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Abstract—Future wireless networks will integrate sensing,
learning and communication to provide new services beyond
communication and to become more resilient. Sensors at the
network infrastructure, sensors on the user equipment, and the
sensing capability of the communication signal itself provide
a new source of data that connects the physical and radio
frequency environments. A wireless network that harnesses all
these sensing data can not only enable additional sensing services,
but also become more resilient to channel-dependent effects like
blockage and better support adaptation in dynamic environments
as networks reconfigure. In this paper, we provide a vision for
integrated sensing and communication (ISAC) networks and an
overview of how signal processing, optimization and machine
learning techniques can be leveraged to make them a reality
in the context of 6G. We also include some examples of the
performance of several of these strategies when evaluated using
a simulation framework based on a combination of ray tracing
measurements and mathematical models that mix the digital and
physical worlds.

Index Terms—integrated sensing and communications, network
sensing, sensing-aided communication, radio positioning, radio
SLAM, RIS-aided localization, joint monostatic sensing and
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N. González-Prelcic and M. Bayraktar are with the Department of Electrical
and Computer Engineering, University of California San Diego, USA (ngprel-
cic@ucsd.edu;mbayraktar@ucsd.edu).
M. F. Keskin and H. Wymeersch are with the Department of
Electrical Engineering, Chalmers University of Technology, Sweden
(furkan@chalmers.se;henkw@chalmers.se).
O. Kaltiokallio and Mikko Valkama are with the Unit of Electrical Engineering,
Tampere University, Finland (ossi.kaltiokallio@tuni.fi; mikko.valkama@tuni.fi).
D. Dardari is with the Department of Electrical, Electronic, and Information
Engineering ”Guglielmo Marconi”, University of Bologna, and WiLAB-CNIT,
Italy (davide.dardari@unibo.it).
X. Shen and Y. Shen are with the Department of Electronic Engineering and
the Beijing National Research Center for Information Science and Technology,
Tsinghua University, Beijing 100084 China (shenx20@mails.tsinghua.edu.cn;
shenyuan ee@tsinghua.edu.cn).

communication, near field ISAC, distributed joint sensing and
communication.

I. INTRODUCTION

Early work on integrated sensing and communication tar-
geted the development of cooperation strategies to enable
spectral coexistence between communication and sensing
[1]. At the same time, there was also interest in sharing
hardware among radar and communication systems to reduce
cost, weight and size, what motivated the initial designs of
joint sensing and communication systems [2]. Nowadays,
the number of potential avenues to integrating sensing and
communication and their related benefits have exploded [3]. On
the one hand, communication operation at higher frequencies
with large arrays and bandwidths has led to waveforms and
signal processing algorithms in the transceiver which are
naturally well-suited for sensing. On the other hand, the
diversification and sophistication of devices in the wireless
network have resulted in the creation of wireless networks
where the communicating devices are also sensing devices,
which opens challenges related to sensor and communication
data fusion. Good examples of sensing/communicating devices
are the connected vehicles to be supported by cellular networks
(already a use case in the 5G standard), equipped with a wide
variety of sensors including cameras, radars, or LIDAR. All
these technological advancements bring new opportunities for
integrating sensing and communication with motivations and
benefits that go beyond conventional ones. integrated sensing
and communication (ISAC) has emerged as a renewed research
area that aims to develop all these opportunities by exploiting
the similarities between the required hardware, the waveforms,
the signal processing algorithms and the machine learning
strategies to be exploited, or the sensing and communication
channels, and define new applications and frontiers for the
future wireless communication and sensing systems.

In the cellular industry, the 6G Roadmap elaborated by
the NextG Alliance (an industry initiative to advance North
American technology for future cellular networks) considers
joint sensing and communication a key technology for 6G
[4]. Similar considerations are being made by the Euro-
pean counterpart to NextG, the 6G Smart Networks and
Services Industry Association (6G-IA) [5]. Moreover, the
European Telecommunications Standards Institute (ETSI) has
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also launched an Industry Specification Group (ISG) for ISAC,
which is developing a roadmap and prioritization of sensing
types and ISAC use cases that can potentially be covered in
future 6G releases of the 3rd Generation Partnership Project
(3GPP) [6]. The performance requirements envisioned by the
industry for some application verticals are, however, stringent
and can only be met with continued research that develops
advanced solutions.

In this paper, we describe different frameworks for in-
tegrating sensing and communications in future-generation
cellular systems, discuss the different features to be exploited
at different frequency bands, and present an overview of the
recent techniques and advances that can make ISAC a reality
in 6G. We focus on a communication-centric perspective
for ISAC with tight integration of waveform and time and
frequency resources for sensing and communication, versus
other approaches where integration only appears at the site
or spectrum level [7]. In this communication-centric vision,
we also review how sensing can assist the network operation.
Previous overview/tutorial papers do not clearly focus on a
communication-centric perspective of ISAC which includes
a comprehensive survey of all the ISAC techniques relevant
for 6G and beyond. For example, [8] describes a radar-centric
approach, where only low rate communication is considered by
embedding communication signals into radar waveforms. The
survey in [9] discusses radar and communication waveforms for
ISAC, without covering specific algorithms in the transceiver to
enable the different network sensing modes. The work in [10]
focuses on automotive applications, describing radar-centric
and communication-centric waveforms, but not covering the
detailed description of specific algorithms or learning strategies
for sensing or operation modes in the near field, to name some
limitations. The overview in [11] includes communication-
centric and radar-centric perspectives, but the study is not
comprehensive and the level of detail is very limited; for
example, it does not include a treatment of positioning, and
relevant aspects in monostatic sensing like the impact of self-
interference are not described. Technologies for sensor-aided
communication, a new form of ISAC which may play a critical
role to increase resilience and adaptability in 6G networks, are
not discussed in any of these surveys. Finally, [3], includes an
study of performance limits and trade-offs, aspects of waveform
design from a communication and radar perspective, and only
a one-page description of receiver algorithms for ISAC. We
can conclude that none of the previous works provides a
complete communication-centric overview with emphasis on
the techniques at the receiver that enable network sensing and
sensor-aided communication, as this paper does. In addition, the
role of machine learning tools in the design of the physical layer
of ISAC networks is hardly considered in previous surveys.

The structure of the technical sections in this paper is shown
in Fig. 1. We start by describing our vision of the ISAC
network, potential sensing modes, the concept of sensing-
aided communication, and the status of ISAC services –mainly
positioning– developed within the most recent standardization
efforts in 3GPP. Then we focus on ongoing research, reviewing
first approaches for joint bistatic and multi-static sensing and
communication that provide the sensing information directly
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Fig. 1. Paper outline, covering the technical sections.

from the fronthaul link, downlink, uplink, or even sidelink
signal, exploiting different geometric transformations between
some or all the channel parameters and the user’s position
and orientation. These approaches are especially relevant at
millimeter-wave (mmWave) and sub-THz bands, where the
large arrays and bandwidths provide good angular and delay
resolvability, and it is also easier to map the channel parameters
to the objects in the propagation environment due to the
channel sparsity. Next, we revisit joint monostatic sensing
and communication strategies, where the exploitation of full
duplex (FD) circuits that provide an appropriate isolation
between the transmitter and receiver enables simultaneous
transmission of the communication signal and reception of
the reflections on potential targets, which can be processed
in a radar-like operation to provide position and velocity
information. In a different section, we also discuss how
novel wide aperture technologies such as large reconfigurable
intelligent surface (RIS) and distributed MIMO can provide a
potential avenue to further increase position estimation accuracy
by exploiting information from additional relevant paths. To
complete the perspective of the sensing capabilities of the
cellular network, we will describe several approaches for radio-
simultaneous localization and mapping (SLAM), the process
of simultaneously locating the user and creating a map of the
environment. Finally, we will describe the opposite setting,
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Fig. 2. Illustration of the different elements in the infrastructure of an ISAC network.

sensor-aided communication, where sensing information (e.g.,
user’s position) can be leveraged to enhance network operation,
for example significantly reducing the overhead associated
with link configuration and reconfiguration or enabling early
blockage detection. Throughout the paper, we will make the
case that time is right for communication and sensing to be
considered together, and why communication and sensing will
likely be THE defining physical layer feature of 6G.

II. VISION OF THE ISAC NETWORK

A. ISAC infrastructure

The ISAC network provides an integrated combination of
sensing and communication. It offers sensing and communica-
tion as services to applications that are run in, around and by
the network. A smart meter may subscribe to communication as
a means to send back meter measurements, a bicycle commuter
may subscribe to sensing to enhance their situational awareness,
while an automated vehicle may subscribe to sensing and
communication as part of an automated driving package. An
ISAC network, and pertinent components of infrastructure, are
illustrated in Fig. 2. We summarize the different components
of the infrastructure here.

The foundation of an ISAC network is a diverse and
heterogeneous cellular communication infrastructure. There is
conventional terrestrial base station (BS) infrastructure in the
form of macro/micro/pico cells, which are typically mounted
on towers, rooftops or lightpoles. To expand coverage and
increase sensing accuracy and probability of target detection,
important for higher frequencies like mmWave, there are low-
power RIS to generate favorable reflections between the BSs
and the user equipment (UE). There are also relays or BSs that
connect to the cellular infrastructure using the same spectrum
as the network, with integrated access and backhaul. The

infrastructure need not be terrestrial; ISAC also supports non-
terrestrial components where the BSs are untethered to the
ground in the form of satellites or unmanned aerial vehicles.
Wired networks, typically realized via cable, fiber or point-
to-point microwave links form another piece of infrastructure
in the cellular network. These fixed communication links are
used as part of backhaul to network BSs together with the
core network, and also to implement front-haul, where a BS
is realized in two pieces as a remote radio head connecting
antennas to a distantly located baseband unit.

The sensing part of an ISAC network is realized with several
infrastructural components. Sensors in the form of cameras,
radars, and LIDARs are present at some of the UE in the
network. These sensors use spectrum that is different from the
communication spectrum. But the sensors need not just be on
the UEs as there is a compelling case to co-locate sensing with
the infrastructure to offer a birds-eye-view of the environment
[12]. Sensing is also facilitated by reusing the communication
signal for radio sensing. A network with integrated sensing and
communication reuses the existing communication waveforms
possibly with more capable hardware (for example a FD BS to
enable monostatic sensing), and additional network components
to fuse data collected in the environment.

The learning portion of an ISAC network is realized through
the combination of data and computation. Data refers to the
storage of past sensor data and communication performance
data, which is collected over time. Computation refers to the
training of machine learning models on the data, the updating
of models based on new data, and the execution of inference
operations using the trained models. As shown in Fig. 2, the
data and computation are distributed in different components of
the network including the UE, the BS (so-called network edge),
and in the core network. The computation capabilities will vary
significantly at these different components, as will the extent
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of data stored and shared with other network components.
One aspect that makes ISAC networks interesting is the vastly

different communication, sensing, computation and learning
capabilities of the devices in the network. It includes devices
that directly serve people like smart phones, watches and
glasses; low-capability connected devices like smart meters
and location tags; and high-capability connected devices like
automotive vehicles, aerial vehicles and robots.

Fundamentally, the ISAC network infrastructure is itself
smart. Many elements of the infrastructure and the network
itself can be driven by protocols and algorithms which exploit
both models and data. The learning (shown via data and
computation in Fig. 2) should be viewed not just as a sensing
service provided to devices in the network, but also as a
fundamental component of the network’s self-optimization
capability. For example, the AI-driven BS could use data
to optimize how it balances sensing and communication
needs with users in its coverage area. The network central
processor could use data to reconfigure how all the different
infrastructure components work together to serve broader
sensing and communication functions over a larger geographic
area.

B. Spectrum and MIMO technologies

In addition to the infrastructure, the ability to perform
sensing is strongly related to the resolution (i.e., the ability
to resolve multipath) provided in different dimensions, in
particular bandwidth (providing delay resolution) and array
aperture (providing angle resolution). For that reason, in this
section, we briefly review the different frequency bands and
multiple-input multiple-output (MIMO) architectures.

1) Spectrum Considerations: In 6G, there are several bands
under discussion. The combination of the frequency band
and the available bandwidth are important from the sensing
perspective.
� Frequency range 1 (FR1): This band spans from around

400 MHz to 7 GHz. In this band, bandwidths between 5
MHz and 100 MHz can be supported. The main benefits
of the low carrier frequency are a low path loss leading to
large coverage, and small Doppler frequencies, supporting
high mobility. On the other hand, the small bandwidth
leads to poor delay resolution. Moreover, the propagation
tends to be less geometric (i.e., the channel does not have
a clear geometric relation to the environment and is more
statistical in nature), due to weak shadowing and complex
multipath propagation.

