaging application works are summarized in
Table XIV.

2) Industrial Measurement: Other studies probe into the
physical properties of mmWave signals to measure different
physical parameters. mmVib [271] leverages a mmWave radar

to measure micrometer-level vibration. It identifies mmWave
signal in the In-phase and quadrature (IQ) domain and pro-
poses a multi-signal consolidation to describe the movement
properties of signals. mmVib provides a vibration detection
approach for industrial systems with a single COTS mmWave
radar. Ahmad et al. [146] design a new mmWave radar
sensor chipset working in 60GHz with FMCW techniques. The
radar sensor can be utilized in ranging, vibration measuring,
etc., in factories. Besides vibration of equipment, mmWave
radars can also be exploited to measure wind turbine blade
clearance [272]. In this work, the mmWave radars constantly
measure the change in the distance between the tower and
the blade, and then estimate the minimum clearance distance
between the blade and the tower. Some researchers explore
the feasibility of utilizing mmWave radars to launch various
attacks. For example, WaveSpy [273] designs a side-channel
attack for screen content leveraging mmWave signals. It
utilizes the relation between screen content and the state of
liquid crystal arrays in displays, and leverages an FMCW
mmWave radar to estimate the liquid crystal nematic state,
which aims to interfere with screen content for side-channel
eavesdropping. Miura et al. [274] propose a distance-spoofing
attack for automotive applications. They can manipulate dis-
tance measured at target radar by half-chirp modulation and
two-step delay insertion, demonstrating the potential feasibility
of low-cost malicious spoofing attacks in radar ranging.

The detection of various targets is another important
application scenario in the industry. The targets that are
detected by mmWave radars can be child [276], obsta-
cles [277], drones [278], [279], etc. For instance, Caddemi and
Cardillo [276] utilize a mmWave radar to detect the presence
of a child in a car, which aims to avoid incidents where
children being left inside a car die of heatstroke. A mmWave
radar cane is designed in [277] to detect obstacles in the area
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TABLE XV
COMPARISON OF MMWAVE RADAR-BASED INDUSTRIAL MEASUREMENT WORKS

scanned by a user and provide feedback about their distance
for enhancing blind people’s mobility. Semkin et al. [278] use
radar cross-section signatures to detect drones with different
materials. They prove that larger drones made of carbon fiber
are easier to detect whereas drones made from plastic and sty-
rofoam materials are less visible. Another similar work [279]
proposes to track and pursue a target drone via the mmWave
radars installed in another drone. Although the mmWave radar
measurements are 2D, the work can estimate 3D position of
the target drone. Zhai et al. [280] propose an adaptive Sage-
Husa Kalman filter for target tracking, which can accurately
estimate the position information of the lost target. It addresses
the problems in the variety of targets on the road, the different
scattering intensities of multiple parts, and the interference of
the flicker noise. Besides, combining a mmWave radar array
with an accurate positioning system can achieve character-
ization of large raw material (e.g., cereal grain, coal, etc.)
stockpiles [281]. Wu et al. [282] design a package-height
estimation and parcel-size classification using mmWave radars.
They introduce three schemes using the range-profile data, i.e.,
the detection based on cumulative distribution, the detection
based on peak-value clustering, and the DBCD–DBPC hybrid.
The proposed schemes can accommodate parcels/packages
in arbitrary orientations. Another work on material classifi-
cation [283] utilizes mmWave radars’ reflection to classify
industrial materials. The classified materials are common

engineering materials which include metal, polymer, ceramic,
composite and natural. This work exploits unique material
properties and the physical structure of target object, with
the assistance of deep neural networks. The works related to
measurement applications are summarized in Table XV.

