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Abstract: As the fifth-generation (5G) mobile communication system is being commercialized, extensive studies on
the evolution of 5G and sixth-generation (6G) mobile communication systems have been conducted. Future mobile
communication systems are evidently evolving toward a more intelligent and software-reconfigurable functionality
paradigm that can provide ubiquitous communication, as well as sense, control, and optimize wireless environments.
Thus, integrating communication and localization using the highly directional transmission characteristics of millimeter waves (mmWaves) is a promising route. This approach not only expands the localization capabilities of a
communication system but also provides new concepts and opportunities to enhance communication. In this paper,
we explain the integrated communication and localization in mmWave systems, in which these processes share the
same set of hardware architecture and algorithms. We also provide an overview of the key enabling technologies and
the basic knowledge on localization. Then, we provide two promising directions for studies on localization with an
extremely large antenna array and model-based (or model-driven) neural networks. We also discuss a comprehensive
guidance for location-assisted mmWave communications in terms of channel estimation, channel state information
feedback, beam tracking, synchronization, interference control, resource allocation, and user selection. Finally, we
outline the future trends on the mutual assistance and enhancement of communication and localization in integrated
systems.
Key words: Millimeter-wave; Integrated communication and localization; Location-assisted communication;
Extremely large antenna array; Reconfigurable intelligent surface; Artificial intelligence; Neural
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1 Introduction
Millimeter-wave (mmWave) band communications are expected to play a pivotal role in the
ﬁfth-generation (5G) and upcoming sixth-generation
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(6G) mobile communication systems (Andrews et al.,
2014; Boccardi et al., 2014; Rappaport et al., 2019).
The mmWave band oﬀers an extremely wide bandwidth and can boost peak data rates. However,
mmWave signals have inherently large path-loss and
are sensitive to blockage. Hence, large antenna
arrays and highly directional transmission should
be combined to compensate for the severe penetration path-loss (Akdeniz et al., 2014; Heath et al.,
2016; Xiao M et al., 2017). Emerging techniques,
such as the extremely large antenna array (ELAA)
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(Amiri A et al., 2018; Han Y et al., 2020; Wang
HQ et al., 2020), ultra-dense networks (UDNs) (Ge
et al., 2016), reconﬁgurable intelligent surface (RIS)
(Han Y et al., 2019b; Wu and Zhang, 2020; Tang
et al., 2021), and artiﬁcial intelligence (AI) (LeCun
et al., 2015; Wang TQ et al., 2017; Xu and Sun,
2018; He HT et al., 2019), further enhance the coverage and capability of the mmWave communication
system. Hence, providing ubiquitous connectivity
with ultra-high throughput, ultra-low latency, and
ultra-high reliability is promising (Bi, 2019; LatvaAho and Leppänen, 2019).
The highly directional transmission makes localization a greatly desirable feature of mmWave communication systems (Lemic et al., 2016). Although
the location is available from the second-generation
(2G) to the 5G mobile communication systems, the
accuracy is limited to a range of several hundred
meters to several meters (del Peral-Rosado et al.,
2018). The aforementioned key technology enablers
will empower the mmWave communication systems
with very ﬁne range, Doppler, and angular resolutions to achieve centimeter-level localization. Therefore, localization will be built-in and will reuse the infrastructure and resources that are used for wireless
communications. Thus, localization is easy and costeﬀective to deploy and is beneﬁcial to support ﬂexible and seamless connectivity. The highly accurate
location information can be used to provide locationbased services, such as navigation, mapping, social
networking, augmented reality, and intelligent transportation systems. Additionally, location-assisted
(or location-aware) communications can be realized
by the obtained location information to improve the
communication capacity and network eﬃciency (di
Taranto et al., 2014).
Although considerable advantages in integrating communication and localization in mmWave systems have been predicted, studies in this ﬁeld have
just started (Ali et al., 2020; Xiao ZQ and Zeng,
2020). Localization and communication are still
studied separately. Integrating localization and communication in mmWave systems will disrupt the traditional algorithm and protocol design and revolutionize the way of communication. Many challenges
need to be solved urgently, including the exchange
of information, sharing resources, and performance
trade-oﬀs between communication and localization.
Xiao ZQ and Zeng (2020) presented a holistic survey
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on the basis of wireless localization and how wireless
localization and communication interplay with each
other in various network layers. Ali et al. (2020)
motivated the use of infrastructure-mounted sensors
(which will be part of future smart cities) to aid
in establishing and maintaining mmWave vehicular
communication links. In this study, we present a
progressive vision on integrating communication and
localization by sharing the same mmWave hardware
and software architectures. We discuss in detail the
advancement in the architecture and algorithm design of mmWave communication systems for localization and how location assists the communication
links in diﬀerent ways. We also summarize some
promising future research directions to help materialize the integrated communication and localization
in mmWave systems over the next few years.

2 Integrated communication and localization
The mmWave, massive multiple-input multipleoutput (MIMO), and UDN techniques have driven
the development of low-complexity transceiver architectures and new signal processing techniques
(Brady et al., 2013; Akdeniz et al., 2014; Heath et al.,
2016; Zeng and Zhang, 2016; Xiao M et al., 2017;
Akyildiz et al., 2018; Yang J et al., 2018, 2020; Yang
X et al., 2019). The evolution of these technologies has inspired numerous potential applications
in mmWave communication systems, such as automatic vehicle and augmented reality. Highly accurate localization can also be achieved in mmWave
MIMO communication systems by leveraging distinguishable multi-path components provided by the
mmWave channel, without installing additional dedicated infrastructure (Lemic et al., 2016; Wymeersch
et al., 2017; Shahmansoori et al., 2018; Mendrzik
et al., 2019; Zhou BP et al., 2019). The mmWave
bands oﬀer larger bandwidths than the presently
used sub-6 GHz bands. Hence, higher resolution
of the time of arrival (ToA) and frequency of arrival (FoA) can be achieved. In addition, large antenna arrays and highly directional transmission enhance the resolution of the angle of arrival (AoA)
and angle of departure (AoD). The sparsity of the
mmWave channel in beamspace can be used to reduce the complexity of signal processing and cost
of hardware, which also simpliﬁes the elimination
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of non-line-of-sight (NLoS) path interference for localization. Moreover, by leveraging distinguishable
multi-path components and geometric relationships
between the NLoS paths and scatterers, mmWave
MIMO communication systems can turn multi-path
channels “from foe to friend.” Therefore, the localization in mmWave communication systems is expected
to achieve centimeter-level accuracy.
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Channel state information in mmWave systems