� Frequency range 2 (FR2): This band spans from around
24 GHz to 70 GHz, with supported bandwidths ranging
from 50 to 400 MHz. Due to the higher path loss, use
of this band must be combined with directional arrays.
This implies that while resolution is good, coverage is
limited and only applications with moderate mobility can
be supported. In terms of the propagation, shadowing is
more pronounced leading to fewer propagation paths and
a more geometric channel.

� Upper mid-band: This band lies between 7 GHz and 24
GHz, and is sometimes referred to as the golden band

or even FR3. This band has not been studied extensively,
but is expected to provide a good trade-off between data
rate and wide coverage. Initial studies claim that it is
possible to maintain the same area coverage as in FR1
while achieving a significant improvement in throughput
thanks to the exploitation of extremely large arrays and
increased bandwidth [13].

� Sub-THz: The sub-THz bands spans from 100 GHz to 300
GHz. This band is envisioned for extremely high data rates
in nearly static conditions. Thanks to large bandwidths
and large arrays for fine, high-gain beams, resolution is
expected to be high, but range is likely very short (tens of
meters). The channel is characterized by diffusive, rather
than specular reflections, as the wavelength gets close to
the roughness of materials. This provides opportunities of
sub-THz for imaging and mapping applications.

In summary, each band features clear benefits and drawbacks
for sensing. Consequently, judicious selection and aggregation
of different bands will be important to support the wide variety
of sensing services. Multi-band networks, with the possibility
to combine or switch between a variety of bands (ranging from
sub-6 GHz to THz and visible light), are promising in this
respect [14], but require further study in terms of transceiver
and antenna design, propagation, and resource allocation [15].
Finally, we emphasize that geometric models will be needed
to evaluate sensing capabilities within and across the 6G
bands, relying on ray-tracing or common data-bases, rather
than conventional stochastic channel models. Such a common
data-set is important not just for standardization, but also for
academic research.

2) MIMO architectures: Multiantenna communication is
a distinctive feature in current cellular networks at both
FR1 and FR2. MIMO architectures are however radically
different at different frequency bands, due to different hardware
constraints, antenna scales, and channel bandwidths. At FR1,
it is possible to operate with small arrays and one radio
frequency (RF) chain per antenna element, so that all the signal
processing operations are performed in digital. At mmWave
frequencies, power consumption considerations and circuit
technologies introduce different hardware constraints [16],
[17]. For example, space limitations and excessive power
consumption when operating with high resolution converters
prevent from using an RF chain per antenna. This has led to
specific MIMO architectures to operate at mmWave, which
include analog beamforming, hybrid precoding and combining
and low resolution architectures that keep one RF chain per
antenna but significantly reducing the number of bits in the
analog-to-digital converter (ADC)s and/or digital-to-analog
converter (DAC)s. The MIMO architecture heavily impacts
the received signal model and the techniques used to extract
the channel parameters, later used for localization or sensing.
In addition, the design of precoders and combiners for joint
sensing and communication purposes also depends on the
specifc MIMO architecture.

In an analog architecture, beamforming is performed in the
analog domain by configuring a set of phase shifters. Config-
uring these phases for analog beamforming requires several
stages of beam training at both sides of the link. Assuming
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Fig. 3. Illustration of different network sensing modes. (a) Monostatic
sensing: the transmitter and receiver are co-located, share a common clock,
and knowledge of the transmitted signal so the echoes can be processed in
radar-like operation. It can be performed by the BS or a mobile user. (b)
Bistatic sensing: the transmitter and receiver are physically separated. It can
be performed in the uplink or the downlink, and the transmitter and receiver
can be two BSs, or one BS and one user.

a number of NT transmit antennas and NR receive antennas,
the beamforming operation is represented by multiplication
by a beamforming vector f 2 FNT�1 at the transmitter and a
weight beamforming vector w 2 WNR�1 at the receiver, with
F and W the sets of possible phases at the transmitter and
receiver. The performance that can be achieved with analog
beamforming, both for communication and sensing, is limited
by the lack of amplitude tunability and the number of bits used
to quantize the phases. In general, it is not a suitable approach
for multistream, multiuser, or multitarget scenarios. Moreover,
the spatial processing performed with analog beamforming is
frequency flat, since the the same set of phase shifters are used
for the entire band. The design of analog beamformers for joint
sensing and communication purposes heavily depends on the
sensing mode. For example, Section V provides the details of an
analog beamforming design for monostatic network sensing that
incorporates sensing and communication metrics in addition
to the phase shifter constraints and self-interference mitigation
requirements.

A hybrid precoding architecture provides an interesting
performance/complexity trade-off. In this case, the precoding
and combining operations are divided between the analog and
digital domains, with a number of RF chains much lower

than the number of antennas. In other words, NRF;T < NT

and NRF;R < NR. This way, the precoding matrix can be
represented by F = FRFFBB, where FRF is the analog
precoding matrix and FBB is the digital or baseband precoding
matrix. Analogously, W = WRFWBB, with WRF the analog
combiner and WBB the digital combiner. The additional digital
precoding/combining stage enables frequency selective spatial
processing. Moreover, the higher number of degrees of freedom
in a hybrid design allows mutibeam solutions, making it suitable
for multistream, multiuser, or multitarget scenarios. The sensing
and communication performance provided by hybrid designs
is close to that obtained with all-digital solutions. However,
the hardware constraints of the analog counterparts complicate
the channel parameter estimation process and the optimization
problems to be solved to design the hybrid precoders and
combiners.

An alternative to the analog and hybrid architectures is the
low resolution architecture. It is a fully digital architecture
where low resolution DACs and ADCs are employed to reduce
power consumption and cost. Performance is compromised
because of the high quantization noise. The investigation of
specific designs and its performance in the context of ISAC
systems is very limited [18], [19] and will not be further
discussed in this paper.

Operation in the upper-mid-band will likely be driven by
BSs equipped with extremely large arrays and a hybrid MIMO
architecture with a very high number of RF chains [13]. MIMO
configurations will likely vary within this band, to accommodate
different channel features and bandwidths as moving from
lower to higher carrier frequencies. Multiband array designs
will integrate different types of antenna arrays for each band
[20]. Open challenges include multiband array configuration
both for communication and sensing.

C. Network sensing modes
The purpose of this section is to clarify the different types

of sensing and relate them to other concepts used throughout
this paper.

1) Sensing, Positioning, Localization: Sensing in 6G net-
works is a highly overloaded term. Sensing comprises receiving
a radio signal or a set of radio signals and processing these
radio signals to extract information relevant for a service. The
received radio signals in general depend on the geometric state
of the transmitter, receiver, and the environment (e.g., radar
sensing), though not all sensing services rely on this geometry
(e.g., pollution monitoring). Hence, localizing of connected
users and passive objects relies on sensing information. In
3GPP, positioning refers to localizing UEs from uplink,
downlink, or sidelink transmissions. Localization then extends
positioning to also include the estimation of the position
of a passive object / target (as in device-free localization),
which includes also the detection of the presence of these
objects. In this paper, we will use localization and positioning
interchangeably, and when we refer to sensing, we intend radar-
like sensing, whereby we detect objects and determine their
state.

Sensing measurements and information derived from them
can be fused with sensors external to 6G, such as cameras,



6

lidar, or radar to provide a more detailed or complementary
view. For example, the cellular system could provide additional
sensing information to automotive sensors, allowing vehicles
to see around corners.

2) Mono-, Bi-, and Multistatic Sensing: Sensing is conven-
tionally broken down intro three types, though many other
forms of sensing exist, which are not covered in this paper.
� Monostatic sensing: In monostatic sensing, illustrated in

Fig. 3(a), the transmitter and receiver are co-located, share
a common clock, and knowledge of the transmitted signal.
Hence, sensing can be based on pilot or data signals. The
sensing measurements (e.g., time-of-arrival (ToA), angle-
of-arrival (AoA) and corresponding detected objects) are
in relation to the coordinate system of the transmitter.
Hence, the transmitter may be a BS or a mobile UE.
In the former case, sensed objects are tracked, based
on downlink transmissions, in the frame of reference of
the static BS. In the latter case, the sensed objects are
tracked, based on up/sidelink transmissions, in the frame
of reference of the mobile UE. In this case, the UE can
over time build a map of the environment, with respect
to its original position and orientation, a process known
as SLAM.

� Bistatic sensing: In bistatic sensing, the transmitter and
receiver are physically separate, as shown in Fig. 3(b). If
the transmitter or receiver is a UE, no synchronization can
be assumed and sensing is based on pilot signals. Also,
sensing measurements must account for the unknown
location of the UE, leading to a SLAM problem in a
global coordinate system. If both transmitter and receiver
are BSs, time or even phase synchronization may be
assumed, as well as knowledge of the transmitted data.
In case such synchronization is not available, the line-
of-sight (LoS) path can serve as a reference for all later
multipath components.

� Multistatic sensing: In multistatic sensing, there are several
transmitters and/or several receivers, all physically sepa-
rated. Pilot signals or some form of multiplexing is needed
in case there are several transmitters, to avoid interference.
As in bistatic sensing, different levels of synchronization
may be available (time or phase synchronization), leading
to different ways to fuse measurements from the different
receivers.

D. Sensing services

1) Evolution from positioning to sensing, a standardization
perspective: Positioning a UE has been standardized over
multiple 3GPP releases. Fig. 4 shows the history of 3GPP
positioning Radio Access Network (RAN) standardization and
evolution of foreseeable sensing standardization in 3GPP. As
can be seen from the figure, specification for estimating UE’s
location has been built over many years. One aspect of this
evolution is the change on the accuracy requirement. It started
with positioning in release 9 LTE networks, with the aim
of meeting the regulatory requirement of 50 m accuracy in
positioning a UE. Regulatory requirement was the mainstay
for building the positioning specifications in nearly all LTE

releases. Positioning signals, measurements, procedure and
architecture were specified to meet this requirement. The new
radio (NR) in 5G supports larger bandwidth than LTE. The
increase in bandwidth in 5G NR also improved positioning
accuracy requirements in 5G NR releases. The first 5G NR
release had positioning requirements down to 3 m for indoor
use cases which tightened further to 1 m in release 17 for
industrial indoor Internet of Things (IoT) use cases [21].

As a location estimation problem, sensing seems to be an
evolution of the positioning with objective of locating a passive
scatterer. However, the protocol and architectural landscape
of sensing will be significantly different and may not be seen
as an evolution of positioning. New signals for sensing may
be standardized in 6G releases of 3GPP if existing signals in
specifications do not meet sensing requirements.

2) Wireless network based use cases and requirements:
3GPP has begun the standardization of sensing with a study on
use cases [22] and subsequently building specification on the
requirements [23]. Network sensing can enable new services
and use cases for various verticals including smart homes,
smart factories or vehicle-to-everything (V2X). There are 32
use cases proposed in [22]. In initial phases of standardization
selective use cases will be prioritized. A possible prioritization
of use cases can be the following,
� Smart home/building intrusion detection - Intrusion

detection in buildings or surroundings of smart home.
� Transport use cases - Examples include intrusion de-

tection of animal/human on highway, sensing aided
automotive maneuvering and navigation, parking space
determination or blind spot detection.

� Industry use cases - Detection and tracking of au-
tonomous ground vehicles in factories, autonomous mobile
robot collision avoidance, or integrated sensing and
positioning in a factory hall.

� Unmanned Aerial Vehicles (UAV) use cases - Some
examples include UAV flight trajectory tracking and UAV
detection near smart grid equipment.

3) 3GPP Propagation modeling for sensing: The current
version of channel models in 38.901 does not support sensing
evaluation in detail and sensing specific parameters and aspects
need to be added to the channel models. For example, modelling
of sensing targets in terms of their physical scattering surface
as radio cross section (RCS) and modelling the mobility of
the sensing targets has to be included in a new channel model
that supports sensing. In addition, realizations of the current
3GPP channel model never generate reflections fulfilling the
geometric relationships imposed by the laws of physics, yet
these relationships are generally exploited for localization or
sensing. Finally, the possibility of tracking an object requires a
spatially consistent channel model depicting movement of the
object consistently with respect to the evolution of multipath,
phases of the signals, etc. Recent work has started to address
these challenges [24], [25], but the number of contributions is
still scarce.

E. Network operation assisted by sensing
Networks can sense their surroundings to provide sensing

data interesting for the users, the cities, or the road infrastruc-
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Fig. 4. Evolution of positioning across 3GPP releases and beginning of sensing. Dashed box show undecided release of 3GPP.

ture for example. Moreover, an ISAC network can also exploit
these sensing data to become more resilient. A wireless network
that harnesses such data can improve its adaptability to changes
in the propagation environment and become more resilient to
channel-dependent effects like blockage [12], [26]. The huge
amount of information that this type of network can collect is
the basis for exploiting machine learning (ML) algorithms to
assist communication. ML can help in creating representations
of the environment that fuse sensing data with digital maps and
models for the communication system. Moreover, ML can also
provide intelligent recommendations that exploit sensing data
for network adaptation to a dynamic environment [27]–[30].