3) Environmental Monitoring: Environmental monitoring
is a vital application for industrial production, agricul-
tural production and social activities. The monitored objects
include weather conditions, temperature, gases, liquid, humid-
ity, soil, insects, etc. mmWave radars can be utilized as
environmental monitoring sensors and many research works
have been presented. A pioneering study [284] demonstrates
clouds and precipitation sensing using mmWave radars with
capturing reflectivity, Doppler, and polarimetric quantities.
ThermoWave [285] exploits the thermal scattering effect on
signals to monitor the temperature. The key insight of the
system is that the cholesteryl materials have different molecu-
lar patterns at different temperatures, which can be modulated
and sensed by mmWave signals. With a paper tag attached to
the object, the temperature will modulate mmWave scattering
and be demodulated by the system. mmWave signals can
be utilized to monitor gases and aerosols [286]. The basic
idea is to simulate the refractive index of arbitrary gases at
mmWave frequencies using molecular spectroscopic data. The
simulations then allow the identification of the respective gas
or aerosols in the industry. Besides, using mmWave radars
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can identify liquid. The researchers in [287] exploit signal
attenuation, phase shift and propagation delay when penetrat-
ing liquid for identifying the type of liquid. Humidity sensing
can be realized by mmWave radars. Reference [288] uses the
impact of different levels of water vapor on mmWave signals
and proposes an environmental humidity sensing method.
To eliminate other environmental factors such as oxygen, it
exploits a subspace projection technique to establish a linear
relationship between humidity and mmWave signals. Rainfall
monitoring [289] is achieved by studying rain attenuation
characteristics of microwave backhaul techniques at different
mmWave frequencies and link lengths. It shows great poten-
tial in estimating the path-averaged rain rates with different
mmWave links. [290] explores the effects of different phases
of water in atmosphere on the propagation of mmWave signals,
and designs a modified mmWave propagation model to predict
suspended water droplets and rain effects. Soil moisture
sensing [291] can be realized by a single mmWave radar. The
researchers exploit mmWave signals to obtain the soil moisture
from the propagation time and AoA of the reflected signals.
The above studies utilize mmWave radars to sense physical
properties of the environment. Besides, mmWave radars can
be utilized in another environmental monitoring scenario,
i.e., detecting small living matter such as insects. Tahir and
Brooker [292] utilize mmWave harmonic sensors and radar
for observing and monitoring insects. Another work [293]
explores mmWave imaging for insect motion sensing.

D. Summary and Insights

In this section, we provide a comprehensive review of the
applications driven by mmWave radar sensing technologies.
Through a systematic examination based on application tax-
onomy, we survey the applications and related studies across
three primary categories.

In automotive scenarios, our focus lies in pivotal areas such
as object detection, ego-motion estimation, and SLAM. Given
the tendency of fusion of multiple sensors, we particularly
explore fusion techniques and examine their synergistic contri-
butions towards enhancing sensing capabilities in autonomous
vehicles. Smart home applications represent human-centric
services, aiming to augment the intelligence and convenience
of daily life. Within this domain, recognition-related applica-
tions, including activity recognition, pose estimation, gesture
recognition, and speech recognition, emerge as focal points.
We comprehensively investigate research studies dedicated
to each application, highlighting their unique attributes and
contributions. Further, we explore other smart home applica-
tions such as vital sign monitoring, user authentication, and
indoor positioning, each catering to specific usage scenarios
with distinct judgment criteria. These applications exhibit a
broad spectrum of functionalities, ranging from healthcare
monitoring to security and navigation, demonstrating the
adaptability of mmWave radar sensing technology. Industrial
scenarios represent a traditional yet evolving landscape where
mmWave radars find extensive utility in applications such as
industrial imaging, measurement, and environmental monitor-
ing. We review research works involving the objectives and

deployment scenarios of mmWave radar-based industrial appli-
cations. The inherent advantages of mmWave radar sensing,
including privacy protection and cost-effectiveness, present
high value in industrial environments. It enables continuous
development and innovation in areas where traditional sensors
may be insufficient or expensive. In general, the landscape of
sensing applications continues to evolve dynamically in the
foreseeable future. As technological advancements, mmWave
radar sensing technology is poised to play an increasingly
pivotal role across diverse domains.

VIII. CHALLENGES AND SOLUTIONS

mmWave radar sensing applications are developed rapidly
with novel techniques and emerging usage scenarios in typical,
mobile, and IoT environments. With the gradual integration of
radar sensing systems and practical scenarios, some challenges
arise in real-world deployment. In this section, we summarize
existing technical challenges and discuss potential solutions.