Mutual
assistance

Communication

The integrated communication and localization
technique involves a high degree of integration of
advanced technologies in communication and localization at the level of hardware architecture and algorithm system by sharing the infrastructure and
time-frequency-space resources of wireless communications. Coordinating communication and localization can be empowered by the information interaction capability of the high-rate and low-delay
mmWave communication systems. The joint design
of communication and localization breaks the traditional pattern of separate operations and achieves
high-throughput communication and highly accurate localization in one system. Hence, the channel state information (CSI) obtained by channel estimation not only is the basis of communication
but also captures the side information of displacements and movements of the transmitter, receiver,
and surrounding scatterers. As shown in Fig. 1,
the integrated communication and localization in
the mmWave systems is based on the CSI or CSIrelated parameters. Then, the mutual assistance
and enhancement of communication and localization
can be realized iteratively, in which more reliable
communication provides more accurate measurements required by localization. In addition, more
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However, to fully realize high-throughput
wireless communications, many challenges in the
mmWave bands need to be addressed. For instance,
large path-loss and high blockage probability are still
key factors restricting the development of mmWave
communications, especially in high-mobility scenarios. Therefore, frequent beam training and eﬀective
beam tracking are indispensable to maintain directional communications, and these processes complicate the link establishment and introduce a large
overhead. One possible solution to support high mobility is integrating communication and localization
in mmWave communication systems. Therefore, the
location can be used more ﬂexibly to assist the beam
training and prediction processes.
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Fig. 1 Integrated communication and localization in
millimeter-wave (mmWave) systems
BS: base station; RIS: reconﬁgurable intelligent surface

precise location estimate reduces communication
overhead.
2.1 Signal and channel models
In a MIMO wireless communication system with
NT transmit antennas and NR receive antennas, the
received signal at time t can be expressed as follows:
y(t) = H(t) ∗ x(t) + n(t),

(1)

where H(t) ∈ CNR ×NT is the channel impulse response matrix, x(t) ∈ CNT is the transmitted signal
vector, n(t) ∈ CNR is the noise vector, and “∗” denotes the convolution operator. Here, we take the
channel with one base station (BS) as an example,
and it is applicable for mmWave communication networks with multiple BSs.
In wireless communications, the electromagnetic wave that carries the communication information interacts with the propagation environment in
accordance with Maxwell’s equations. For example, the received signal strength (RSS) is dependent on the path-loss model, which roughly reﬂects
the distance between the receiver and the transmitter. Given that RSS is easily obtained, this parameter has been widely used in localization methods
based on either trilateration or ﬁngerprinting. However, the unstable ﬂuctuating nature of RSS deteriorates the accuracy of localization. In particular,
RSS is aﬀected by small-scale fading and body shadowing. Hence, we focus on the ﬁne-grained information provided by CSI, in which the CSI amplitude and phase are aﬀected by the displacements
and movements of the transmitter, receiver, and surrounding scatterers. Therefore, the CSI can be used
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for not only communication but also localization via
mathematical modeling or machine learning (ML)
algorithms.
The multi-path time-varying channel impulse
response for a mmWave MIMO system is given as
follows (Bölcskei et al., 2006; Matz and Hlawatsch,
2011):
H(t) =

L


az
el
j2πνl t
αl aR (θlaz , θlel )aT
,
T (φl , φl )δ(t − τl )e

l=0

(2)
where L is the total number of discrete propagael
tion paths, αl , (θlaz , θlel ), (φaz
l , φl ), τl , and νl are
the complex attenuation factor, AoAs, AoDs, ToA,
and Doppler frequency associated with the lth path,
respectively, and aR (·) ∈ CNR and aT (·) ∈ CNT
are the steering vectors of the receive and transmit antenna arrays, respectively (Molisch, 2005).
Time-frequency-spatial domain CSIs are provided
by mmWave communication systems, with orthogonal frequency-division multiplexing and orthogonal time-frequency-space modulation. According to
Eq. (2), the multi-path information needed for localization, e.g., AoAs, AoDs, ToAs, and Doppler frequencies, can be eﬀectively obtained by advanced
parameterized channel estimation algorithms (Mamandipoor et al., 2016; Badiu et al., 2017; Han Y
et al., 2019a).
2.2 Enabling technologies
Various emerging technologies, such as ELAA,
RIS, and AI, are extensively discussed as promising technologies to boost mmWave communication
capabilities with high throughput, massive connectivity, high reliability, and low latency. At the same
time, advanced enabling technologies are enhancing
the localization capability of mmWave communication systems.
2.2.1 ELAA techniques
ELAA techniques drive the antenna deployment
towards larger apertures and greater numbers than
those of commercial cellular systems, and this phenomenon can boost spatial diversity and enhance
communication coverage. Moreover, as the antenna
dimension continues to increase, the user-equipment
and signiﬁcant scatterers are likely to be located in
the near ﬁeld of the array. Consequently, the spherical wave phenomenon emerges. The inherent phase
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shifts in the space caused by spherical waves provide
new opportunities for localization in ELAA systems
(Zhou Z et al., 2015; Hu et al., 2018).
2.2.2 RIS techniques
RIS consists of tunable unit cells and has recently drawn signiﬁcant attention because of its superior capability in manipulating electromagnetic
waves. In particular, RIS-assisted wireless communications have great potential to signiﬁcantly enhance
the performance and coverage in a cost-eﬀective and
energy-eﬃcient manner by the proper programming
of the reﬂection coeﬃcients of the unit cells. Therefore, RIS is promising in extending the wireless
communication range, facilitating NLoS communications, and providing low-cost cooperative localization opportunities (He JG et al., 2020).
2.2.3 AI techniques
AI has received considerable attention because
of its promising learning ability in solving complex
problems, which can alleviate modeling issues. Deep
learning has been widely recognized as the current
representative general advance of AI and has shown
performance advantages in many aspects. State-ofthe-art computer vision techniques can be embedded in the integrated mmWave communication and
localization systems by considering CSI matrices as
images. Learning methods based on hybrid data and
models have also emerged to reduce the training data
and enhance the robustness of the algorithm (Xu and
Sun, 2018; He HT et al., 2019).
The mentioned key technology enablers present
exciting new opportunities for the integration of
communication and localization in mmWave systems. This phenomenon brings challenges to the
traditional design principles. The introduction of
ELAA and RIS will invalidate traditional channel
models. New channel models are required to be
dynamic and consistent across frequencies, space,
and materials. Moreover, the use of thousands or
more active antenna elements will generate a prohibitive cost in terms of hardware implementation,
energy consumption, and complexity of signal processing. Subarray and beamspace hardware architectures and the corresponding signal processing techniques need further enhancement. Moreover, realtime energy-eﬃcient AI/ML techniques should be
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developed to achieve high-throughput communication and highly accurate localization with limited
data and in adaptive environments. To achieve highthroughput and low-latency communication together
with centimeter-level localization accuracy, mutual
assistance and enhancement between communication
and localization in an integrated mmWave system
becomes essential.