We envision a network that can create a joint map that
combines measurements of both the physical world and the
radio world, which we call an ISAC-map. Radio maps have
been used extensively for cell network planning based on
propagation simulation tools and drive testing [31]. Those
maps normally only capture average received signal strength or
signal-to-interference radio (SIR) as a function of location for
the purpose of network configuration and densification. The
ISAC-map we envision goes well beyond the idea of radio
maps, capturing the distribution of objects in the real world and
their inferred properties like type, size, trajectory, and so on.
This could be obtained using the radio localization and sensing
capabilities of the network itself or the wealth of data that can
be obtained with conventional sensors on the UE and/or on
the infrastructure [12], [32], for example on lamp poles [33].
The ISAC map will include all sensing information relevant
to network operation: location of users, speed and position of
blockers, information about static scatterers of the environment,
etc. This information can be superimposed on a digital map of
the network coverage area to also leverage information about
landmarks in the digital map relevant for wireless propagation.
Conceptually, an ISAC map is a semantic representation of
the propagation environment useful for network operation. In
addition, past configurations of the network that provided good
performance, for example a reduced beam codebook associated
to a given location, can also be fused with the ISAC map. An
example of the ISAC map for the urban scenario in Fig 5(a) is
illustrated in Fig. 5(b)—including the technology used to obtain

the sensing data—while Fig. 5(c) shows some use cases that
exploit the ISAC map for enhancing communication operation.
For example, the location of user 1 can be used to create
a beam codebook adapted to the statistical behavior of the
propagation environment around that location [28]. In addition,
information about the moving target 1 can be exploited to
predict the blockage that user 1 experiences, so the network
can proactively find an alternative path and mitigate its impact.
Finally, the automotive radar signal created at user 2 can be
tracked by the radar receiver deployed at the BS, and the
information about the radar channel can be exploited as a prior
to reduce the training overhead of establishing the link between
user 2 and the BS. In Section VII, we consider in detail two
particular aspects of the network operation that can greatly
benefit from the exploitation of sensing data in the ISAC map:
the configuration of the antenna arrays required for directional
communication and blockage prediction and management.

III. WAVEFORMS, RESOURCE ALLOCATION AND CHANNEL
PARAMETER ESTIMATION IN ISAC NETWORKS

A. Multicarrier waveforms for ISAC

1) Fundamentals: Multicarrier modulation forms the basis
for the physical-layer waveform in various contemporary and
emerging wireless systems. Good examples are WLAN/WiFi
networks, digital video broadcasting systems, and the latest
generations of mobile cellular networks, i.e., 4G LTE/LTE-
Advanced and 5G NR [34]. While there are many alter-
native multicarrier modulation schemes [35], [36], the so-
called orthogonal frequency-division multiplexing (OFDM)
principle [37] is by far the most commonly adopted approach
– including all the previously noted commercial systems.
Powered by the involved subchannel or subcarrier structure,
multicarrier modulation—and OFDM in particular—allows for
efficient mitigation of channel time-dispersion in the form
of computationally efficient channel equalizers. In general,
OFDM enables flexible and reconfigurable physical-layer, in
terms of multicarrier symbol durations while supporting also
backwards compatibility and coexistence of LTE and NR.
Complementary filtering and windowing [38], [39] can also
be added, either at the transmitter (TX) or the receiver (RX)
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Fig. 5. Illustration of the sensing assisted communication concept: (a) Joint
sensing and vehicular communication system supported by a cellular network
in an urban scenario. (b) ISAC map corresponding to the urban scenario in
(a), showing the detected users, targets and scatterers and the technology
employed for detection. (c) Application of the ISAC map for sensing-assisted
communication: location aware beam codebook design for user 1, blockage
prediction created by target 2, and radar-aided beam training for user 2.

or both, in an essentially transparent manner [40], to enhance
the waveform spectral containment. Additionally, OFDM
and its multiple access variant called orthogonal frequency-
division multiple access (OFDMA) are particularly well-suited
for MIMO communications, facilitating efficient frequency-

dependent precoding or beamforming. OFDMA also allows
for harnessing efficiently the channel state information (CSI)
available at the transmitter, in the form of channel fading
responses and interference levels, for link adaptation and
scheduling in adaptive modulation and coding based multiuser
systems, while rate adaptation in power-domain through, e.g.,
water-filling is also technically feasible.

OFDM/OFDMA has also its challenges and limitations. One
particular implementation concern is related to the highly dy-
namic envelope of the transmit waveform, commonly quantified
through the crest factor (CF) or the peak-to-average power ratio
(PAPR). Such highly dynamic envelope is problematic from
the power amplifiers (PAs) point of view, as the PA power-
efficiency is commonly improved if operating closer towards the
saturating region. Such operation point, however, also implies
highly nonlinear PA behavior, thus efficient PA linearization
through digital predistortion (DPD) is commonly needed –
especially in cellular BSs. There exist also different precoded
OFDM schemes, most notably the DFT-spread OFDM (DFT-
s-OFDM), where the precoding across the subcarriers helps
to reduce the PAPR—especially with contiguous spectrum
allocations. Such DFT-s-OFDM approach is supported in the
uplink of LTE/LTE-Advanced and NR. OFDM is also known
to be sensitive to oscillator phase noise, carrier frequency
offsets, and the Doppler spread of the mobile radio channel—
all primarily because of the long symbol duration of the
multicarrier system. These hold particularly when interpreted
from the data communications and the related demodulation
and decoding perspectives. An alternative multicarrier scheme
called orthogonal time-frequency-space (OTFS) modulation
offers increased robustness, by design, against the Doppler
phenomenon [41].

When it comes to sensing and localization in the spirit of
ISAC, multicarrier waveforms and MIMO-OFDM in particular
are attractive for several reasons. In general, multicarrier
waveforms allow for flexible injection of known reference
signals in time, frequency and space, to facilitate efficient
channel parameter estimation. Such is the key aspect, both
from the communications receiver as well as the sensing
receiver perspectives. Additionally, while the ordinary receiver
implementations build commonly on OFDM symbol-wise FFT
processing, extending this to two-dimensional (2D) FFT/IFFT
pairs over multiple symbol durations provides basis for accurate
delay/range and Doppler/velocity estimation. Such processing
leads to the basic delay and Doppler resolutions of the form
�� = N=�f and �fD = �f=M , respectively, where N
and M refer to the transform sizes in frequency and time,
respectively, while �f refers to the subcarrier spacing. One
may also straightforwardly, e.g., combine the individual range
profiles obtained for the different consecutive OFDM symbols.
Importantly, wider bandwidths improve the delay estimation
and thereon ranging capability, while longer observation
intervals in time allow for improved Doppler and thus velocity
estimation.

Especially in the basic 2D-transform based implementations,
the involved cyclic prefix (CP) length limits directly the
sensing range such that all the involved target reflections and
dominant scattering components are within the CP duration.
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With 30 kHz subcarrier spacing adopted commonly in the
current C-band (3.5 GHz) 5G NR networks, this still leads
to target distances in the order of 350 m. However, when the
networks evolve towards mmWave bands, the symbol durations
and the corresponding CP lengths are reduced, thus this may
become a more obvious limitations if not properly handled.
Additionally, the long symbol durations of OFDM waveforms
may easily lead to inter-carrier interference (ICI), calling for
attention in devising OFDM-based ISAC and sensing systems.
When properly handled, such phenomenon can also be turned
from a foe to a fried, and described and demonstrated later in
this article, in Section V.

The ambiguity function of multicarrier waveforms, mea-
suring the capability to separate multiple coexisting targets,
e.g., in range or velocity domains, is impacted by the
sidelobes stemming from the FFT processing together with
the involved cyclic prefix (CP). Additionally, for example
the frequency-sparsity of certain known reference signals,
such as the positioning reference signal (PRS) allowing for
simultaneous yet orthogonal transmission from multiple nodes,
may impose further ambiguity challenges. The ambiquity as
well as the ultimate target parameter estimation performance
can be impacted through waveform optimization, for which
the subcarrier structure of MIMO-OFDM forms an excellent
basis. Representative example works are for example [42]–[45].
These aspects are also discussed further in this same section,
under Subsection III-C.

2) Unified Communication/Localization/Sensing Signal
Model with MIMO-OFDM: In this part, we provide the unified
MIMO-OFDM receive signal model that covers communica-
tions, localization and sensing (including both monostatic and
bistatic configurations), to be employed throughout the rest of
the paper. Extending the model in [46] to the case of time-
varying channels, the received signal yn;m 2 CNRF;R�1 at
subcarrier n and symbol m can be written as1

yn;m = WH
RFHn;mFRFFBB[n;m]xn;m + zn;m ; (1)

where zn;m is the additive white Gaussian noise (AWGN),
xn;m 2 CNs�1 contains the transmit symbols of Ns
data streams at subcarrier n and symbol m, FBB[n;m] 2
CNRF;T�Ns is the digital baseband precoder at subcarrier n
and symbol m, FRF 2 CNT�NRF;T is the analog RF precoding
matrix applied in the time domain for the entire bandwidth,
WRF 2 CNR�NRF;R denotes the analog combining matrix at
the RX, and Hn;m 2 CNR�NT is the channel at subcarrier n
and symbol m, given by2

Hn;m =

L�1X
‘=0

�‘e
�j2�n�f�‘ej2�mTsym�‘aR(�‘)a

T
T(�‘) : (2)

1The self-interference (SI) term in monostatic sensing is omitted from (1)
for ease of exposition, yet it will be duly considered in (30).

2To provide a more generic channel model, it is possible to account for the
impact of filters involved in pulse shaping, analog-to-digital (A/D) conversion,
and matched filtering through the incorporation of complex coefficients on a
per-subcarrier, per-path basis, as shown in [46, (4)]. Nevertheless, in some
practical implementations, subcarriers located within the roll-off region of the
combined filter in the frequency domain may be left unused. This approach
ensures that the frequency response of the filter remains flat over the active
subcarriers, and justifies the adoption of the simplification in (2).

In (2), aT(�) 2 CNT�1 and aR(�) 2 CNR�1 denote
the array steering vectors at the TX and RX, �‘, �‘, �‘,
�‘ = [�az;‘; �el;‘] and �‘ = [�az;‘; �el;‘] denote the complex
channel gain, delay (including clock offset), Doppler shift
(including carrier frequency offset), AOA and AOD of the
‘-th path/target, respectively. For localization, we assume that
‘ = 0 indicates the LOS path, implying that �0 involves the
impact of one-way attenuation of the LOS path, while �‘ for
‘ > 0 includes the combined attenuation of the first and second
legs of the ‘-th reflected/scattered path and the corresponding
reflection/scattering coefficient. For sensing, �‘ covers the
radar cross section (RCS) of the ‘-th target and the two-way
attenuation in monostatic sensing (bistatic RCS of the ‘-th
target and the combined attenuation of the first and second
legs associated with the ‘-th target, in bistatic sensing).

We note that for communications, Hn;m in (2) can be
usually modeled as frequency selective yet time-invariant (i.e.,
not doubly-selective as in localization and sensing), since the
channel coherence time is such that the impact of Doppler
can be neglected [47]. For localization and sensing, high-
mobility applications might necessitate even more compre-
hensive Doppler modeling that accounts for not only slow-time
(i.e., inter-symbol) phase shifts represented by ej2�mTsym�‘ , but
also fast-time (i.e., intra-symbol) phase progressions. Although
fast-time effects can be neglected in low- and medium-mobility
scenarios (e.g., target/UE radial velocities below 30 m=s) with
standard 5G NR FR2 parameters [48], they can lead to ICI in
high-mobility scenarios [49] and must be taken into account
explicitly (see (37) for further details).

