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A Survey of mmWave Radar-Based Sensing in
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Hao Kong“, Member, IEEE, Cheng Huang™, Member, IEEE, Jiadi Yu™, Senior Member, |EEE,

and Xuemin Shen

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 signi cantly 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. Speci cally, we rst 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 lear ning techniques, especially
the latest deep learning techniques for designing applications
with mmWave signals. Related hardwar e 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

OWADAYS, sensing technology has emerged for mea
suring various physical, environmental, or biological
phenomena by specialized sensors. By anayzing 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
(loT) 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 originaly exploited to
enable high rate, ultrareliable, 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 typica 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 (T1) 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
spatia 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 virtua 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 severa recent surveys related to mmWave
radar sensing. Davoli et a. [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 a. [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 a. [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, agorithms, 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. VVenon 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 a. [10] reviewed
4D mmWave radar techniques and presented the devel opments
in target detection and tracking for autonomous driving with
4D mmWave radars. Wei et a. [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 a. [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
technol ogies and methodol ogies 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 signa 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 signa processing
techniques of automotive radars including mmwWave 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, practica 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 genera 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 a. [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 applicationsin 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 |
COMPARISON AND SUMMARY OF RELATED SURVEYS ON MMWAVE RADAR SENSING
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sensing
mmWave
radar
sensing v v v v v v v v v v This survey
techniques
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cations

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. Especialy, 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 mmwWave
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, especialy
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 (I1SAC), 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 overal structure of the paper is shown in Fig. 1.
In this paper, mmWave radar techniques are first presented
in Section Il. Section Ill introduces the widely exploited
techniques of mmWave signal processing. Then, mainstream
machine learning techniques especialy the latest deep learning
techniques in designing sensing applications are exhibited in
Section V. Section V introduces related hardware devices,
public datasets and evaluation metrics. Then, this paper
presents a taxonomy of mmWave radar sensing applicationsin
Section VI, and gives broad visions of research works based
on the taxonomy in Section VII. Finaly, the current technical
challenges and potential research directions are discussed in
Section VIII, and the survey paper ends with a conclusion in
Section IX.

Il. MMWAVE RADAR TECHNIQUES

To realize sensing, ammWave radar first transmits signalsto
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 a 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
equa 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 signa
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 +f, D

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

S == &)
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Fig. 1. An overal structure of the survey paper.

Chirp

Frame

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

where B is the bandwidth of the chirp and T¢ 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( 1t +

1), (©)

Xo =sin( ot + ),

(4)

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

t+( 1 2) ©)

which isalso 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.

Xout = sin(( 1

B. Range Estimation

Range estimation is one of the basic functions of mmwWave
radars. Assume an object is located at a range d from a radar.
As shown in Fig. 3, a transmitted chirp signa is reflected
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Tx chirp Rx chirp

|

i IF signal

«— 1
T

Fig. 3. The Tx signa and Rx signa are mixed to generate IF signal, which
has adelay and constant frequency fjE.

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 signa. Hence, we have

_2d

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

cTchiE

B 8
where T is the chirp’s duration and B is the chirp’s band-
width.

Moreover, if there are multiple objects in different ranges,
each abject 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 atarget. For the IF
signal with multiple tones, a fast Fourier transform (FFT) [25]
is employed to separate these tones in frequency spectrum,
which is caled 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
fir limited by the sampling rate leads to a maxima range
that radars can estimate. According to the range estimation in
eg. (8), the maximal range is given by

_ Fsc
dmax - gy (9)

d=

where dmax is the maximal range, Fs is the sampling rate, ¢
is the speed of light, and Siis 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 dyes is given by

dres = % (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. Veocity Estimation

Velocity is an important information that describes the
instant motion state of the sensed objects. To estimate the
velocity of amoving object, aradar transmits two chirp signals
separated by T and receives the signals after being reflected
by the object. Since T¢ 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 = (4 d)/ , where isthe wavelength. The
displacement of the object can be denoted as d = vT¢, SO
the velocity of the object can be derived by

v (11)

4 T¢'
where v is the velocity, 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 N¢ equally-spaced chirps, and performs
Range-FFT on the reflected chirp frame. These objects gen-
erate N 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

_ i
Vi =g T (12)
where is the wavelength, ; denotes the phase difference
between consecutive chirps of the i-th object, and T¢ 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 eg. (12), it is unambiguous only when the phase
difference is greater than . Therefore, the maximal velocity
can be denoted by

i(To+ o)’ (13

Vmax =
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Fig. 4. A chirp frame generates multiple pesks in Range-FFT, each of which
has a different phase and can be utilized to estimate velocity.

where isthe wavelength, T is the duration of the chirp, ¢
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 islarger than 2 /N, where
N¢ is the number of chirps. Hence, the velocity resolution can
be given by

Vres = ﬁy (14
where is the wavelength, and Tt is the time of the chirp
frame (i.e, Tf = N¢T¢) [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 (A0A). 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

= u’ (15)

where is the phase difference, d is the difference of
the two paths, and is the wavelength. Since the distance
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—
Rx1 Rx2
Fig. 5. The signas 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 parald lines. Hence, there is a geometrical relationship
in paths lengths and angle, i.e, d = Isin( ), where | is
the distance between the two receive antennas, and is the
object’s angle. Hence, the object’s angle can be derived by

=sin t —— | (16)

21
where isthe angle. According to the property of trigonomet-
ric function, sin and has a similar changing trend when
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 Ngx 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

i =sin 1 T; , (17)
where  isthe angle of thei-th object, isthewavelength,
is the angular frequency derived by FFT, and | 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

1 —_—
o (18)
where max isthe maximal angular field of view for radars,
is the wavelength, and | is the distance of adjacent antennas.
When the distance | = /2, the radars achieve the maximal
angular field of view, i.e,, —90 .