3 Localization in mmWave communication systems
Localization in a mmWave communication system aims to estimate the location, velocity, and orientation of the user-equipment or agent nodes together with possible scatterers on the basis of a set
of wireless reference signals transmitted or received
by the BSs or anchor nodes. Deployment of localization by reusing the infrastructure that is used
for mmWave communications is convenient and costeﬀective. This process recycles real-time CSI that is
already processed at the receiver in communication
systems, as shown in Fig. 1. For single-point localization, no additional equipment is required. However,
for multi-point localization, a data fusion center is required to fuse the channel parameters obtained from
multiple BSs. Moreover, contrary to solutions based
on sensor, video, and wireless ﬁdelity (WiFi), localization in mmWave communication systems is not
intrusive or sensitive to lighting conditions. In addition, this process has unprecedented time-frequencyspatial resolution. The high throughput oﬀered by
mmWave communication links can be leveraged to
quickly and reliably share map and location information among diﬀerent devices. Localization techniques can be categorized from various perspectives,
as summarized in Wen et al. (2019) and Xiao ZQ and
Zeng (2020), and popular classiﬁcations are listed as
follows:
1. Direct and indirect localization
Direct localization converts directly the received
waveform to estimate a location, avoiding the error propagation but involving a highly complex process (Jeong et al., 2016; Garcia et al., 2017). By
contrast, indirect localization, which is more popular, applies the principle in which the channel parameters, such as RSS, AoA, ToA, time diﬀerence
of arrival (TDoA), FoA, and frequency diﬀerence
of arrival (FDoA), are ﬁrst extracted from the re-
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ceived waveform and grouped as functions of the
location parameters. Then diﬀerent estimators are
used to determine the user positions (Ho and Xu,
2004; Einemo and So, 2015; Amiri R et al., 2017a,
2017b). However, the intermediate error carried by
the two-step method deteriorates the accuracy of
localization.
2. Uplink and downlink localization
Uplink localization is performed in the BS or at
the central unit (Han YJ et al., 2016; Yang J et al.,
2019; Zhao et al., 2020). This process is also named
network-based or cloud-based localization. All timeconsuming and complex computing operations are
performed in the BS or at the central unit, which
is appealing for resource-limited agent devices. The
locations of all agent nodes are shared by anchor
networks, which facilitate location-aware communications. However, the privacy and security of the
location are critical issues. Downlink localization,
also named device-based or edge-based localization
(Abu-Shaban et al., 2018; Shahmansoori et al., 2018;
Mendrzik et al., 2019), is executed on the agent
nodes, and this process has an inherent mechanism
to protect the privacy of users. However, the agent
nodes have high hardware requirements for accurate
localization.
3. Model-based and data-based localization
Model-based localization exploits the geometric
properties of the angle and range measurements to
locate the agent nodes (Amiri R et al., 2017a; Garcia et al., 2017; Shahmansoori et al., 2018; Mendrzik
et al., 2019), e.g., multilateration and multiangulation. A serious ﬂaw of model-based localization
lies in the diﬃculty in accurately modeling complex
multi-path environments. Data-based localization
uses database matching methods or standard neural
network architectures to ease modeling issues (Wang
XY et al., 2015; Decurninge et al., 2018; Studer et al.,
2018; Rizk et al., 2019; Ferrand et al., 2020). This
process requires an oﬄine training step to extract
unique geotagged signatures from the collected data
in the area of interest and an online localization
step to match online measurements against the prerecorded signatures in the database. The main limitations are the high time-and-resource consumption
and the lack of theoretical guidance of the neural
network design.
In the following subsections, we provide two
promising research directions of localization in
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the mmWave communication systems, namely, the
new hardware architecture and the new algorithm
system.
3.1 Localization with ELAA
The radiation ﬁeld of an antenna array is divided into the near ﬁeld and far ﬁeld regions via
the Rayleigh distance (Kraus and Marhefka, 2002;
Molisch, 2005), which is given as R = 2D2 /λ, where
D is the maximum dimension of the antenna array
and λ is the wavelength. When the distance between
the user (or scatterer) and the BS is smaller than the
Rayleigh distance, the user (or scatterer) is located
in the near ﬁeld region, where the spherical wavefront
over the antenna array is observed. For example, a
uniform linear array (ULA) of 1 m that operates at
30 GHz corresponds to a Rayleigh distance of approximately 200 m and nulliﬁes the uniform plane
wavefront model usually assumed in previous studies
on wireless communications. As the antenna dimension continues to increase, the range of the radiative
near ﬁeld of the antenna array expands, and the user
and signiﬁcant scatterers are likely to be located in
the near ﬁeld of the array.
According to Friedlander (2019) and references
therein, the standard response model for a large ULA
with spherical wave is as follows:
⎡

⎤
d0 −j 2π (d1 −d0 )
λ
e
⎢ d1
⎥
⎢ d
⎥
⎢ 0 −j 2π
⎥
(d
−d
)
e λ 2 0 ⎥
⎢
⎢
⎥,
d
2
as (φ, θ, d0 ) = ⎢
⎥
..
⎢
⎥
.
⎢
⎥
⎣ d0
⎦
2π
e−j λ (dm −d0 )
dm

(3)

where φ and θ denote the azimuth and elevation angles of the source with respect to the reference point,
respectively, d0 is the distance from the source to
the reference point, and di (i = 1, 2, . . . , m) is the
distance from the source to the ith antenna. With
a ﬁxed space between antennas, di (i = 1, 2, . . . , m)
is determined by index i and parameters (φ, θ, d0 ).
Eq. (3) is compatible with conventional plane-wave
models. The underlying parametric model (3) allows the characterization of a path with a new parameter, i.e., the distance between the source and
the reference point, in addition to the conventional
parameters characterizing a path under the planewave assumption. Therefore, the near ﬁeld eﬀects
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facilitate the exploitation of the wavefront curvature
to jointly estimate the range and direction of the
source. This process can improve the accuracy of
location and possibly remove the need for explicit
synchronization between reference anchors (Fig. 2).
Several studies have started to investigate the
localization potential with advanced large antenna
arrays to realize joint communication, control, and
localization in mmWave communication systems
(Yin et al., 2017; Dardari and Guidi, 2018; Hu et al.,
2018; Friedlander, 2019; Wymeersch, 2020). An algorithm based on maximizing the space-alternating
generalized expectation to estimate the locations of
scatterers in the last hops of the propagation paths
was proposed in Yin et al. (2017), in which a largescale ULA was used in a receiver to measure the
channel. The advantages of near ﬁeld in localization and synchronization over the far ﬁeld were
shown in Wymeersch (2020) from a Fisher information perspective, where the Fisher information
provided from wavefront curvature was more pronounced than that from the spatial wideband. Friedlander (2019) listed the limitations of the standard
array response model (3), which sometimes signiﬁcantly diﬀers from the model based on the electromagnetic theory and does not consider the characteristics of the near ﬁeld source, such as the type and
orientation of the transmit antennas. These characteristics may have a profound impact on the signals
received by the array. More accurate models are required when attempting to perform high-resolution
localization of closely spaced signals. In addition to
ULA and uniform planar array (UPA), the potential for positioning with a large intelligent surface or