B. Channel estimation

1) Why channel estimation for localization or sensing is
different: Technologies for both positioning and sensing usually
involve the estimation and exploitation of some or all of
the multipath channel parameters described in (2). Channel
estimation is more challenging, however, when the estimated
parameters are used for localization or sensing. First, the
required estimation accuracy is higher than that required
when the only objective is the design of the communication
system. For example, the precoder or combiner designs for
communications based on channel estimates are relatively
robust to small variations in the AoA or AoDs, while
a high accuracy localization algorithm exploiting angular
measurements will require very precise estimations (as an
example, if we target a localization error of 1 m for a user 50
meter away from a BS, the angle estimation accuracy should
be approximately 1 degree). This pushes the limits of the
estimation algorithms, increasing complexity and length of the
training sequence, which impacts the overall overhead of the
system. Second, while for communications channel estimation
is usually performed in the frequency domain without need of
explicitly extracting the delays, these are key parameters for
localization and sensing; moreover, many localization/sensing
techniques need precise estimation of the absolute delays,
which requires the consideration of an additional parameter
in the estimation process, the clock offset between the TX
and RX [50]. Third, for communication, it can be assumed
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that the channel is not varying within the coherence time
Tc = 1=�D, with �D the Doppler spread, so the doubly
selective channel model in (2) can be simplified to a time
invariant frequency selective channel model, where the impact
of the Doppler frequencies can be neglected, i.e. �DTsym � 1,
with �D the Doppler spread [50]. In contrast, for sensing, the
channel has to be observed over a longer period of time, so the
Doppler shifts can also be estimated and exploited for velocity
estimation. The joint estimation of these space-time-frequency
parameters leads to higher computational complexity solutions
than the usual channel estimator for communications-only
systems. Finally, an additional element to be considered in some
practical systems during the channel estimation process is the
impact of pulse shaping, lowpass filtering after downconversion
and matched filtering. In this case, the channel model in
(2) has to be modified to introduce a time domain function
which represents all the filtering stages which impact the
baseband equivalent model [46]. This function contributes to
the entanglement of the channel parameters and complicates its
estimation. In summary, channel estimation for joint sensing
and communication requires very high resolution and accuracy,
which increases complexity and training overhead.

2) Techniques for channel estimation: Recent work on
channel estimation has attempted to provide low complexity
solutions, very high resolution parameter estimation, or both.
Different frequency bands and system architectures lead to
different features and structure in the MIMO channel matrices,
and many of the channel estimation algorithms have been
specifically designed to exploit particular features. Most of the
techniques share, however, a common process to sound the
channel. First, a number of pilot sequences are transmitted
using a given number of training precoders and combiners as
spatial filters, and the corresponding received sequences, which
follow (1), are collected. These training precoders/combiners
have to be designed to sound the channel in the spatial
dimension. The collected measurements are later exploited
in the estimation process to extract the multipath parameters.
The estimation techniques considered in the literature on MIMO
communication or MIMO joint sensing and communication can
be classified into three main categories: based on maximum
likelihood estimation [51]–[55], exploiting compressed sensing
[46], [56]–[58], or subspace-based estimators. Some types of
techniques might be more suitable for a particular frequency
band than others, as discussed in the next paragraphs.

When operating at sub-6 GHz or with relatively small or
moderate size antenna arrays, techniques that exploit the idea
of maximum likelihood estimation become a solution that
can provide high resolution. The conventional ML estimator
is optimal [51] but results in high complexity. Alternative
techniques based on expectation maximization (EM) are also
effective to provide high accuracy channel estimates but their
complexity is still high [52]. In contrast, the space-alternating
generalized expectation maximization (SAGE) algorithm [53]
and its variations—such as in [54], [55]—can provide super
resolution at a moderate complexity.

Channel estimation at mmWave is more challenging than
at low frequencies [16]. First, channel estimation is usually
performed before array configuration. Since the precoders and
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Fig. 6. Illustration of the channel estimation algorithms exploiting sparsity.
The MIMO channel matrices are expanded in terms of a sparsifying dictionary
and vectorized to create the sparse vector to be estimated. Identifying the
AoD/AoA and delay boils down to the selection of the columns (atoms) in
the dictionary which represent the sparse vector.

combiners at this stage have not been adapted to the channel
yet, the directional beam patterns of the TX and RX are not
aligned, and the estimation has to be performed at low or
very low SNR. Second, since a hybrid MIMO architecture is
commonly used at mmWave, the channel is observed through
the lens of the analog combiner, without direct access to the
outputs of every antenna. This way, the analog combiner acts
as a compression stage for the receive signal. Finally, the large
antenna arrays used at both ends of the link heavily increase the
dimensionality of the channel matrices, making unfeasible many
of the techniques used at lower frequencies or with smaller
arrays. Literature on channel estimation at mmWave exploits
the sparse nature of the channel to develop suitable solutions
at this frequency band. These solutions assume a frequency
selective channel model and may provide sufficient information
for localization as a byproduct of communication. Different
compressed sensing based techniques—including greedy sparse
recovery and nuclear norm or atomic norm minimization—
have been proposed in the recent literature [46], [56]–[58].
For example, greedy solutions considering frequency selective
channels can operate either in the time domain or the frequency
domain. In both cases, the channel estimation problem can be
formulated as the recovery of a sparse vector. For the frequency
domain approaches, the dictionaries are built as a Kronecker
product of the array steering vectors at the transmitter and
at the receiver evaluated on a grid for the angle of departure
(AoD) and the angle of arrival (AoA) [57]. In the time domain
approaches, the delay domain also has to be considered when
building the dictionary. In this case, and assuming uniform
linear array (ULA)s at both ends, the received signal for the
k�th training frame can be written as [46]

yk = �
(k)
td

�
I
 �Atx 
Arx

�
�hvec + zk; (3)

where hvec is the sparse vector containing the time domain
complex channel gains after vectorization of the channel matrix,
�

(k)
td is the sensing matrix built from the k-th training precoder,

the k-th training combiner and the pilot symbols, �Atx is the
conjugate of the dictionary for the angle of departure, which
contains the transmit steering vectors evaluated on a grid of
potential AoDs, Arx s the dictionary for the angle of arrival,
containing the receive steering vectors evaluated on a grid
of potential AoAs, and � is a dictionary that represents the
sparsity in the delay domain. The observation stacking all
the measurements for a number K of training frames can be
denoted ytd, while the overall sensing matrix that stacks �

(k)
td
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for all k is denoted as �td. The overall sparsifying dictionary
is defined as

	td =
�
I
 �Atx 
Arx

�
�: (4)

Each column in 	td corresponds to a given combination of
AoD, AoA and delay. Estimating these parameters is equivalent
to identifying the support of the sparse vectorized channel, as
illustrated in Fig. 6. Finding the support and the gains in hvec
is equivalent to solving the following problem

min khveck1 such that kytd ��td	tdhveck2 � �; (5)

which is the ‘1 relaxation of a spare recovery problem. For both
frequency and time domain estimations, highly overcomplete
dictionaries for the angular and delay domains have to be
exploited to achieve high resolution [46], [57], making some
of the approaches proposed for communications impractical
for sensing or localization. This is because a more stringent
resolution requirement results in a larger dictionary, which
may lead to prohibitive computational complexity or memory
requirements. In this context, to reduce complexity, new greedy
solutions have been recently proposed to operate with a
multidimensional dictionary built as the product of independent
and smaller dictionaries instead of a large dictionary based on
a Kronecker product [50], [59].

Subspace-based techniques have been proposed to estimate
the doubly selective MIMO channel with high resolution at
different frequency bands, providing Doppler shifts information
in addition to delays and angles to enable sensing applications
beyond localization. For example, ESPRIT-based channel
estimation [60]–[62] provides good resolution for localization
and sensing at moderate complexity. The main limitation
of state-of-the-art techniques based on ESPRIT for channel
parameter estimation is that they can only operate when the
channel model does not include any filtering effect as in (2). An
alternative approach that combines the strengths of beamspace
ESPRIT for angular estimation with a dictionary-based sparse
recovery solution that targets delay estimation, and can operate
when the channel model includes the filtering effect, has been
proposed in [63].

3) Spatial designs for channel estimation: The training
precoders and combiners used to sound the channel and build
the observations for channel estimation could be directly created
from the beam codebooks used in the communication network.
However, an enhanced design for training can help to reduce
the overhead of channel estimation or to increase the accuracy
of the estimation. For example, to reduce the number of
measurements when estimating the channel by exploiting a
sparse recovery algorithm, it is interesting to design the training
precoders and combiners—that lead to a specific �td—so that
the product �td	td exhibits a low mutual coherence [64], [65].
It is also possible to consider the accuracy of the estimation
as the metric that drives the design of the spatial filters. For
example, the works in [66]–[68] design a new codebook for
accurate angle estimation in a downlink localization scenario.
The example below shows the significantly better performance
provided by the new design.

Example 1. We consider a 5G/6G downlink localization
scenario with the parameters fc = 28 GHz, �f = 120 kHz,

N = 1024 and M = 20. For ease of illustration, we consider
a downlink multiple-input single-output (MISO) scenario with
LOS-only propagation in a two-dimensional setup, where
NT = 16 and NR = 1. In this case, using (1) and (2), the
received signal at the single-antenna UE is given by

yn;m = �e�j2�n�f�ej2�mTsym�aTT(�)fmxn;m + zn;m ; (6)

where fm 2 CNT�1 is the RF beamformer at the BS, with
controllable amplitude and phase per antenna (i.e., analog
active phased array [69]) and zn;m � CN (0; �2) denotes
additive noise. The BS transmits unit-amplitude pilots xn;m
over N subcarriers and M symbols, and the UE aims to
estimate the AoD � from yn;m in (6). The goal herein is
to design the precoder F = [f0 : : : fM�1] 2 CNT�M that
maximizes the accuracy of AoD estimation under an a-priori
knowledge on � (i.e., how to optimally allocate the pilot
resources over time to achieve the highest accuracy in AoD
estimation). This a-priori knowledge is quantified by an AoD
uncertainty interval U = [� ���; � + ��]. We evaluate the
performance of two codebooks used to construct F:
� Conventional Codebook: conventional directional code-

book employed in 5G NR mmWave systems [21], [70],
given by

Fdir = [aT(�1); : : : ;aT(�2G)]� : (7)

� New Codebook: recently proposed directional/derivative
codebook [66]–[68] (similar to sum/difference beams used
in monopulse radar [71]) given by

Fdir=der = [aT(�1); : : : ;aT(�G); _aT(�1); : : : _aT(�G)]� :
(8)

Here, _aT(�) = @aT(�)=@�, f�gg2Gg=1 represent uniformly
sampled grid points from U , and each column of Fdir and
Fdir=der is normalized to have unit norm.

Fig. 7 showcases the beampatterns of both directional and
derivative beams. The incorporation of derivative beams _aT(�)
alongside standard directional beams aT(�) is motivated by
the need for the UE to detect subtle deviations around the
intended direction � and also supported by the theoretical
CRLB analysis [66], [67]. The sharp curvature around � in the
beampattern of _aT(�) ensures that slight perturbations in angle
result in significant changes in amplitude, which enables precise
mapping of angles based on complex amplitude measurements.
Hence, high-accuracy AoD estimation and localization in
5G/6G systems can be achieved by a judicious combination
of directional and derivative beams. It is worth emphasizing
that these localization-optimal beams are different from those
used in communications (i.e., directional beams for sweeping
an angular region of interest as in (7)).

To evaluate the AoD estimation performance of the code-
books in (7) and (8), we construct F in (6) by selecting its
columns from these codebooks. The time sharing of the columns
of Fdir over M symbols follows a uniform strategy, while
that of Fdir=der is optimized based on the CRLB criterion
[66]. Fig. 8 shows the AoD root mean square error (RMSE)
performances with respect to the AoD of the UE for �� = 1�

at SNR = j�j2NT=�
2 = 0 dB, using the maximum-likelihood
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Fig. 7. 16-element ULA beampatterns of directional aT(�) and derivative
_aT(�) beams for the UE located at an AoD � = 20� with respect to the BS.
The directional beam ensures the necessary SNR for AoD estimation, whereas
the derivative beam assists the UE in detecting subtle deviations from the
targeted direction �, as indicated by its pronounced curvature around �. The
combined use of directional and derivative beams allows for high-accuracy
tracking of the UE in 5G/6G mmWave scenarios.
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Fig. 8. AoD estimation performance with respect to the AoD of the UE,
achieved by the considered codebooks in (7) and (8).

estimator [68, Eq. (11)]. We observe substantial improvements
in AoD estimation accuracy with the use of Fdir=der compared
to the traditional 5G codebook Fdir, suggesting significant
potential for achieving extreme location accuracy in 6G through
innovative beam designs and resource allocation.

C. Resource allocation

1) Fundamentals: In the ISAC architecture, the sensing and
communication (S&C) functions are simultaneously performed
based on the unified waveforms to improve the spectrum
efficiency as well as reduce the hardware costs, where the
radio resources are allocated to achieve the optimal tradeoff
between the S&C performance. Therefore, the design of
resource allocation schemes are evaluated and guided by the
performance metrics of the dual functions in ISAC systems,
which are discussed in detail as follows.