max — sin
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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.,

(19)

e = Npx I cos( )’

where is the wavelength, Nrx is the number of receive
antennas, | is the distance of antennas, and 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-1nput
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 eg. (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 N+x
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 | and the distance
between the transmit antennas is 41. The signals transmit-
ted by Tx1 arrive at the 4 receive antennas with different
phases, which are denoted as {0, ,2 ,3 }. Sincethe distance
between Tx1 and Tx2 is4l, the signals transmitted by Tx2 have
an additional path length of 41 sin( ) compared to that of Tx1.
Thisresultsin additional 4 phase of the signals transmitted by
Tx2 for each Rx, which can bedenoted as{4 ,5 ,6 ,7 }.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. I1SAC Sgnal 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
divison 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_J Xn(t), where N is the number of subcarriers and
Xn (t) is the modulated signa 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 Xp (t) for
each subcarrier can be expressed as:

Xn(t) = An +mod(fn, t) ed? nt, (20)
where A, is the amplitude of the n-th subcarrier, mod(f,, t)
is the modulated data signal (e.g., QAM or PSK) for the n-
th subcarrier, f is the frequency of the n-th subcarrier, and
el2 fnt js the carrier frequency at fi,.

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
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[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 conventiona PMCW
and OFDM waveforms.

In ISAC systems, beamforming is utilized to dynamically
steer antenna beams towards specific directions. Thus, it
alows 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 usualy 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 |F 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
modul ate the phase of subcarriers to encode information This
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ensures reliable communi cation 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 signa 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 spatia
information, further processing of signals will be conducted
for building various sensing systems.

I1l. SIGNAL PROCESSING TECHNIQUES

After the signas 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 technigues in mmWave signa
processing, including constant false alarm rate (CFAR),
density-based spatia clustering of applications with noise
(DBSCAN), Kaman filter (KF), mathematical methods, and
super-resolution methods.

A. Constant False Alarm Rate (CFAR)

CFAR detection [41] is a typical algorithm in radar signa
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 red
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 rea 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 x; around the test cell, where N
is the number of units in the reference window and x; 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 x¢ exceeds
the threshold T, i.e,, xg > 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.,

1 N

N i=1

E Xj - (21)

And the scaling factor B is calculated by

_ 1/N
B=N Pg,

1, (22)
where Pgp 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 s that the high-density points
are grouped as clusters while these isolated points are dis-
carded according to the spatia 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

-neighborhood of an arbitrary point p is defined as

Nr =49 Sld(@,p)<r}

where q is a neighborhood point, S is the set of poaints,
d(q, p) represents the distance between q and p, and r is
the radius [44]. The points whose -neighborhoods contain
at least a minimal number of points is called the core point.
The clusters are discovered by checking the -neighborhood
of each point in the set. If the -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 usualy 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.

(23)

C. Kalman Filters (KFs)

Kalman filters [45] are akind of filter that worksin 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 Kaman
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 atarget. 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

St+ t = Ke+ t°2t+ ¢+ (1 Kesr H)Se+ 10 (28)

where s;4+ t is the updated state of the target, Ki+ ¢ IS
the Kaman Gain calculated by the two variances, z;+ t iS
the measurement, | is a unit matrix, H is a transformation
matrix, and s;+ ¢ 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 Kaman filter [48], recursive Kaman
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 signa
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. Linefitting [53] fitsalineto IF signal phase with alow-
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 signa transfor-
mation, such as Hann windows [54], Hamming and Kaiser
windows [55], Chebyschev windows [56], etc. The effect of
background reflections can aso 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 awell-known
algorithm that utilizes matrix eigenspace decomposition to
classify signals. MUSIC is widely used in array signal
processing for estimating AocA 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
nonsigna 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 agorithms 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 rotationa invariance
technique (ESPRIT) [64] is another technique used to estimate
AOA. The basic idea of ESPRIT is to exploit the rotational
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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 isfirst 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 typica signa 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 rea 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 trgjectory 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
aternative 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
spatia 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, especialy 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
goa requires techniques to output inferential results for the
newly arrived radar data. Therefore, machine learning tech-
nigques 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 revea 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 dimensiona 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 usualy 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 al gorithmsutilized inmmWaveradar-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 clustersby referring totheir 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. SinceaGMM appliesmultiple 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
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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, neura 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 neura network model
is usualy 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 visua imagery anaysis
problems and have been broadly applied in mmWave radar
sensing applications. The prominent characteristic of CNNs s
a specia operation called convolution, which performs matrix
multiplication on small regions sliding along the whole input
for extracting convolved features. A typica 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 convolutiona
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 CNNSs to integrate the
extracted features and map the feature representations to the
sample space for final predictions. CNNs are speciaized in
feature extraction among a variety of problems, and mmwWave
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 neura
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 usualy 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 RNNSs,
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 sequentia relationships
underlying seria inputs describe how a target moves over
time, which supports temporal-rel ated 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 (GANSs) 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 trandlation 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 abjective detection [123], [124], objective
classification [125], semantic segmentation [126], etc. Other
studies treat data representations of mmWave signas as
graphs and utilize graph neura networks (GNNs) [127] to
further process data and extract features, yielding mmpoint-
GNN [128], spatid temporal-GNN [129], etc., for human
activity recognition or gait recognition. Spiking neural network
(SNIN) [130] is aso studied to take advantage of the intrinsic
characteristics of SNNs in processing noisy and sparse data.
SNN could better address noise and sparsity issuesin 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 neura
network specialy designed for arelatively individua 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 Il. 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 crucia in mmWave
radar sensing design. Classical machine learning algorithms
are usually utilized for processing low-complexity feature
representations extracted from mmwWave 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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