z
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x
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Fig. 2
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Localization with extremely large antenna
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RIS (Hu et al., 2018) and lens antenna array (Dardari and Guidi, 2018) has been exploited. Hu et al.
(2018) derived the closed-form Fisher information
matrix and Cramér-Rao lower bounds to position a
terminal with and without the unknown phase φ presented in the analog circuits of the RIS. Dardari and
Guidi (2018) investigated the possibility of directly
positioning with a single large lens antenna array by
retrieving information from the wavefront curvature.
The use of thousands of active antenna elements, or more, in the ELAA systems will generate
prohibitive cost in terms of hardware implementation, energy consumption, and complexity of signal
processing (van der Perre et al., 2018). One eﬀective solution to signiﬁcantly reduce the complexity
of the system and the cost of implementation caused
by the large number of active antennas and users
is to partition the antenna array into a few disjoint
subarrays (Amiri A et al., 2018; Han Y et al., 2020;
Wang HQ et al., 2020). Another method is using
the energy-focusing property of an extremely large
lens antenna array denoted as “ExLens,” which can
fully use the aperture oﬀered by large antenna arrays (Yang J et al., 2021). The complexity of signal processing and cost of the radio frequency (RF)
chain could be signiﬁcantly reduced without notable
degradation of performance in mmWave and massive MIMO systems by using lens antenna arrays
(Brady et al., 2013; Zeng and Zhang, 2016). Electromagnetic lenses can provide variable phase shifting for electromagnetic rays at diﬀerent points on
the lens aperture to achieve angle-dependent energyfocusing property. Therefore, lens antenna arrays
can transform the signal from the antenna space to
the beamspace (the latter has lower dimensions) to
reduce RF chains signiﬁcantly. Recent studies have
conﬁrmed that the beamspace is one of the promising enablers for communication and localization in
mmWave communication systems (Latva-Aho and
Leppänen, 2019).
3.2 Localization with model-based neural
networks
To overcome the disadvantages of localization
methods based on pure data or model, a localization method has been proposed based on hybrid data
and model, i.e., localization with model-based neural networks. With the proposed technique, a neural
network topology with theoretical localization foun-
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dations can be designed, and the network structure
can be explained and predicted (Xu and Sun, 2018;
He HT et al., 2019). At present, the localization by
combining neural networks with geometric models is
rarely reported. The model-based neural network
approach obviously retains the advantages of the
model-based approach (determinacy and theoretical
soundness) and powerful learning ability of the databased approach. It also overcomes the diﬃculties in
accurate modeling and avoids the large requirement
for time and computing resources. Localization with
model-based neural networks comprises three parts,
namely, measurement model, localization algorithm,
and neural network (Fig. 3).
Measurement
model

Localization
algorithm

Neural
network

Output

CSI
RSS
AoA
ToA/TDoA
FoA/FDoA
...

Geometrical
Database matching
Dead-reckoning
...

DNN
CNN
RNN
...

Location
Velocity
Clock bias
Orientation
...

Fig. 3 Localization with model-based neural networks
CSI: channel state information; RSS: received signal strength;
AoA: angle of arrival; ToA: time of arrival; TDoA: time difference of arrival; FoA: frequency of arrival; FDoA: frequency
diﬀerence of arrival; DNN: deep neural network; CNN: convolutional neural network; RNN: recurrent neural network

3.2.1 Measurement models
Measurement models are constructed based on
the domain knowledge in localization developed over
several decades of intense research, but these models
need only to provide a very rough and broad deﬁnition of the solution, thereby reducing the pressure
for accurate modeling. In particular, the localization model can be established using the CSI matrix
(Liu et al., 2019; Ma et al., 2019), RSS (Sallouha
et al., 2017), AoA (Wang Y and Ho, 2015), ToA,
TDoA, FoA, and FDoA measurements (Ho and Xu,
2004; Dardari et al., 2009). Channel parameters related to RSS, AoA, ToA, TDoA, FoA, and FDoA
have an underlying geometric relationship with location parameters. For example, for the LoS path, the
relationship is as follows:
τ0 =

||u − b||
+ ω,
vc

(4)

where τ0 is the ToA of the LoS path, u is the location
of the user, b is the location of the BS, vc is the
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signal propagation speed, and ω is the unknown clock
bias between the BS and user. For the single-bounce
NLoS path, the relationship is as follows:
τl =

||u − sl || + ||sl − b||
+ ω,
vc

(5)

where τl is the ToA of the lth NLoS path and sl
is the location of the lth scatterer. The selection
of measurements is a trade-oﬀ between performance
and cost. RSS can be conveniently collected without extra hardware. However, the localization accuracy is low, because the parameters of the pathloss model are unknown and ﬂuctuate in complex
environments. Some measurements, such as AoA,
ToA, TDoA, FoA, and FDoA, can be used to achieve
high localization accuracy but require extra hardware or modiﬁcations of nodes. The AoA requires
a large antenna array and advanced phase detection for accurate angular measurement. The ToA
needs precise timing among users and BSs. It is
also common to use hybrid measurements for better localization performance. Moreover, data from
sensors, such as gyroscope, magnetometer, accelerator, and map, can be fused with wireless signals
to enhance the resolution of localization. All measurements suﬀer from deterministic and stochastic
measurement errors. The deterministic errors can
be calibrated by oﬄine or online methods. The
stochastic errors should be modeled as stochastic
processes.
3.2.2 Localization algorithms
Localization algorithms are designed to solve
the localization problems based on the aforementioned model and domain knowledge. The localization tasks are not trivial given that the relations are
nonlinear and nonconvex functions of u, u̇, sl , and
ṡl . The main localization algorithms are geometrical
algorithms, database matching, and dead-reckoning,
as summarized in Zekavat and Buehrer (2011), Wen
et al. (2019), Li et al. (2020), and Xiao ZQ and Zeng
(2020). The geometrical localization algorithms include multilateration (Dardari et al., 2009), multiangulation (Wang Y and Ho, 2015), and multiangulateration (Amiri R et al., 2017b). These algorithms
involve mainly nonlinear and linear location estimators. The nonlinear estimators directly solve the
problems by minimizing a cost function, such as nonlinear least squares, weighted nonlinear least squares,
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and maximum likelihood estimators. These nonlinear estimators usually have satisfactory localization
accuracy but are time-consuming if the grid or random search is applied. By contrast, linear estimators, such as linear least squares and weighted linear
least squares estimators, can approximate the nonlinear equations into a set of linear equations. Thus,
these estimators can ﬁnd eﬃcient solutions quickly
but with degraded localization accuracy compared
with nonlinear estimators. Database matching algorithms use the measurements as ﬁngerprints to ﬁnd
the closest match, and these algorithms are suitable
for complex scenarios that are diﬃcult to parameterize (Niu et al., 2015; Guo et al., 2018). The geometrical and database localization algorithms can be integrated to reduce the consumption of resources and
computational load, thereby achieving a robust performance (Kodippili and Dias, 2010; Li et al., 2019).
Recent developments in deep learning have resulted
in its great potential for the integrated model-based
and data-based localization methods (Xu and Sun,
2018; He HT et al., 2019).
3.2.3 Neural networks
Neural networks are generally constructed by
unfolding an iterative algorithm to deep neural networks and replacing linear approximate operations
in the model by classic neural networks. In Yang
J et al. (2019), localization by neural network assisted weighted linear least squares was established
by introducing neural networks into the developed
weighted linear least squares model to learn higherorder error components. Thus, the performance of
the estimator has been improved, especially in a
highly noisy environment. Introducing learnable parameters is also a feasible mechanism. For example, the parameters in the RSS model are uncertain
and closely coupled with the environment; therefore,
neural networks can be embedded to learn particular parameters. The environmental adaptability of
the algorithms can be improved by adding a small
amount of training data. Hence, the depth of the
neural networks is determined by the convergence
rate of the algorithm family. The parameter space
of the deep network is determined by the parameter
constraints. The topology of the deep network is determined by the algorithms, and the deep network
can be trained by back-propagation. In addition,
unsupervised learning, reinforcement learning, and
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federated learning can be organically combined with
the localization models.