The communication performance of the ISAC system is
usually measured by the maximum achievable rate of reliable
information transmission over the channel, i.e., the channel
capacity, which can be further represented by the maximum
mutual information between the unified waveform and the
communication symbols, or simply the signal-to-noise-plus-
interference ratio (SINR) based on the Shannon formula. As

for the sensing performance, while it can be evaluated from
the detection perspective where the existence of the target is
determined based on the received signals, we refer sensing to
recovering the target information from the noisy measurements
in this section. Then the sensing performance can be measured
by the estimation error of target states, which is characterized
via the Fisher information analysis in the literature [72].
Namely, let ŝ denote the unbiased estimator of the actual
target state vector s, which may include the position p, the
orientation  , the velocity v, and other states of interest. Then
according to the information inequality, there exists

E
�

(ŝ� s)(ŝ� s)T
	
� J�1(s) (9)

where J(s) denotes the Fisher information matrix (FIM) given
by

J(s) = E

(�
@

@s
ln f(y; s)

� �
@

@s
ln f(y; s)

�T
)
; (10)

and the likelihood function f(y; s) is determined by the signal
model (1). When the target position p is concerned, the squared
position error bound (SPEB) can be applied to measure the
sensing performance in ISAC systems, which is given by

S(p) = tr
�
J�1

e (p)
	
: (11)

The notation Je(p) denotes the equivalent Fisher information
matrix (EFIM) for p, which is obtained by calculating the Schur
complement of submatrix in the original Fisher information
matrix (FIM) J(s) [73].

2) Problem formulations: Note that it remains an open
challenge to establish a universal theoretical framework to
jointly evaluate the performance of dual-functions in ISAC
systems, which can integrate the classical results derived from
information theory and estimation theory, respectively. As a
consequence, the resource allocation in ISAC no longer follows
a unified problem formulation as in localization networks. In
particular, the wireless resources including time, frequency,
space, power, and code, are allocated to solve the optimization
problems with various objective functions, which can be mainly
classified into three categories in the literature, i.e., the sensing-
oriented formulation, the communication-oriented formulation,
and the joint formulation.
� For the sensing-oriented formulations, the power, space,

and other kinds of resources are allocated to optimize
the objective functions derived based on sensing metrics,
such as the SPEB and the detection probability. For
example, the sensing-oriented joint waveform, precoding,
and combining design in monostatic ISAC systems with
signal model (1) can be modeled as

minimize
p(x);Wc;Ws;FRF;FBB

ExfS(p; Ws;FRF;FBB)jxg

subject to hc(x;Wc;FRF;FBB) � 
c

f(x;Wc;Ws;FRF;FBB) � 0
(12)

where the objective function denotes the average SPEB
conditioned on the random transmitted symbols xn;m [74],
the function hc denotes the communication constraints,
e.g, the communication SINR or the sum-rate, and p(x)
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denotes the distribution for transmitted symbols. The
functions f still denote the power and structure constraints
for the symbols x, the precoding matrices FRF;FRB

at the transmitter, and the combining matrices Wc;Ws

at the communication and sensing receivers. Note that
the joint problem (12) is hard to solve due to the non-
convexity and tight coupling among optimization variables.
The semi-definite relaxation (SDR) and successive convex
approximation (SCA) methods are applied to provide high-
quality solutions with acceptable computation costs [75]–
[77]. In addition, the above formulation reduce to the
resource allocation in localization and sensing networks
with the communication constraints hc removed, where
more theoretical insights as well as efficient schemes
are provided in this scenario. For example, the sparsity
property of power allocation has been revealed in the
localization networks, indicating that an optimal power
allocation strategy requires only three anchor points to
localize an agent [78]. Furthermore, the robust strategies
are incorporated in both power allocation and spatial
design to account for the uncertainties associated with
network parameters essential for the design of resource
allocation schemes [79], [80].

� In the communication-oriented resource allocation for
ISAC, the communication metrics such as the mutual
information and the network throughput are maximized
through efficient resource management strategies including
power allocation and beamforming design, i.e.,

maximize
p(x);Wc;Ws;FRF;FBB

I(yc; x)

subject to hs(x;Ws;FRF;FBB) � 
s

f(x;Wc;Ws;FRF;FBB) � 0
(13)

where the objective function I(yc; x) denotes the mutual
information between the received communication signals
yc
n;m and the transmitted symbols xn;m, which can

be calculated by the Shannon formula based on the
precoding matrices FRF;FBB and the combining matrix
Wc. The functions hs denote the sensing constraints,
e.g., the sensing accuracy or the deviation of the actual
sensing beam from an ideal sensing beam pattern [81],
[82]. To solve (13), auxiliary variables are introduced to
decompose the original problem, after which the convex
relaxation techniques can be applied to provide efficient
suboptimal solutions [83], [84]. Furthermore, the two-
fold tradeoff consisting of the subspace tradeoff and the
deterministic-random tradeoff is revealed in terms of the
communication-oriented waveform design with optimal
sensing performance constraint, which provides insights
for the design and analysis of practical systems [85].

� In contrast to the above discussions, the S&C requests hold
equal status in the joint formulation of resource allocation
for ISAC. For example, the objective function can be
designed to involve both S&C performance measures, in

which sense the optimization problem can be modeled as

maximize
p(x);Wc;Ws;FRF;FBB

wcRc + wsRs

subject to f(x;Wc;Ws;FRF;FBB) � 0
(14)

where the estimation rate Rs is introduced as an analog to
the communication rate Rc, which measures the reduction
in entropy of the target states after estimation [86],
and wc; ws denote the weights for S&C performance,
respectively. The concept termed value of service (VoS)
can also be applied to design a proper objective function
for (14), where the communication and sensing VoS is
defined based on the classical S&C metrics, respectively,
e.g., sensing CRLB and communication SINR. Then the
radio resources are allocated to optimize the weighted
sum of VoS from the S&C functions [87]. Additionally,
the objective function can refer to the total resource
consumption of the ISAC system in the joint formulation,
where the S&C performance are guaranteed by certain
constraints [88].

IV. TECHNOLOGIES FOR JOINT BISTATIC AND MULTISTATIC
SENSING AND COMMUNICATION

A. Introduction

In this section, we will cover sensing scenarios where
the transmitters and receivers are separated. Sensing where
transmitter and receiver are co-located will be treated in
Section V. When sensing is based on one transmitter and one
receiver, it is called bistatic [89], while sensing based on several
transmitters or receivers is called multistatic sensing. Since
bistatic sensing can be readily implemented in communication
systems, it has been covered extensively in the literature.
In contrast, multistatic sensing has received rather limited
treatment so-far in communications [90], [91], but is a classic
topic in the radar community [92].

Bistatic sensing itself is a rich and multi-faceted field. Before
we delve into the technical aspects, we first provide a brief
overview of the key concepts, summarized in Fig. 9. First, the
most important use of bistatic sensing is positioning, whereby
a UE performs bistatic sensing with several BSs, based on
which the UE location can be inferred. The positioning topic
will be treated in detail in Section IV-B. Second, bistatic and
multistatic sensing, which will be covered in Section IV-C
involves transmitters and receivers with known locations (e.g.,
BSs, but possibly also UEs), to detect and localize objects in the
environment, such as vehicles, pedestrians, or buildings. Third,
there is the combination of sensing and positioning, known
as SLAM, which will be covered in Section IV-D involves a
UE determining its position, while detecting and localizing
objects, based on signals to/from BSs. We note that more
traditional SLAM, where the UE localizes itself and maps the
environment based only on sensed backscattered signals is
deferred to Section V-E.

B. Radio positioning

1) Fundamentals of position and orientation estimation: At
its core, radio positioning aims to estimate the 3D location of
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the UE in a global coordinate system, based on signals to or
from one or moreBSs, each of the form(1) [93], [94]. The
BSs are assumed to have known positions and orientations.
Positioning is thus often a two-stage process, whereby �rst the
channel parameters, i.e., theAoA, angle-of-departure (AoD),
ToA, and Doppler of theLoS path with respect to each
BS are estimated, and in a second stage theUE location is
estimated from the channel parameters. If theLoS path is
blocked, dedicated non-line-of-sight (NLoS) detection routines
can detect this phenomenon and discard the corresponding
measurements [95], or theNLoS paths can be used to solve
the positioning problem [96].

Positioning is generally based on dedicated pilot signals,
rather than on unknown data, as this facilitates the channel
parameter estimation process and provides more control to
improve the resolution and accuracy (see SectionIII-C) [21].
Once theLoS channel parameter estimates are available, they
can be related to theUE location. This relation is generally
affected by nuisance parameters, e.g., theLoS ToA in (1) say
� 0, assuming this LoS path is not blocked, is of the form

� 0 = kpUE � pBSk=c� � bias; (15)

wherepUE is theUE position,pBS is a BS position,c is the
speed of light and� bias is a clock bias of theUE with respect
to the sameBS [97]. Similarly, the Doppler measurements
are affected by the carrier frequency offset (CFO) between
the UE and BS, and the angles at theUE side (i.e.,AoA in
downlink (DL) or AoD in uplink (UL)) depend on the unknown
user orientation, which is a 3D unknown. This implies that
when certain measurements are used for localizing the user,
the corresponding nuisance parameters must also be estimated.
On the positive side, this means that there are possibilities to
jointly estimate theUE location while synchronizing it to the
network (thanks to the estimation of the clock bias andCFO)
[98], and estimating the complete 6D UE pose [99], [100].

Mathematically, theUE positioning problem is of the form
[94]

ymeas= f (x state) + n; (16)

where ymeas comprises the estimated angles, delays, and
Dopplers,x state comprises the 3D UE location as well as any
nuisance parameters (clock bias,CFO, 3D UE orientation) and
f (�) is known nonlinear mapping (e.g., containing components
of the form(15), which depends on the known locations and
orientations of theBSs. Recoveringx state from (16) can be
done by, e.g., a least squares or maximum likelihood approach
[101]. These problems are generally non-convex, due to the
nonlinear relation between the measurements and theUE state,
so heuristics/approximations/relaxations are employed to to
�nd the global optimum [102]. Alternatively, prior information
about theUE state can be utilized to inferx state, e.g., when
applying tracking �lters [103].

2) Minimal problems: Whereas communication to aUE
in principle requires connection to only a singleBS, the
same does not hold for positioning, which generally needs
a much larger number of connectedBSs, especially when
some of them may have a blockedLoS path to theUE. For
that reason, understanding the minimal infrastructure needs for

Fig. 9. Breakdown of bistatic and multistatic sensing. Operation is shown in
downlink, but can equivalently occur in uplink.

positioning as well as the design of new positioning methods or
technologies that can reduce the reliance on infrastructure are of
great interest. These cases are called minimal problems/minimal
solvers [104], in the sense that if measurements or technologies
are removed, the problem can no longer be solved (e.g., in
the sense of leading to an in�nite number of solutions), which
also facilitate outlier detection using RANSAC [105].

Example 2. Consider a scenario with 4 synchronized single-
antennaBSs and a single-antennaUE, in LoSto all the BSs.
This scenario is visualized in Fig. 9. Based onDL pilots, theUE
estimated theToAfrom eachBS, which provides 4 observations
of the form(15). These delay measurements are suf�cient to
determine the 3D UE location and the 1D clock bias.

p̂UE; �̂ bias = arg min
p UE;� bias

f (pUE; � bias) (17)

f (pUE; � bias) =
4X

i =1

1
2� 2

i
j �̂ 0;i � k pUE � pBS;i k=c+ � biasj2

(18)

where� i is the standard deviation of theLoS ToAmeasurement
�̂ 0;i with respect toBS i , with location pBS;i . This problem
can be solved iteratively from an initial guess [106]. This
clock bias can also be removed by computing 3 (correlated)
time-difference-of-arrival (TDoA) measurements.

From this example, the reliance of severalBSs becomes
apparent. This reliance can be reduced in a number of ways:

� Additional measurements:for instance, when augmenting
ToA measurements withDL AoD measurements, the
number of BS can be reduced, but at the cost of
more complex multi-antennaBSs and possibly longer
transmission times to support beam sweeping [21]. Such
measurements are further discussed in SectionsIV-B3–
IV-B4. In addition, carrier phase measurements (i.e., the
phase of� ` ) can provide extremely precise, but ambiguous
location information [107], [108], as discussed in Section
IV-B9.

� Multipath exploitation:So-far, we have considered theLoS
path for positioning. While this provides the most direct
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position information (see again(15)), theNLoS paths also
provide information, provided they can be resolved. In
particular, single-bounceNLoS paths are characterized
by a single 3D incidence point. While this incidence
point is unknown, the cardinality of the measurements
provided by the path (e.g., delays and angles) can outweigh
the unknowns, and thus improve positioning [96], [100],
as will be discussed in SectionIV-B4. Even when the
measurements are few, multipath can be leveraged by
considering the user at different time instances, see Section
IV-D [109], [110].

� New technologies:Since positioning relies on pilot signals,
there is in principle no need for using full-�edgedBSs.
Instead, simple beacons may be suf�cient [111]. Alterna-
tively, low-cost hardware such asRISs can be deployed to
provide additional controlled multipath components [112],
[113]. More on RISs in Section IV-B8.