A. ISAC

Integrated sensing and communication is drawing great
attention from current research circles and industrial commu-
nities. The integration of sensing and communication drives
the development of mobile crowdsensing, channel knowledge
map construction, passive sensing network, vehicular com-
munication, satellite imaging and broadcasting, etc. These
applications have given full play to the advantages of ubiqui-
tous communication in space as well as numerous sensors.

Together with the tendency of ISAC, existing research activ-
ities have paid attention to the integration of mmWave-based
sensing and communications. Some studies [38], [294], [295]
address integration issues of sensing and communication in
mmWave MIMO systems to provide high-quality services.
Intelligent reflecting surface [296] or reconfigurable intelligent
surface [297] are another solution to reduce path loss for inte-
gration. Others aim to enable reliable data sharing and sensing
for connected automated vehicles (CAVs) [298] or unmanned
aerial vehicles (UAV) [299]. However, the mmWave-based
ISAC for ubiquitous indoor environments, such as smart
homes, smart offices, and smart manufacturing, is still an open
issue that deserves future research efforts. For example, an
indoor environment usually has few radars, making existing
ISAC solutions of MIMO radars unsuitable in the indoor
environment. However, the research community could further
exploit the information embedded in chirp signals that are
designed for sensing to help modulate communication data,
which is another way to integrate sensing and communications.

B. LLM-Aided Sensing

The rapid development in large language models (LLMs)
has demonstrated great success in recognizing and generating
text. A revolutionary product is ChatGPT [300], which pro-
vides human-like conversations with extensive knowledge of
the real world. When the concept of LLMs meets mmWave
sensing, it is expected to merge and create huge potential
among different sensing tasks.

Authorized licensed use limited to: University of Waterloo. Downloaded on March 04,2025 at 21:53:10 UTC from IEEE Xplore.  Restrictions apply. 



KONG et al.: SURVEY OF mmWAVE RADAR-BASED SENSING 499

TABLE XVI
COMPARISON OF MMWAVE RADAR-BASED ENVIRONMENTAL MONITORING WORKS

LLMs are mainly driven by generative AI technologies,
which are an effective approach to synthesizing data. With
pre-trained large models and generative capabilities, generative
AI can create training or testing data by deeply understanding
the data’s underlying distribution. Data synthesis can release
the heavy burden of collecting mmWave sensing data. Also, it
can resist the effect of ambient noise and ensure data quality.
Besides, the pre-trained large models with extensive training
data provide the capability of generating data with different
characteristics and forms, which increases the diversity of
data. Hence, LLMs can help with the model construction of
mmWave sensing by synthesizing data.

LLMs can bridge mmWave sensing and the comprehension
of physical world. A major characteristic of LLMs is to
learn common-sense knowledge and leverage the knowledge
to give human-like comprehendings of the physical world.
Hence, the integration of mmWave sensing and LLMs gener-
ates a new function, i.e., comprehending the physical world
by mmWave sensing. Traditional mmWave sensing methods
usually exploit the capability of neural networks to output
predicted known labels, which can only generate imperceptive
results. Differently, mmWave sensing integrated with LLMs is
able to provide new insights into the sensing data. It can not
only predict the known labels representing the data but also
provide a further understanding of the sensing task and object.
For example, with mmWave sensing data of a human target,
LLMs can further analyze and judge the person’s conditions,
actions and intentions. If multiple sensors are accessible, a
more comprehensive inference of the person can be realized
by LLMs through integrating multi-modal data. Hence, LLM-
aided mmWave sensing may provide a chance to further
deeply understand user needs and personalize services for
users.

Along with the tendency of LLMs’ rapid development, the
integration of LLMs with IoT sensing technologies, especially

mmWave sensing, has shown great potential and is expected
to create a new application field.