4 Location-assisted mmWave communications
The electromagnetic properties in the mmWave
frequency bands determine the high directionality of
mmWave communications. Therefore, the location
information (including velocity) is connected with
all aspects of mmWave communications, e.g., free
space path-loss, Doppler shift, channel quality, beam
directions, blockages, and interference levels. Traditional mmWave communications are totally based on
the estimated CSI, thereby requiring highly frequent
beam training and channel estimation processes to
overcome the large path-loss and high blockage probability experienced by mmWave signals, especially in
high-mobility scenarios. Motivated by the highly
accurate location information obtained by communication systems, the traditional CSI-based communication solutions can be turned into hybrid CSIand location-based solutions. The location information can be harnessed to speed up and enhance
beam training and tracking processes, which improves the CSI accuracy and reduces communication
overhead.
Some recent works have researched the assistance of location in communications (di Taranto
et al., 2014; Garcia et al., 2016; Maschietti et al.,
2017; Muppirisetty et al., 2018; Rezaie et al., 2020).
A location-aided beamforming strategy was pro-
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posed to speed up the channel estimation process
and achieve ultra-fast initial access between nodes
(Garcia et al., 2016). The approximate locations of
mobile devices were used to provide good estimates
of the channel statistics, and then pilot contamination avoidance schemes can be designed according to
the spatial separability (Muppirisetty et al., 2018).
Location-aided beam alignment methods exploit the
user location and prior knowledge of the propagation
environment to identify the beam directions that are
more likely to maximize the beamforming gain, allowing for a reduction of the beam training overhead.
A robust beam alignment framework was proposed
to exhibit resilience with respect to the noisy spatial
information due to mobility and other imperfections
in the estimation process (Maschietti et al., 2017).
A deep neural network based beam selection method
was proposed by leveraging the position and orientation of the receiver to recommend a shortlist of the
best beam pairs, which is applicable to pedestrian
applications with arbitrary orientation of the user
handset (Rezaie et al., 2020).
Existing works focused mostly on channel estimation and beam alignment. In the following subsections, we will summarize the aspects of mmWave
communications which can be enhanced with location assistance (Fig. 4).
4.1 Channel estimation
First, location information can be used to reﬁne the channel parameters, thereby improving the
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channel estimation performance. Moreover, although small-scale fading decorrelates over very
short distances, the distance-dependent path-loss
and the obstacle-caused shadowing correspond to
the location of transceivers and obstacles. This phenomenon implies that coarse CSI can be predicted
from the side information from the location and environment, and this prediction can be complemented
with instantaneous small-scale information, thereby
reducing communication overheads. The predicted
CSI can be considered as a prior distribution on the
channel quality for possible uses. The challenge is
the requirement of ﬂexible CSI predictive engines,
which should be able to learn and adapt in diﬀerent
radio propagation environments.
4.2 CSI feedback
Given that coarse CSI can be predicted from
the side information from the location and environment, the CSI feedback mechanisms can also be
transformed from state-of-the-art mechanisms to the
location- and environment-aware adaptive feedback
mechanisms to reduce the feedback delay. Feedback
location information with some instantaneous channel information supplement can substantially reduce
feedback overhead without compromising the data
rate.
4.3 Beam tracking
Supporting ultra-fast and high-rate data exchanges among moving users and between users and
infrastructure can hardly be accomplished in traditional mmWave communications due to the unacceptable overhead. By contrast, using spatial movement coherence in combination with location and velocity prediction, the coarse beam directions at the
next time slot can be predicted to greatly narrow
down the beam search area. In particular, the location information can signiﬁcantly speed up the beam
tracking process with a low overhead.
4.4 Synchronization
Synchronization can be aided through a priori
location information, which determines the potential
window to exploit the synchronization signals from
diﬀerent BSs.
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4.5 Interference control
The location of the transceivers also provides
useful information about the interference level to be
experienced at a speciﬁc location, time, and frequency. Hence, the moving user can accordingly
adjust the transmission power, frequency, or beam
direction to reduce the interference from other users.
This process is very important in mmWave communication systems with densiﬁed and heterogeneous
wireless networks, in which the system performance
is largely constrained by the interference.
4.6 Resource allocation
The channel capacity and outage can be predicted using the spatial movement coherence in combination with location and channel prediction. Techniques for location-assisted resource allocation can
reduce overheads and delays beyond traditional time
scales due to their ability to predict channel quality.
The communication rate is adapted to not exceed the
predicted capacity, or extra spectrum resources can
be pre-allocated to support the unexpected surge of
communication traﬃc demand. Temporary BSs can
also be used to provide communication links in unfavorable signal outage zones.
4.7 User selection
Location information is also beneﬁcial in reducing the overhead associated with user selection mechanisms. The easiest way is allowing BSs to make
decisions based solely on the users’ locations. Future trends will consider the terrains and layout of
blockages, enabling the users to avoid or escape from
unfavorable signal dead zones.
Location-awareness bears great promise to the
mmWave communication revolution in terms of reducing delay and feedback overhead, improving link
reliability, and maintaining high-throughput communications. To maximize the use of such side information of locations, eﬀorts are still needed in developing a data fusion mechanism to combine the parameters extracted from multiple BSs, synchronization among mmWave networks, redesigning the communication protocol by considering location information, designing adaptive combination mechanisms to
complement the location information with instantaneous CSI, investigating the performance trade-oﬀs
between mmWave localization and communication,
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constructing advanced protocols for information interaction between localization and communication
layers, and forming a new frame structure to allocate time-and-frequency resources for the localization function.

5 Future trends
Current mmWave communication systems are
designed for wireless communications, not for localization applications. Hence, high-throughput communication and high-accuracy localization via the
integrated mmWave communication and localization
systems require additional studies.
5.1 Hardware impairments
At the mmWave frequency bands, risks of increased phase noise and non-linearity of communication systems exist. These conditions could aﬀect the
signal quality and result in channel estimation errors and hence inﬂuence the functionality. Hardware
impairments should be considered in communication
and localization algorithm design. The uniqueness
of the hardware impairments of each device can also
be used for identiﬁcation, thereby turning waste into
wealth.
5.2 Cross layers
The communication layer or localization layer
is currently studied separately. Novel waveform designs should be devised to enable convergent communication and localization in mmWave systems, which
eﬃciently satisfy the trade-oﬀs between the communications and localization requirements and share resources in the time, frequency, and space domains.
Dynamic medium-access control protocols and radio
resource management algorithms will be needed to
allocate the radio resources according to the needs
of diﬀerent communication and sensing services. A
high degree of information sharing and adaptive combining mechanisms should be adopted among communication and localization layers.
5.3 Cross devices
Single technology cannot currently meet the
requirements of ubiquitous communications, highresolution localization, and high energy eﬃciency of
future cellular networks while operating at a high fre-
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quency range, under high mobility, with multiple targets, and amid cluttered communication scenarios.
Therefore, multi-domain information collected from
mmWave networks, sub-6 GHz networks, sensor networks, wireless local area networks (WLANs), satellites, unmanned aerial vehicles (UAVs), and radar
systems should be integrated by the upgrade of data
fusion technology. Interference management and
cancellation techniques will be redesigned in such a
heterogeneous network, together with the large difference in transmission powers needed for reliable
communication and localization.