� New signals:ConventionalUL and DL signals can be
complemented with direct links betweenUEs, so-called
sidelinks [114]. Such links not only provide additional
measurements but also support cooperative, peer-to-peer
positioning. These are described in Section IV-B7.

� New methods:In cases where the channel is complex
and the LoS cannot easily be extracted, data-driven
methods can learn patterns that are beyond the realm
of model-based signal processing, see SectionIV-B6
[115]. Complementary to data-driven methods, advances
in SLAM have provided means to perform positioning
with reduced infrastructure [116], see Section IV-D.

Example 3. Consider a case with 2BSs, each equipped with
a planar array, transmitting downlink pilots to aUE. From the
downlink signals, theUE can estimate the 2D-AoD from each
BS, i.e., the azimuth and elevation angle. Under noise-free
measurements, these angles constrain theUE to lie on the
intersection of 2 lines in 3D, which is a unique point. See
the left side of Fig. 10. If now theUE is equipped with a
planar array as well, it can estimate the 2D-AoA from each
BS, again in azimuth and elevation. This determines 2 lines
in 3D away from the UE. Since the 2 lines are parameterized
by 4 parameters and theUE orientation has only 3 degrees of
freedom, theUE orientation can be uniquely determined. See
the right side of Fig. 10.

These examples show the ability of different types of
measurement to provide complementary information to the
TDoA measurements described in Example 2. A set of
additional examples is provided in Table I. The table provides
in particular a more detailed look at the role of uncontrolled
and controlled multipath.

3) Positioning in sub-6 GHz:Before the introduction of 5G,
cellular positioning was focused exclusively on the sub-6 GHz
band, so-calledFR1. This band has several characteristics of
relevance for positioning:

� Limited bandwidth:In FR1, bandwidths on the order of 5-
20 MHz are available, which limits the distance resolution
of delay-based measurements to around 15-60 meters
[117]. Hence, ifNLoS paths arrive within 15 meters of
the LoS path, these paths will merge and appear as one

Fig. 10. Left: Example of how aUE 3D position can be estimated based on the
2D-AoD from 2 multi-antennaBSs. Right: once the 3DUE location is known,
a multi-antenna UE can use the 2D-AoA to determine its 3D orientation.

Approach 3D location 3D orientation 6D pose

single-antenna
BS

4 BS (TOA) and
single-antenna

UE

2 BS and
2D-AOA at

multi-antenna
UE, known

location

4 BS (TOA) or 3
BS (2D-AOA at
multi-antenna

UE)

multi-antennaBS 2 BS (2D-AOD)

2 BS and
2D-AOA at

multi-antenna
UE, known

location

2 BS (2D-AOD)
and 2D-AOA at

multi-antenna UE

multi-antennaBS
with multipath

exploitation

1 BS (2D-AOD,
TOA), 1 IP,

multi-antenna UE
(2D-AOA)

1 BS (2D-AOD,
TOA), 1 IP,

multi-antenna UE
(2D-AOA)

1 BS (2D-AOD,
TOA), 1 IP,

multi-antenna UE
(2D-AOA)

single-antenna
BS with RIS

1 BS (TOA) and
1 RIS (TOA and

2D-AOD)

1 BS (2D-AOA)
and 1 RIS
(2D-AOA)

1 BS (TOA,
2D-AOA) and 1

RIS (TOA,
2D-AOA)

TABLE I
EXAMPLES OF MINIMAL CONFIGURATIONS NEEDED TO SOLVE THEDL 3D
LOCALIZATION PROBLEM WITHOUT A PRIORI KNOWLEDGE OF INCIDENCE

POINTS (IPS) LOCATIONS.

path to standard signal processing methods. This means
that delay-based positioning is expected to be poor in
cluttered environments (on the order of tens of meters
error).

� Limited array sizes:At the UE side, arrays are generally
very small, which means that there is limited angle
resolution and thus no possibility to accurately estimate
the UE orientation. At theBSs, since the introduction of
massiveMIMO in 5G, larger arrays have been considered
with on the order of 64-128 antenna elements. These can
provide some amount of angle resolution, provided paths
are well separated in the angle domain, as seen from the
BS [118].

� Rich channel:The challenge of limited resolution in
delay and angle is further exacerbated by the richness of
the channel [119]. This means that the channel matrix
H n;m comprises many clusters of paths, coming from
many directions, and these clusters may be affected
by shadowing, diffraction, multi-bounce re�ection, and
scattering. From a communication perspective, these
effects are combined in statistical models, giving rise
to Rayleigh, Rician, or Nakagami fading, which have
only a weak relation to the underlying geometry. From a
positioning perspective, such models are questionable, not
only because they mask the relation to the geometry, but
also because they cannot capture the site-speci�c nature of
the channel, which is of direct importance to positioning
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[120].

Due to these characteristics in FR1, conventional methods,
e.g., based on FFTs or correlations often perform relatively
poorly. To overcome this poor performance, two directions
have been pursued: the �rst is based on machine learning (see
SectionIV-B6), e.g., in the form of �ngerprinting, where the
richness of the channel is considered a bene�t [115]. Such
methods can bring down location errors below the 10-meter
mark, but come at a cost of training complexity, as labeled
training data ([�ngerprint, location] pairs) must be collected.
The second track is based on super-resolution methods [121].
These methods are based on the principle that even if paths
differ only to a very small extent, they can be resolved if the
signal-to-noise ratio (SNR) is suf�ciently high.

4) Positioning in mmWave:At mmWave bands, the situation
is signi�cantly easier from a positioning perspective. Let us
reconsider the characteristics fromFR1and evaluate them from
the FR2 (24-70 GHz) and sub-THz (100-300 GHz) perspective
[122], [123].

� Large bandwidth:At FR2 signi�cantly large bandwidths
are available, up to 400 MHz, which corresponds to
a distance resolution of less than one meter. Hence,
delay-based positioning becomes possible in complex and
relatively cluttered environments. At sub-THz, the trend
is expected to continue, with bandwidths on the order of 1
or more GHz becoming available, with corresponding
distance resolution below 30 cm. On the other hand,
the ability to provide better accuracy also means that
synchronization requirements amongBSs become more
strict, and thus more challenging.

� Large arrays (normalized to the wavelength):At the UE
side, even modest arrays of 16-32 elements can provide
good angle resolution, not only providing a path towards
orientation estimation but also providing an additional
dimension to improve resolution. At theBS, arrays with 64
or more elements are not exceptions, supporting superior
angle resolution at both ends of the link. Note that for a
given physical footprint about 25 times more elements can
be packed atFR2 compared toFR1 [124]. These large
arrays come at a cost of shifting from digital arrays at
FR1 to analog or hybrid arrays inFR2, and even simpler
arrays-of-subarrays in the sub-THz regime [123]. These
arrays not only constrain the signals that can be transmitted
(thus affectingAoD performance) but also imply thatAoA
estimation should be performed in a lower-dimensional
beamspace. In addition, due to hardware impairments
and lack of per-device calibration, the generated beams
(precoders for transmission and combiners for reception)
may deviate signi�cantly from the idealized designs. While
this has little or no impact on communication (as long
as the beam has a main lobe more or less in the correct
direction), this precludes the use of sophisticated methods
that rely on knowledge of the complex beam responses
[125], [126].

� Sparse channel:Further complementing the large band-
widths and large array sizes are the favorable characteris-
tics of the channel. AtFR2, the channel becomes sparse,

with few clusters surviving the propagation between
transmitter and receiver, in part because shadowing is
so severe [127]. Multi-bounce re�ections become rarer,
but due to the reduced wavelength, objects appear more
rough, leading to increased diffuse scattering and fewer
re�ections. Overall, the sparsity of the channel is bene�cial
since there will be a reduced requirement for multipath
resolvability. At sub-THz, these effects are even more
pronounced, leading to an even sparser channel, but much
more sensitive to blockages, e.g., even due to foliage (at
FR2) or rainy weather (at sub-THz) [128].

The compound effect of these characteristics makes posi-
tioning at mmWave attractive in support of challenging use
cases, such as in the automotive industry. Due to these same
factors, relatively low-complexity methods can be employed,
e.g., based on FFTs, which facilitates real-time implementation.
Another important consideration at mmWave is that due to the
sparse channels and the need to form narrow beams to achieve
suf�cient SNR, (i) communication and positioning are more
closely intertwined, and (ii) it is hard for aUE to connect to
several mmWaveBSs simultaneously. The �rst consideration
has given rise to the concept of location-aided or context-aware
communication, the most proli�c example of which is location-
based beam training. The second consideration is more serious
and relates closely to the discussions on minimal problems in
SectionIV-B2. This consideration also gives rise to the topic of
single-BS positioning, which also avoids the need for inter-BS
synchronization [96], [99], [100].

Example 4 (Single BS Positioning). Consider a 2D scenario
shown in Fig. 11, with aBSthat de�nes the coordinate system,
a UE with unknown 2D locationpUE, 1D clock bias� bias,
and 1D orientationoUE, and a scatter point with unknown
2D locationpSP. From uplink signals, the BS determines the
estimates of theAoA for the LoS path (say� 0), the AoA of
the re�ected path (say� 1), the corresponding estimates of the
delays (� 0 and � 1), as well as the corresponding estimates of
the AoD (� 0 and � 1). The example is visualized in Fig. 11. We
see immediately that� 0 = oUE + � 0 + � , from which theUE
orientationoUE can be solved. We also immediately �nd that
the angle = � � (� 1 � � 0) � (� 1 � � 0). All remaining angles
follow from the law of sines.

A direct closed-form solution can then be obtained as follows.
Let us introduce unit vectors at the BS (u i from the AoA) and
at the UE (v i from the AoD) so that the RX position can be
de�ned as

pUE = pBS+ di 
 i u i � di (1 � 
 i )v i (19)

wheredi = c(� i � � bias) denotes the propagation distance and

 i 2 [0; 1] represents the fraction of the propagation distance
along u i . We can re-arrange(19) as

pUE � c� biasv i = � i + 
 i di � i (20)

where� i = pBS � c� i v i and � i = u i + v i . Next, we solve for

 i and substitute it back to(20) which yields the following
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Fig. 11. Illustrative example of mmWave positioning with 1BS by exploiting
the uncontrolled multipath, via a scatter point with unknown location.

Fig. 12. Visualization of single-BS positioning approaches.

cost function

f (pUE; � bias) =
1X

i =0

kH i xUE � � i � �� >
i (H i xUE � � i ) �� i k2;

(21)
whereH i = [ I ; � cv i ], xUE = [ p>

UE; � bias]> and �� i = �� i =k�� i k.
Now the closed-form solution can be obtained by setting the
cost function's gradient to zero and solving forxUE. It is
important to note that for the LOS path (i = 0 ), we have
u0 = � v0 and �� 0 = 0. This estimate will be affected by
measurement noise, but can be utilized as a coarse estimate
for further re�nement, e.g., based on maximum likelihood.

A non-exhaustive list of examples of single-BS positioning
is provided in Table II, one based on controlled multipath (from
a RIS), one based on uncontrolled multipath, and one without
any multipath. Two of the approaches are also visualized in
Fig. 12. Note that methods that rely on multipath (with or
without RIS) are limited by the strength of the multipath,
while methods that rely on angle information suffer from large
positioning errors when theUE is far away from the multi-
antennaBS or RIS. Note also that the examples in Table II
consider far-�eld propagation. As we will see in Section VI,
the reliance on infrastructure can be further reduced when
harnessing wavefront curvature.

5) Positioning in sub-6 GHz vs. mmWave: performance
analysis via ray-tracing data:In this part, we carry out a
comparative performance analysis of positioning in sub-6 GHz
and mmWave bands using realistic ray-tracing data obtained
through the REMCOM Wireless InSite®ray-tracer [129]. In
the ray-tracer, we consider an urban intersection scenario
involving (i) a mobile UE (corresponding to a vehicle) crossing

Scenario Measurements Principle Nuisance
parameters

single-antenna
BS +RIS +

single-antenna
UE

ToA from BS,
ToA and

2D-AoD from
RIS

2D-AoD
determines a line
away from the

RIS, which
intersects with

hyperboloid from
the TDoA.

UE clock bias
can be estimated
from the ToA.

multi-antennaBS
+ single-bounce

IP +
multi-antenna UE

ToA and
2D-AoD from

BS to UE andIP,
2D-AoD at UE
from BS and IP

angle
measurements

determine entire
geometry up to
scaling. TDoA

determines
scaling

UE clock bias,
UE 3D

orientation, and
IP location can
be recovered.

multi-antennaBS
+ single-antenna

UE

round-trip-time
(RTT) at BS,

2D-AoA at BS

UE on
intersection of

sphere from RTT
and line away
from BS from

2D-AoA.