C. Eliminating Environmental Noise

Environmental noises usually include background changes,
dynamic interferences, NLOS blockages, etc. These environ-
mental noises influence the propagation of mmWave signals,
which limits the practical performance of sensing applications.
For example, the change of background causes a change in
signal propagation in the environment, which may result in
different signal patterns of sensed objects. As many of the
applications are driven by learning techniques, these varying
signal patterns may suffer from performance degradation when
relying on the model learned in one specific environment.
Therefore, environmental noises have become one of the major
impacts in mmWave radar sensing applications.

Existing research activities have proposed some approaches
to address the problem and try to expand application scopes.
These approaches can be divided into two categories, i.e.,
signal-based and learning-based. The signal-based approaches,
such as voxelizing close area [201] and target localiza-
tion [101], focus on utilizing physical properties to obtain
signals of target and ignore the noises. The learning-based
approaches, such as domain discriminator [210] and hierarchy
VMD [241], incorporate special learning designs to mitigate
or suppress the impact of noise components in signals. For
future work, environmental noise is still a hot-spot issue
due to the gradual integration of the research applications
and real-world scenarios. The signal-based approaches can be
developed with more physical properties of signals in noisy
environments. For example, the mmWave signals reflected
by background objects and humans could have different
phase variation trends within a close ambient area, because
background objects and humans usually have different surface
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smoothness. This physical property could be used for noise
elimination. For learning-based approaches, different from
domain discriminator-based methods, the research community
can leverage generators to compensate for missing parts caused
by environmental noises, therefore achieving noise-resistant
sensing.

D. Reducing Training Effort

Many machine learning-based applications usually have
a training process where the labeled data is fed into the
model to learn how to extract feature representations and give
predictions. Generally, a better performance can be achieved
by increasing the amount of training data. However, sensing
applications gradually become more complex, diversified, and
specialized. It is increasingly difficult to obtain appropriate
and sufficient training data, and the inadequacy of large public
datasets of mmWave signals also hinders the utilization of
training data. At the same time, the training data and gradually
deeper structures give rise to another issue of long training
time, which is less considered by current research studies.

To release the heavy training burden of sens-
ing applications, cross-modal transformation-based
approaches [100], [204], [252] have been proposed, which
take advantage of existing large datasets to generate data for
training. The cross-modal approaches significantly reduce the
requirement of large mmWave datasets and release the heavy
workload of collecting signals in real-world environments.
Others rely on more specialized deep learning models [210]
or more efficient data representations [246] to enable few-
shot learning. Although these approaches are successful, they
may not be suitable for a variety of sensing applications
with different intermediate representations and learning tasks.
Hence, more generalized approaches are desirable to reduce
training efforts for ubiquitous sensing applications. For further
work, the research community could exploit methods like
knowledge distillation [301] and transfer learning [302]
to replace the traditional model construction process for
reducing training efforts for more generalized sensing tasks.
To release the time cost of training machine learning
models in implementing sensing systems with deep learning
technologies, fast machine learning technologies [303] are a
promising solution. The researchers are encouraged to apply
fast machine learning in multiple training processes. Moreover,
using incremental learning technologies [304] to continuously
train and improve the model by using new data rather than
training with all data is another potential solution.

IX. CONCLUSION

Millimeter wave radars have gradually become a popular
sensing solution in the face of emerging sensing scenarios.
In this paper, we have provided a comprehensive review
of mmWave radar-based techniques and applications in
autonomous vehicles, smart homes and industry. To enable
mmWave radar sensing, radar techniques have been first
introduced from both dedicated radar and communication
integration perspectives. Based on the preliminary signal
acquisition, signal processing techniques have been further