6 Conclusions
In summary, we reviewed the background on
and explored the motivation behind the integrated
communication and localization methodology in
mmWave communication systems. We explicitly
stated that the signal and channel models are the
basis of communication and provided the necessary
parameters and information for localization. We explained the enhancement of mmWave communication systems considering both communication and
localization in terms of several key enabling technologies, such as ELAA, RIS, and AI, together with
the forthcoming challenges. Then, we provided an
overview of the basic knowledge of localization and
proposed two concrete, feasible, and promising research directions for localization in mmWave communication systems. These directions include localization with ELAA based on a new hardware architecture and localization with model-based neural
networks based on a new algorithm system. We discussed location-assisted mmWave communications
by summarizing the opportunities in all aspects of
mmWave communications, including channel estimation, CSI feedback, beam tracking, synchronization,
interference control, resource allocation, and user selection. Finally, we concluded with the future trends
in the integration of communication and localization
in mmWave systems in the context of hardware impairments, system designs, and algorithm updates,
for cross communication and localization layers and
various devices in heterogeneous networks.
Contributors
Jie YANG designed the research and drafted the
manuscript.

Jie YANG, Jing XU, Xiao LI, Shi JIN, and

Yang et al. / Front Inform Technol Electron Eng

468

Bo GAO revised and ﬁnalized the paper.

Compliance with ethics guidelines
Jie YANG, Jing XU, Xiao LI, Shi JIN, and Bo GAO
declare that they have no conﬂict of interest.

References
Abu-Shaban Z, Zhou XY, Abhayapala T, et al., 2018. Error
bounds for uplink and downlink 3D localization in 5G
millimeter wave systems. IEEE Trans Wirel Commun,
17(8):4939-4954.
https://doi.org/10.1109/TWC.2018.2832134
Akdeniz MR, Liu YP, Samimi MK, et al., 2014. Millimeter
wave channel modeling and cellular capacity evaluation.
IEEE J Sel Areas Commun, 32(6):1164-1179.
https://doi.org/10.1109/JSAC.2014.2328154
Akyildiz IF, Han C, Nie S, 2018. Combating the distance
problem in the millimeter wave and terahertz frequency
bands. IEEE Commun Mag, 56(6):102-108.
https://doi.org/10.1109/MCOM.2018.1700928
Ali A, Gonzalez-Prelcic N, Heath RW, et al., 2020. Leveraging sensing at the infrastructure for mmWave communication. IEEE Commun Mag, 58(7):84-89.
https://doi.org/10.1109/MCOM.001.1900700
Amiri A, Angjelichinoski M, de Carvalho E, et al., 2018. Extremely large aperture massive MIMO: low complexity
receiver architectures. IEEE Globecom Workshops, p.16. https://doi.org/10.1109/GLOCOMW.2018.8644126
Amiri R, Behnia F, Zamani H, 2017a. Asymptotically efﬁcient target localization from bistatic range measurements in distributed MIMO radars. IEEE Signal Process Lett, 24(3):299-303.
https://doi.org/10.1109/LSP.2017.2660545
Amiri R, Behnia F, Zamani H, 2017b. Eﬃcient 3-D positioning using time-delay and AOA measurements in MIMO
radar systems. IEEE Commun Lett, 21(12):2614-2617.
https://doi.org/10.1109/LCOMM.2017.2742945
Andrews JG, Buzzi S, Choi W, et al., 2014. What will 5G
be? IEEE J Sel Areas Commun, 32(6):1065-1082.
https://doi.org/10.1109/JSAC.2014.2328098
Badiu MA, Hansen TL, Fleury BH, 2017.
Variational
Bayesian inference of line spectra. IEEE Trans Signal Process, 65(9):2247-2261.
https://doi.org/10.1109/TSP.2017.2655489
Bi Q, 2019. Ten trends in the cellular industry and an
outlook on 6G. IEEE Commun Mag, 57(12):31-36.
https://doi.org/10.1109/MCOM.001.1900315
Boccardi F, Heath RW, Lozano A, et al., 2014. Five disruptive technology directions for 5G. IEEE Commun Mag,
52(2):74-80.
https://doi.org/10.1109/MCOM.2014.6736746
Bölcskei H, Gesbert D, Papadias CB, et al., 2006. SpaceTime Wireless Systems: from Array Processing to
MIMO Communications. Cambridge University Press,
Cambridge.
Brady J, Behdad N, Sayeed AM, 2013. Beamspace MIMO for
millimeter-wave communications: system architecture,
modeling, analysis, and measurements. IEEE Trans
Antenn Propag, 61(7):3814-3827.
https://doi.org/10.1109/TAP.2013.2254442

2021 22(4):457-470

Dardari D, Guidi F, 2018. Direct position estimation from
wavefront curvature with single antenna array. Proc
8th Int Conf on Localization and GNSS, p.1-5.
https://doi.org/10.1109/ICL-GNSS.2018.8543121
Dardari D, Conti A, Ferner U, et al., 2009. Ranging with
ultrawide bandwidth signals in multipath environments.
Proc IEEE, 97(2):404-426.
https://doi.org/10.1109/JPROC.2008.2008846
Decurninge A, Ordóñez LG, Ferrand P, et al., 2018. CSIbased outdoor localization for massive MIMO: experiments with a learning approach. Proc 15th Int Symp
on Wireless Communication Systems, p.1-6.
https://doi.org/10.1109/ISWCS.2018.8491210
del Peral-Rosado JA, Raulefs R, López-Salcedo JA, et al.,
2018.
Survey of cellular mobile radio localization
methods: from 1G to 5G. IEEE Commun Surv Tutor, 20(2):1124-1148.
https://doi.org/10.1109/COMST.2017.2785181
di Taranto R, Muppirisetty S, Raulefs R, et al., 2014.
Location-aware communications for 5G networks: how
location information can improve scalability, latency,
and robustness of 5G. IEEE Signal Process Mag,
31(6):102-112.
https://doi.org/10.1109/MSP.2014.2332611
Einemo M, So HC, 2015. Weighted least squares algorithm
for target localization in distributed MIMO radar. Signal Process, 115:144-150.
https://doi.org/10.1016/j.sigpro.2015.04.004
Ferrand P, Decurninge A, Guillaud M, 2020. DNN-based
localization from channel estimates: feature design and
experimental results.
https://arxiv.org/abs/2004.00363
Friedlander B, 2019. Localization of signals in the nearﬁeld of an antenna array. IEEE Trans Signal Process,
67(15):3885-3893.
https://doi.org/10.1109/TSP.2019.2923164
Garcia N, Wymeersch H, Ström EG, et al., 2016. Locationaided mm-wave channel estimation for vehicular communication. Proc IEEE 17th Int Workshop on Signal
Processing Advances in Wireless Communications, p.15. https://doi.org/10.1109/SPAWC.2016.7536855
Garcia N, Wymeersch H, Larsson EG, et al., 2017. Direct
localization for massive MIMO. IEEE Trans Signal
Process, 65(10):2475-2487.
https://doi.org/10.1109/TSP.2017.2666779
Ge XH, Tu S, Mao GQ, et al., 2016. 5G ultra-dense cellular
networks. IEEE Wirel Commun, 23(1):72-79.
https://doi.org/10.1109/MWC.2016.7422408
Guo XS, Ansari N, Li L, et al., 2018. Indoor localization by
fusing a group of ﬁngerprints based on random forests.
IEEE Int Things J, 5(6):4686-4698.
https://doi.org/10.1109/JIOT.2018.2810601
Han Y, Hsu TH, Wen CK, et al., 2019a. Eﬃcient downlink
channel reconstruction for FDD multi-antenna systems.
IEEE Trans Wirel Commun, 18(6):3161-3176.
https://doi.org/10.1109/TWC.2019.2911497
Han Y, Tang WK, Jin S, et al., 2019b. Large intelligent
surface-assisted wireless communication exploiting statistical CSI. IEEE Trans Veh Technol, 68(8):8238-8242.
https://doi.org/10.1109/TVT.2019.2923997