N/A

TABLE II
EXAMPLES OF MINIMAL CONFIGURATIONS FOR SINGLE-BS POSITIONING.

the intersection,(ii) a BS (corresponding to a road-side unit
(RSU) in vehicular settings [130]) located at the center of
the intersection, and(iii) four buildings with30 m in height,
located at the corners of the intersection. The UE (with antenna
height 1:5 m) moves on a straight line starting from� 70 m
and ending at70 m, while the BS (with antenna height10 m)
is located at0 m (please see [131, Sec. V-B] for further details
on the simulation environment). At each scenario instance (101
in total), the output of the ray-tracer consists of channel gains,
delays, AOAs and AODs of the paths between the BS and the
UE. To evaluate the positioning performance at sub-6 GHz
and mmWave, we utilize the ray-tracer output to generate the
channel matrix in(2) and the received signal in(1). For fair
comparison between sub-6 GHz and mmWave, we keep the
same physical aperture size at the BS, resulting in more ULA
elements at mmWave.

We consider a single-BS positioning scenario via an RTT
approach, as illustrated in Fig. 12, where the goal is to extract
the parameters of the LOS path (i.e., the delay� 0 and the
azimuth/elevation AoAs� az;0, � el;0) using (1) and estimate
the UE position assuming known UE height. For channel
estimation from(1), we employ two algorithms [131, Sec. IV-
B]: (i) a matched �ltering (MF) based method that performs
correlation processing across frequency and spatial domains,
and(ii) an ESPRIT-based super-resolution method.

We �rst investigate power delay pro�les (PDPs) at sub-
6 GHz and mmWave to provide an illustration of channel
characteristics discussed in Sec.IV-B3 and Sec.IV-B4. Fig. 13
shows the path gains with respect to range at two distinct
scenario instances, representing a rich and a sparse scattering
environment (which arises from the presence or absence of
large re�ectors, such as buildings, between the BS and the UE).
As expected, higher path gains are observed at sub-6 GHz.
Furthermore, when the UE is located at a considerable distance
from the BS, a more diverse multipath channel is formed due
to re�ections from surrounding buildings.

Fig. 14 demonstrates the positioning performances using the
considered algorithms at sub-6 GHz and mmWave, considering
two different bandwidths at mmWave. It is observed that
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(a)

(b)
Fig. 13. Power delay pro�les at sub-6 GHz and mmWave, obtained from
the ray-tracing data at two different instances of the single-BS positioning
scenario in an urban intersection: (a) the UE located at� 60 m, leading to a
rich multipath environment due to surrounding buildings, (b) the UE located
at 5 m, leading to a small number of dominant paths.

Fig. 14. Positioning performances of the MF and ESPRIT algorithms at
sub-6 GHz and mmWave under different bandwidths, evaluated using the ray-
tracing data. The parameters at sub-6 GHz aref c = 5 :9 GHz, � f = 60 kHz ,
M = 12 and the BS array con�guration1� 2 (2:54 cm), while the parameters
at mmWave aref c = 28 GHz , � f = 120 kHz , M = 24 and the BS array
con�guration 1 � 6 (2:68 cm). The common parameters are set as follows:
transmit power10 dBm, the UE array con�guration1 � 1, the noise PSD
� 174 dBm=Hz and the noise �gure8 dB.

ESPRIT signi�cantly outperforms MF at both frequency
bands and using different bandwidths, through its ability to
resolve closely spaced paths, especially in dense multipath
environments illustrated in Fig. 13. Moreover, under the
same bandwidth utilization, both algorithms perform better
at mmWave than at sub-6 GHz (despite larger path loss at
mmWave). This can be attributed to the use of electrically
large arrays at mmWave in the same physical footprint, leading
to higher angular resolution and improved path resolvability.
Increasing the bandwidth further enhances the performance,

which indicates the suitability and attractiveness of mmWave
bands for positioning (in the sense of manifestation of the
geometric nature of the channel via the use of electrically
large arrays and access to large bandwidths). Therefore, in
alignment with the explanations in Sec.IV-B3 and Sec.IV-B4,
two key take-aways can be deduced from the ray-tracing based
simulation results:(i) mmWave induces favorable channel
characteristics for positioning,(ii) MF or correlation based
processing suffers from poor resolution, leading to more than
an order-of-magnitude degradation in accuracy compared to
super-resolution approaches.

6) Machine learning for positioning:Positioning exploiting
channel parameters and the geometry of the environment suffers
from performance degradation in all types of scenarios and
frequency bands. At sub-6 GHz frequencies, non-line of sight
(NLOS) multipath acts as an interference that degrades the
geometric localization performance in both indoor and outdoor
urban environments. At mmWave frequencies, strategies like
trilateration and triangulation are often not practical, since
links to severalBSs are required. Although at mmWave it is
possible to estimate the position from the CSI of a single BS-
UE link by exploiting the sparsity of the channel and the large
arrays and bandwidths, high-accuracy localization requires very
accurate channel estimates, which come at the cost of high
pilot transmission overhead and high complexity. In addition,
the sensitivity of geometric localization to channel estimation
errors and impairments such as phase noise, residual clock
offsets, array calibration errors, or beam squint may reduce
the accuracy that can be achieved in practice.

CSI-�ngerprinting positioning is an alternative to geometric
approaches that can provide enhanced performance in LOS
and NLOS scenarios [132]–[134]. Although it was initially
proposed for indoor environments and WLANs [135], it has
been successfully extended to outdoor scenarios and cellular
networks [136]. It requires of an of�ine phase to create a
database of �ngerprints (one or more parameters associated to
the propagation channel such as RSS or full CSI) and their
associated locations. In conventional �ngerprinting, the online
phase is used to compare the �ngerprint obtained in real time
with the stored ones and infer the location exploiting algorithms
such as K nearest neighbors [137], Horus [138] or RADAR
[135] for example. Mathematically, this approach can be written
as

g : F ! pUE (22)

whereg is a mapping operation from the �ngerprintF to the
user positionpUE. The drawbacks of conventional �ngerprinting
come from (i) the requirement of permanently storing a large
database and updating it periodically as the environment
changes [139] (ii) the complexity of searching the whole
database for every new position to be predicted.

ML-based �ngerprinting can overcome these limitations.
A large database will be collected for training the network
of�ine, but it does not need to be stored or searched during
online operation. During training, the network will learn the
mappingg in (22), while in the online phase it will perform
a regression operation to compute the position given the
�ngerprint. RSS is the most commonly used �ngerprint in
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conventional designs, but it can only capture coarse channel
information, it is highly dependent on the device and it suffers
from a high variability due to multipath. Recent works on
ML-based �ngerprinting for massive MIMO at sub-6GHz and
mmWave MIMO exploit richer �ngerprints based on the CSI
which provide enhanced performance: the angle-delay domain
channel power matrix [140], [141], a weighted average of CSI
values over multiple antennas [142], the CSI per subcarrier
[143], [144] or a decimated delay-domain CSI representation
followed by autocorrelation to extract features invariant to
the system impairments [145] to name a few. Alternatively,
other recent works avoid the design of speci�c features by
introducing the full CSI in time or frequency as the input to
the deep network. This way, the �rst stage of the network itself
extracts a suitable feature using the attention mechanisms in
Transformer networks [146]–[148].

Most of the deep networks that have been designed for
�ngerprinting-based positioning approach the problem as a
regression task. Designs based on convolutional neural network
(CNN) architectures leverage image-like inputs and exploit
convolutional layers' ability to extract features and relationships
among adjacent data points [141], [143], [144], [149]–[154].
Long short-term memory (LSTM) networks have been also pro-
posed to explore the correlation of CSI at different subcarriers
[155]. To tackle the problem of outdated network weights in
a dynamic environment, it is possible to use transfer learning
[156], which enables the reconstruction of the �ngerprinting
database using the outdated �ngerprints and a small number
of new measurements. Hybrid approaches [100], [146] that
combine model-based geometric localization and deep networks
exploiting site-speci�c data can provide very high accuracy
even with small training datasets, as shown in Example 4.

Position tracking can also be implemented exploiting ML.
An obvious extension to the previously described approaches
is to include a tracking stage that uses some kind of Bayesian
�lter (Kalman or extended Kalman for example) on the results
of a ML-based �ngerprinting approach [157]. However, recent
designs replace the Bayesian �ltering stage by a deep network
specialized in tracking, so there is no need to build a math-
ematical evolution model—which may not hold in practice—
to be exploited by the Bayesian �lter. LSTM networks are
common choices to implement tracking [158], but newer
designs exploiting transformers and their attention mechanisms
exhibit enhanced performance. For example, [147] proposes
V-ChATNet for position tracking, an attention network that
exploits the series of previous channel and position estimates to
build the estimation �r the new position. This design keeps the
location error below 20cm for 95% of the time when evaluated
with realistic vehicular channels generated by ray tracing.

Example 5 (ML-based positioning). Consider a mmWave
vehicular communication system operating with a hybrid MIMO
architecture and UPAs at both ends. During initial access,
the frequency selective mmWave channel between a vehicle
and a single BS is estimated using MOMP [50] and some
training symbols. The hybrid data/model-driven positioning
system proposed in [100], [146] localizes the vehicles on
the road exploiting three stages: 1) PathNet, a fully connected

network that classi�es the estimated channel paths as LOS, �rst
NLOS or higher order; 2) a geometric localization algorithm
that accounts for the clock offset and exploits the parameters of
the LOS and �rst order paths extracted by PathNet to obtain an
initial position estimation; and 3) ChanFormer, a Transformer
network that exploits the concept of “attention” to evaluate
which estimated paths are more credible and formulates the
problem of position re�nement as a classi�cation task, by
computing the probability of corresponding to the true location
for a grid of points built around the initial position estimation.
As illustrated in Fig. 15(a), the system achieves sub-meter
accuracy localization for 95% of the users in channels with
a LoS path when evaluated with ray tracing channels. In
addition, the system provides sub-meter accuracy localization
for 50% of the users in NLoS channels. During the tracking
stage, a different attention network, V-ChATNet [147], further
reduces the localization error, achieving 20cm accuracy for
95% of the users in a combination of LOS and NLOS channels,
signi�cantly outperforming Kalman Filtering based tracking,
as shown in Fig. 15(b).

7) Sidelink positioning:Sidelink positioning is a technique
which exploits sidelinks betweenUEs to transmit signals and
perform measurements to enhance the positioning performance
for V2X.

During the sidelink positioning process, the targetUE aims
to determine its own position under the assistance of the anchor
UEs, which is further divided into three stages: the con�gura-
tion stage, the signal transmission and measurement stage, and
the position calculation stage [159]. First in the con�guration
stage, the targetUE and anchorUEs are scheduled to form
the sidelink positioning group for the following operations.
Then in the signal transmission and measurement stage, the
measurements are acquired by sending the positioning reference
signals over the sidelinks betweenUEs. Finally in the position
calculation stage, theToA andAoA information obtained from
link-level measurements are fused to calculate the absolute or
relative position of the targetUE, which can be performed
either at the network location server or at the UE itself.

As sidelink positioning emerges as a promising technique
to complement the traditional methods, e.g., global navigation
satellite system (GNSS), in V2X, there have been extensive
research on this area. In [114], the authors describe basic system
architectures and key technologies for high-accuracy sidelink
positioning. In [160], the authors present analysis of V2X
sidelink positioning in sub-6 GHz, where a novel performance
bound is derived to predict the positioning performance in
the presence of severe multipath. In addition, the sidelinks in
V2X are exploited for near-�eld localization in [161], where
the fundamental positioning limits are determined in order to
assess the possibility of the proposed scheme.

Furthermore, sidelink positioning can be viewed as the
special case of the general cooperative localization paradigm,
in which the unknown positions of multipleUEs are jointly
inferred from the network measurements, and the performance
gain comes from the exploitation of the relative position
information provided by theUE-UE measurement links. Com-
pared with conventional localization techniques, cooperative
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(a)

(b)

Fig. 15. Performance of the positioning strategies based on attention networks—
ChanFormer for the initial access scenario and V-ChATNet for the tracking
case—compared to positioning based only on channel parameter estimation
and exploitation of the geometry of the environment (MOMP + GeoLoc)
evaluated using the ray tracing setup described in [146], [147]: (a) Results for
the initial access and position estimation scenario, where only one snapshot
of the channel is estimated and leveraged for positioning; (b) Results for the
tracking scenario, where series of channel and position estimates are exploited
by both a Kalman Filter (KF) and V-ChATNet, while MOMP+GeoLoc only
exploits previous channel estimates to reduce computational complexity in the
channel parameter estimation stage.

localization demonstrates signi�cant advantages in harsh prop-
agation environments such as indoors and urban canyons,
which attracts great attention from the research society in
both theoretical and algorithmic aspects. As for the theoretical
basis, the fundamental limits of localization accuracy in
cooperative networks have been derived in [162], [163], where
the structure ofEFIM is revealed to characterize the information
gain brought byUE cooperation. Then the spatio-temporal
information coupling is investigated to quantify the cooperation
ef�ciency, where the asymptotic error propagation laws are
determined to provide guidelines for large-scale networks
[164]–[166]. As for the operation strategies, ef�cient resource
allocation schemes are developed from the perspectives of

convex programming and game theory, which can provide
practical solutions for high-accuracy cooperative localization
in both centralized and distributed schemes [167], [168].