elaborated on for extracting denoised and compressed data
representations. To empower sensing signals for a variety
of applications, machine learning especially deep learning
techniques have been widely investigated for solving specific
sensing tasks. The tools for implementing mmWave radar
sensing, including radar devices, public datasets, and evalu-
ation metrics, have been provided to assist replication. The
applications driven by mmWave radars have advanced the
convenience and intelligence in autonomous vehicles, smart
homes and industry. To systematically access the emerging
applications, an application taxonomy has been given to refine
the applications in different scenarios. The automotive scenario
includes object detection, ego-motion estimation and SLAM,
in which mmWave radars play the role of environmental detec-
tion. The smart home scenario consists of activity recognition,
pose estimation, gesture recognition, speech recognition, vital
sign monitoring, user authentication and indoor positioning,
in which the mmWave radars mainly act as monitors of
human activity. The industrial scenario is divided into imaging,
measurement and environmental monitoring, where physical
parameters are acquired by mmWave radars. With the tax-
onomic applications, research studies have been introduced
covering hardware, techniques and performance, providing
comprehensive knowledge in the research actuality where
new ideas spring up constantly. The analyses of practical
challenges in ISAC, LLM-aided sensing, environmental noise,
and training effort, have been given with current technical
status and potential directions. We hope that this survey can
inspire more pioneering research in the emerging area.

LIST OF ABBREVIATIONS

ADC Analog-to-digital converter
AE Autoencoder
AIoT Artificial intelligence of thing
AoA Angle of arrival
AOP Antenna-on-package
CAV Connected automated vehicle
CA Cell average
CFAR Constant false alarm rate
cGAN Conditional generative adversarial network
CIR Channel impulse response
CNN Convolutional neural network
CRF-Net CameraRadarFusionNet
CSM Correlative scan matching
DACM Differential and cross-multiply
DBSCAN Density-based spatial clustering of applications

with noise
dB Decibel
DCNN Deep convolutional neural network
DC Direct current
DoF Degree of freedom
DP Dynamic programming
DRNN Deep recurrent neural network
DSP Digital signal processor
EKF Extended Kalman filter
ESPRIT Estimation of signal parameters via rotational

invariant techniques

Authorized licensed use limited to: University of Waterloo. Downloaded on March 04,2025 at 21:53:10 UTC from IEEE Xplore.  Restrictions apply. 



KONG et al.: SURVEY OF mmWAVE RADAR-BASED SENSING 501

FAR False accept rate
FCNN Fully convolutional neural network
FFT Fast Fourier transform
FMCW Frequency-modulated continuous-wave
FN False negative
FP False positive
FP Feature propagation
FRR False reject rate
GAN Generative adversarial network
GCP Ground control point
GHz Gigahertz
GMM Gaussian mixture model
GNN Graph neural network
GRU Gated recurrent unit
HAR Human activity recognition
HMM Hidden Markov model
IF Intermediate frequency
IMU Inertial measurement unit
IoT Internet of thing
IoU Intersection over union
IQ In-phase and quadrature
ISAC Integrated sensing and communication
JRC Joint radar and communication
k-NN k-nearest neighbors
KF Kalman filter
L-GM Large-margin Gaussian mixture
LFM Linear frequency modulation
LLM Large language model
LM Lip motion
LNA Low-noise amplifier
LSTM Long short-term memory
mAP Mean average precision
MCD Mel-Cepstral distortion
MIMO Multi-input multi-output
mmWave Millimeter wave
MPNN Message passing neural network
MSG Multi-scale grouping module
MUSIC Multiple signal classification
MVDR Minimum variance distortionless response
NLOS none line of sight
NLP Natural language processing
NOMA Non-orghogonal multiple access
OFDM Orthogonal frequency division multiplexing
PA Power amplifier
PCA Principal component analysis
PMCW Phase modulated continuous wave
PSK Phase shift keying
QAM Quadrature amplitude modulation
RCS Radar cross section
ResNet Residual neural network
RNN Recurrent neural network
SAF Spatial attention fusion
SAR Synthetic aperture radar
SiGe Single-channel silicon-germanium
SLAM Simultaneous localization and mapping
SNN Spiking neural network
SNR Signal-to-noise-ratio
SRNN Spiking recurrent neural network

SVDD Support vector domain description
SVM Support vector machine
TDM Time division multiplexing
TI Texas instruments
ToA Time of arrival
TP True positive
TRX Transceiver
UAV Unmanned aerial vehicle
UKF Unscented Kalman filter
USV Unmanned surface vehivle
VCV Vocal cord vibration
VMD Variational mode decomposition
VR Virtual reality
VUI Voice-user interface
YOLO You only look once
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