Yang et al. / Front Inform Technol Electron Eng

Han Y, Jin S, Wen CK, et al., 2020. Channel estimation for
extremely large-scale massive MIMO systems. IEEE
Wirel Commun Lett, 9(5):633-637.
https://doi.org/10.1109/LWC.2019.2963877
Han YJ, Shen Y, Zhang XP, et al., 2016. Performance limits
and geometric properties of array localization. IEEE
Trans Inform Theory, 62(2):1054-1075.
https://doi.org/10.1109/TIT.2015.2511778
He HT, Jin S, Wen CK, et al., 2019. Model-driven deep
learning for physical layer communications. IEEE Wirel
Commun, 26(5):77-83.
https://doi.org/10.1109/MWC.2019.1800447
He JG, Wymeersch H, Sanguanpuak T, et al., 2020. Adaptive beamforming design for mmWave RIS-aided joint
localization and communication. IEEE Wireless Communications and Networking Conf Workshops, p.1-6.
https://doi.org/10.1109/WCNCW48565.2020.9124848
Heath RW, González-Prelcic N, Rangan S, et al., 2016. An
overview of signal processing techniques for millimeter
wave MIMO systems. IEEE J Sel Top Signal Process,
10(3):436-453.
https://doi.org/10.1109/JSTSP.2016.2523924
Ho KC, Xu WW, 2004.
An accurate algebraic solution
for moving source location using TDOA and FDOA
measurements. IEEE Trans Signal Process, 52(9):24532463. https://doi.org/10.1109/TSP.2004.831921
Hu S, Rusek F, Edfors O, 2018. Beyond massive MIMO: the
potential of positioning with large intelligent surfaces.
IEEE Trans Signal Process, 66(7):1761-1774.
https://doi.org/10.1109/TSP.2018.2795547
Jeong S, Simeone O, Haimovich A, et al., 2016. Positioning
via direct localisation in C-RAN systems. IET Commun, 10(16):2238-2244.
https://doi.org/10.1049/iet-com.2016.0403
Kodippili NS, Dias D, 2010. Integration of ﬁngerprinting
and trilateration techniques for improved indoor localization. Proc 7th Int Conf on Wireless and Optical
Communications Networks, p.1-6.
https://doi.org/10.1109/WOCN.2010.5587342
Kraus JD, Marhefka RJ, 2002. Antennas for All Applications
(3rd Ed.). McGraw Hill, Upper Saddle River, NJ, USA.
Latva-Aho M, Leppänen K, 2019. Key Drivers and Research Challenges for 6G Ubiquitous Wireless Intelligence. Oulun yliopisto, Finland.
LeCun Y, Bengio Y, Hinton G, 2015. Deep learning. Nature,
521(7553):436-444.
https://doi.org/10.1038/nature14539
Lemic F, Martin J, Yarp C, et al., 2016. Localization as a
feature of mmWave communication. Proc Int Wireless
Communications and Mobile Computing Conf, p.10331038. https://doi.org/10.1109/IWCMC.2016.7577201
Li Y, He Z, Gao ZZ, et al., 2019.
Toward robust
crowdsourcing-based localization: a ﬁngerprinting accuracy indicator enhanced wireless/magnetic/inertial integration approach. IEEE Int Things J, 6(2):3585-3600.
https://doi.org/10.1109/JIOT.2018.2889303
Li Y, Zhuang Y, Hu X, et al., 2020.
Location-enabled
IoT (LE-IoT): a survey of positioning techniques, error
sources, and mitigation.
https://arxiv.org/abs/2004.03738

2021 22(4):457-470

469

Liu W, Cheng QQ, Deng ZL, et al., 2019. Survey on CSIbased indoor positioning systems and recent advances.
Proc Int Conf on Indoor Positioning and Indoor Navigation, p.1-8.
https://doi.org/10.1109/IPIN.2019.8911774
Ma YS, Zhou G, Wang SQ, 2019. WiFi sensing with channel state information: a survey. ACM Comput Surv,
52(3):46. https://doi.org/10.1145/3310194
Mamandipoor B, Ramasamy D, Madhow U, 2016. Newtonized orthogonal matching pursuit: frequency estimation over the continuum. IEEE Trans Signal Process,
64(19):5066-5081.
https://doi.org/10.1109/TSP.2016.2580523
Maschietti F, Gesbert D, de Kerret P, et al., 2017. Robust
location-aided beam alignment in millimeter wave massive MIMO. IEEE Global Communications Conf, p.1-6.
https://doi.org/10.1109/GLOCOM.2017.8254901
Matz G, Hlawatsch F, 2011. Fundamentals of time-varying
communication channels. In: Hlawatsch F, Matz G
(Eds.), Wireless Communications over Rapidly TimeVarying Channels. Academic Press, Orlando, FL, USA,
p.1-63.
https://doi.org/10.1016/B978-0-12-374483-8.00001-7
Mendrzik R, Meyer F, Bauch G, et al., 2019. Enabling
situational awareness in millimeter wave massive MIMO
systems. IEEE J Sel Top Signal Process, 13(5):11961211. https://doi.org/10.1109/JSTSP.2019.2933142
Molisch AF, 2005. Wireless Communications. Wiley, Chichester, UK.
Muppirisetty LS, Charalambous T, Karout J, et al., 2018.
Location-aided pilot contamination avoidance for massive MIMO systems.
IEEE Trans Wirel Commun,
17(4):2662-2674.
https://doi.org/10.1109/TWC.2018.2800038
Niu JW, Wang BW, Shu L, et al., 2015. ZIL: an energyeﬃcient indoor localization system using ZigBee radio to
detect WiFi ﬁngerprints. IEEE J Sel Areas Commun,
33(7):1431-1442.
https://doi.org/10.1109/JSAC.2015.2430171
Rappaport TS, Xing YC, Kanhere O, et al., 2019. Wireless
communications and applications above 100 GHz: opportunities and challenges for 6G and beyond. IEEE
Access, 7:78729-78757.
https://doi.org/10.1109/ACCESS.2019.2921522
Rezaie S, Manchón CN, de Carvalho E, 2020. Location- and
orientation-aided millimeter wave beam selection using
deep learning. Proc IEEE Int Conf on Communications,
p.1-6. https://doi.org/10.1109/ICC40277.2020.9149272
Rizk H, Torki M, Youssef M, 2019. CellinDeep: robust
and accurate cellular-based indoor localization via deep
learning. IEEE Sens J, 19(6):2305-2312.
https://doi.org/10.1109/JSEN.2018.2885958
Sallouha H, Chiumento A, Pollin S, 2017. Localization in
long-range ultra narrow band IoT networks using RSSI.
Proc IEEE Int Conf on Communications, p.1-6.
https://doi.org/10.1109/ICC.2017.7997195
Shahmansoori A, Garcia GE, Destino G, et al., 2018. Position and orientation estimation through millimeter-wave
MIMO in 5G systems. IEEE Trans Wirel Commun,
17(3):1822-1835.
https://doi.org/10.1109/TWC.2017.2785788

470

Yang et al. / Front Inform Technol Electron Eng

Studer C, Medjkouh S, Gonultaş E, et al., 2018. Channel
charting: locating users within the radio environment
using channel state information. IEEE Access, 6:4768247698. https://doi.org/10.1109/ACCESS.2018.2866979
Tang WK, Chen MZ, Chen XY, et al., 2021.
Wireless
communications with reconﬁgurable intelligent surface:
path loss modeling and experimental measurement.
IEEE Trans Wirel Commun, 20(1):421-439.
van der Perre L, Liu L, Larsson EG, 2018. Eﬃcient DSP
and circuit architectures for massive MIMO: state of the
art and future directions. IEEE Trans Signal Process,
66(18):4717-4736.
https://doi.org/10.1109/TSP.2018.2858190
Wang HQ, Kosasih A, Wen CK, et al., 2020.
Expectation propagation detector for extra-large scale massive
MIMO. IEEE Trans Wirel Commun, 19(3):2036-2051.
https://doi.org/10.1109/TWC.2019.2961892
Wang TQ, Wen CK, Wang HQ, et al., 2017. Deep learning
for wireless physical layer: opportunities and challenges.
China Commun, 14(11):92-111.
https://doi.org/10.1109/CC.2017.8233654
Wang XY, Gao LJ, Mao SW, et al., 2015. DeepFi: deep
learning for indoor ﬁngerprinting using channel state
information. Proc IEEE Wireless Communications and
Networking Conf, p.1666-1671.
https://doi.org/10.1109/WCNC.2015.7127718
Wang Y, Ho KC, 2015. An asymptotically eﬃcient estimator
in closed-form for 3-D AOA localization using a sensor
network. IEEE Trans Wirel Commun, 14(12):65246535. https://doi.org/10.1109/TWC.2015.2456057
Wen FX, Wymeersch H, Peng BL, et al., 2019. A survey on
5G massive MIMO localization. Digit Signal Process,
94:21-28. https://doi.org/10.1016/j.dsp.2019.05.005
Wu QQ, Zhang R, 2020. Towards smart and reconﬁgurable
environment: intelligent reﬂecting surface aided wireless
network. IEEE Commun Mag, 58(1):106-112.
https://doi.org/10.1109/MCOM.001.1900107
Wymeersch H, 2020. A Fisher information analysis of joint
localization and synchronization in near ﬁeld. IEEE
Int Conf on Communications Workshops, p.1-6.
https://doi.org/10.1109/ICCWorkshops49005.2020.914
5059
Wymeersch H, Seco-Granados G, Destino G, et al., 2017.
5G mmWave positioning for vehicular networks. IEEE
Wirel Commun, 24(6):80-86.
https://doi.org/10.1109/MWC.2017.1600374
Xiao M, Mumtaz S, Huang YM, et al., 2017. Millimeter wave
communications for future mobile networks. IEEE J
Sel Areas Commun, 35(9):1909-1935.
https://doi.org/10.1109/JSAC.2017.2719924

2021 22(4):457-470

Xiao ZQ, Zeng Y, 2020. An overview on integrated localization and communication towards 6G.
https://arxiv.org/abs/2006.01535v1
Xu ZB, Sun J, 2018. Model-driven deep-learning. Natl Sci
Rev, 5(1):22-24. https://doi.org/10.1093/nsr/nwx099
Yang J, Wen CK, Jin S, et al., 2018. Beamspace channel estimation in mmWave systems via cosparse image reconstruction technique. IEEE Trans Commun,
66(10):4767-4782.
https://doi.org/10.1109/TCOMM.2018.2805359
Yang J, Jin S, Wen CK, et al., 2019.
3-D positioning
and environment mapping for mmWave communication
systems. https://arxiv.org/abs/1908.04142v1
Yang J, Jin S, Wen CK, et al., 2020. Fast beam training
architecture for hybrid mmWave transceivers. IEEE
Trans Veh Technol, 69(3):2700-2715.
https://doi.org/10.1109/TVT.2020.2963847
Yang J, Zeng Y, Jin S, et al., 2021. Communication and
localization with extremely large lens antenna array.
IEEE Trans Wirel Commun, in press.
https://doi.org/10.1109/TWC.2020.3046766
Yang X, Matthaiou M, Yang J, et al., 2019. Hardwareconstrained millimeter-wave systems for 5G: challenges,
opportunities, and solutions.
IEEE Commun Mag,
57(1):44-50.
https://doi.org/10.1109/MCOM.2018.1701050
Yin XF, Wang S, Zhang N, et al., 2017.
Scatterer localization using large-scale antenna arrays based on a
spherical wave-front parametric model. IEEE Trans
Wirel Commun, 16(10):6543-6556.
https://doi.org/10.1109/TWC.2017.2725260
Zekavat R, Buehrer RM, 2011. Handbook of Position Location: Theory, Practice, and Advances. John Wiley and
Sons, Hoboken, NJ, USA.
Zeng Y, Zhang R, 2016.
Millimeter wave MIMO with
lens antenna array: a new path division multiplexing
paradigm. IEEE Trans Commun, 64(4):1557-1571.
https://doi.org/10.1109/TCOMM.2016.2533490
Zhao HY, Zhang N, Shen Y, 2020. Beamspace direct localization for large-scale antenna array systems. IEEE
Trans Signal Process, 68:3529-3544.
https://doi.org/10.1109/TSP.2020.2996155
Zhou BP, Liu A, Lau V, 2019. Successive localization and
beamforming in 5G mmWave MIMO communication
systems. IEEE Trans Signal Process, 67(6):1620-1635.
https://doi.org/10.1109/TSP.2019.2894789
Zhou Z, Gao X, Fang J, et al., 2015. Spherical wave channel
and analysis for large linear array in LoS conditions.
IEEE Globecom Workshops, p.1-6.
https://doi.org/10.1109/GLOCOMW.2015.7414041