8) RIS-aided positioning:A RIS is a programmable surface
that can be used to control the re�ection of radio waves by
changing the electric and magnetic properties of the surface,
in either a continuous or discrete way [169]. While there are
different RIS technologies, their distinction is irrelevant for
our purposes.RISs were originally devised to overcomeLoS
blockages, especially atFR2, by creating an additional path
with high SNR. The most common kind of aRIS is a so-called
passive re�ective RIS, which creates an additional channel (in
its more simple form)

H RIS
n;m = � RIS

m e� j 2�n � f � RIS
ej 2�mT sym � RIS

aR (� RIS)aT
T (� RIS) ;

(23)

where the only difference lies in the� RIS
m , which is of the form

[170]

� RIS
m = � T-RIS� RIS-RaT

RIS(# )
 m aRIS(' ) (24)

in which � T-RIS denotes the channel from transmitter toRIS,
� RIS-R is the channel fromRIS to receiver,aRIS(' ) is the RIS
steering vector as a function of theAoA ' (from the receiver)
andAoD # (to the transmitter), and
 m denotes the diagonal
RIS control matrix, which represents the time-varying state
of the RIS. The entries of
 m have at most unit amplitude
(since a passive RIS cannot amplify) and controllable phase. In
communications
 m can be set so thataT

RIS(# )
 m aRIS(' ) !
M , whereM is the number ofRIS elements, thereby providing
anSNRscaling of up toM 2. The value ofM can be increased
by making the RIS larger (leading to more power illuminated
on theRIS, but also wavefront curvature effects appear (see
SectionVI-E) or by making the RIS denser (though the power
illuminated on the RIS is constant and mutual coupling will
play an important role). In addition to the considered passive
re�ective RIS, there are many other RIS variants, such as
amplifying RIS (sometimes called active RIS), sensing RIS
(sometimes called hybrid RIS), RISs that can simultaneously
transmit (in the sense of passing through) and re�ect (called
STAR-RIS) [171], and RISs that allow non-diagonal control

 m [172].

The role ofRIS for positioning lies in the ability to provide (i)
an additional position reference, similar to a BS, (ii) additional
measurements as any other path (e.g., theAoA, AoD, delay,
and Doppler in(23)), (iii) unique measurements of theAoA
or AoD in (24) [173]. While theAoA and AoD in (24) are
not jointly identi�able, typically one of the two angles is
known since either the transmitter or the receiver is aBS.
This leads to two practical issues: how can we know the
RIS location and orientation [174] and how can the receiver
separate the signal from the RIS with respect to all the
uncontrolled multipath, including theLoS path? To address the
�rst issue, RIS calibration methods have been devised, based
either on transmissions between BSs or while simultaneously
localizing the user. To address the second issue, which is
especially relevant in a multi-RIS scenario, dedicated RIS
control sequences have been designed that allow separation,
e.g., such that

P
m 
 m = 0, so that under zero Doppler, the
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Fig. 16. RIS-aided 3D positioning performance with an8 � 8 BS. Evaluated
using the ray-tracing data from a smart factory environment with transmit power
20 dBm, center frequencyf c = 60 GHz , and bandwidthB = 100 MHz .

uncontrolled multipath can be recovered by adding the signals
over time, for each transmit beam.

Example 6. Consider a point-to-point RIS-aided mmWave
communication system where both theBS and theUE are
equipped with planar arrays. In this case, the received signal
at theUE contains contributions of the paths from two sources,
i.e., from the environment and through theRIS, which can be
expressed as

y RIS
n;m = W H �

H n;m + H RIS
n;m

�
FRF FBB [n; m]xn;m + zn;m :

(25)
In [175], it is shown that the sparse channel parameters from
both sources can be simultaneously estimated by using a slightly
modi�ed version of the low-complexity multidimensional orthog-
onal pursuit matching (MOMP) algorithm proposed in [50],
which estimates the parameters by using their own individual
dictionaries instead of a Kronecker product of them. Note that
the work in [175] considers the pulse shaping effects and clock
offset, and estimates the time-domain channel while assuming
that theLoSpath between theBSand theRIShas been pre-
estimated in the RIS calibration stage. The positioning stage
contains two different cases: (1)LoS path from theBS and
RISexist, (2)LoSpath from eitherBSor RISexists. The �rst
case can be solved with a simple linear equation whereas the
second case can be solved via a linear system of equations
constructed withLoSand NLoSpaths of one source (i.e.,BS
or RIS) by leveraging the re�ection properties of the indoor
environment [50], [175]. Positioning error results with the
described method obtained via ray tracing based simulations
for an indoor environment are given in Fig 16. It can be seen
that highly accurate positioning can be achieved when theLoS
path exists for bothBSand RIS. Speci�cally,%80 of the users
have positioning error below20 cm with a 32� 32 RIS.

9) Carrier phase positioning:In general, the carrier phase
of the incoming received signal depends explicitly on the
propagation delay, as shown in Fig. 17. Hence, measuring
carrier phase accurately, relative to a reference, allows carrying
out delay estimation and thereon ranging with accuracies that
are fractions of a wavelength. Especially in millimeter-wave

Fig. 17. Carrier phase positioning provides accurate distance information, but
is subject to ambiguities equal to the wavelength.

networks, using carrier phase measurements can thus enable
ranging accuracies in the order of few millimeters while in C-
band networks a centimeter-level ranging accuracy is feasible.

In the context of localization and positioning, carrier phase
based methods are conceptually known and broadly utilized
in GNSS systems, particularly the GNSS-RTK approach, see
for example [176] and the references therein. Additionally,
and importantly, the utilization of carrier phase measure-
ments is recently also considered in 3GPP cellular network
standardization—particularly in the context of 5G-Advanced
and corresponding enhanced positioning capabilities [177],
[178].

One of the most prominent technical challenges related to
the use of carrier phase measurements is the so-called integer
ambiguity problem [108], [179], [180]. This refers to the fact
that the carrier phase is immune to any integer multiple of the
wavelength, i.e., the amount of full wavelengths in the distance
between the TX and RX entities cannot be directly measured.
Practical ways to solve or relax the integer ambiguity problem
stem from differential and/or double-differential measurements,
that build on the concept of a reference device. In the cellular
network context, a UE with a known and �xed reference
position could serve for such purpose.

Example recent works in this area in the cellular system
context covers, e.g., [181], [182] focusing on estimation,
synchronization and positiong algorithms for different use cases.
Additionally, [108] describes methods how cellular carrier phase
measurements combined with appropriate Bayesian �ltering
can facilitate super-resolution and low-latency 6DoF tracking
of 5G-empowered XR headsets without any additional sensors.

C. Bistatic and multistatic sensing of non-connected objects

In contrast to positioning, which involves determining
the state of connected users, in this section, we will focus
on sensing (detecting and localizing) non-connected objects
(sometimes also called landmarks or targets, depending on the
context). We refer back to Fig. 9.
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Fig. 18. Both positioning and sensing require channel parameter estimation.
The subsequent processing for mapping andMTT is much more involved than
for positioning.

1) Fundamentals of mapping and target tracking, multi-site
processing:First, it is necessary to clarify the terminology:
when the objects of interest are static, they are called landmarks.
The corresponding sensing problem is calledmapping. When
the objects of interest are moving, they are called targets and the
corresponding sensing problem is calledmulti-target tracking
(MTT). The reference to 'objects of interest' is due to there
being other objects (e.g., ground re�ections when tracking a
moving vehicle), which generate measurements, but are not of
interest to the application.

To separate positioning from mapping andMTT, let us
�rst describe the commonalities (see Fig. 18): in both cases,
processing involves two stages, wherein the �rst stage radio
signals are sent and received, based on whichLoS andNLoS
paths are extracted, with associated channel parameters (delays,
angles, Dopplers). In the second stage, those parameters are
converted to a geometric state of the user/object. In terms of the
differences, the �rst stage for positioning is generally focused
on extracting theLoS path parameters, while in mapping and
MTT, the LoS path only serves as a reference path, while
the NLoS paths relate to the non-connected objects. The main
difference lies in the subsequent processing, as visualized in
Fig. 18. The reasons are as follows [183]:

� Unknown number of objects:The sensing system does not
know a priori how many objects there are. This means
that objects need to be �rst detected before they can be
localized. This problem is also affected by background
clutter, which is present but not of interest. Hence, sensing
involves both a detection (involving false alarms and
missed detections) and an estimation problem.

� Complicated object states:In contrast to positioning,
where the goal is to estimate theUE 3D position, objects
are characterized by a much more complicated state
de�nition, which may include the velocity, the extent/shape
of the object, and even the material type. Objects may
also give rise to more than one measurement [184].

� Unknown data association:Another fundamental differ-
ence compared to positioning, is that the measurements
carry no information about the object. Hence, measure-
ments taken at some timet should be associated with

Fig. 19. Each measurement gives rise to a potential object. Objects may
generate 0, 1, or several measurements at each time. Objects detected at time
step 1 should be associated to measurements at time step 2.

objects detected at some earlier timet0 < t . This type of
combinatorial problem lies at the heart of all mapping
and MTT methods. As time progresses the number of
data associations grows quickly, which requires dedicated
routines to mitigate computational complexity [185].

� Multi-sensor fusion:When several receivers are processing
the signals from one or more transmitters, some form
of fusion is needed to provide a consistent view of the
landmarks or targets. The type of fusion depends on the
level of coherence between the differentBSs. When the
receivingBSs are phase coherent, then can be interpreted
as one large distributed sensor and processing can be
performed on the aggregated received waveforms, as in
distributed MIMO radar. Such processing involves sharing
raw I/Q data with a central processing unit. In contrast,
when the receivingBSs are not phase-synchronized, they
act as independent observers, and fusion should occur after
local channel parameter estimation. The different �eld of
view of the different receivers makes this challenging
[186].

The problems of an unknown number of objects, complicated
object states, and unknown data association are visualized in
Fig. 19 for a bistatic scenario.

D. Radio SLAM in bistatic scenarios

In this section, we will focus on bistatic RadioSLAM
which combines aspects of positioning (see SectionIV-B) and
sensing (see SectionIV-C) and it involves anUE determining
its position, while simultaneously detecting and localizing
landmarks, based on signals to/from theBSs. The RadioSLAM
problem has gained widespread attention in the research �eld
over the past years (see e.g., [55], [96], [187], [188]) since it
is closely related to the minimal problems discussed in Section
IV-B2 and solving it provides three important bene�ts. First,
theNLoS paths provide additional information and can enhance
positioning accuracy; second, reliance on infrastructure can
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be reduced, enabling for example single-BS positioning in
mmWave; third, localization is possible in mixedLoS/NLoS
conditions, even in the absence of LoS.

The processing pipeline of RadioSLAM is similar to that of
positioning/sensing (see Fig. 18). The key difference is that in
the second stage, the channel parameter estimates are converted
to a geometric state of both theUE and landmarks. Since Radio
SLAM has many commonalities to positioning and sensing,
we will �rst introduce the mapping problem which is closely
related to the sensing problem and thereafter, we will present
the overall RadioSLAM problem. In the following, mapping
is used to refer to positioningM landmarks,m 1:M , and a map
is de�ned asm = [ m >

1 ; m >
2 ; : : : ; m >

M ]> .
The mapping problem, commonly referred to as mapping

with known poses inSLAM literature [189], aims to estimate
the map posterior,p(m j x1:t ; y1:t ), using the sequence ofUE
posesx1:t and measurementsy1:t . Since theUE trajectory is
known, the landmarks are independent and the map posterior
can be factorized as [189]

p(m j x1:t ; y1:t ) =
MY

i =1

p(m i j x1:t ; y1:t ): (26)

The map posterior can be computed for example using Bayesian
�ltering and if the landmark density is approximated using a
Gaussian,(26) can be ef�ciently estimated usingM extended
Kalman �lters (EKFs) in parallel, one for each landmark.
Landmark-based mapping approaches commonly decompose
the physical environmental landmarks such as re�ecting sur-
faces and scattering objects into parametric representations
such as a point [187].

The objective ofSLAM is to compute the joint posterior
density of theUE trajectory and map,p(x1:t ; m j y1:t ), given
the measurements up to timet. An important characteristic
of the SLAM problem is that by conditioning the map to the
UE trajectory renders the landmark estimates conditionally
independent. Exploiting this feature, the jointSLAM density
can be factorized as [190]

p(x1:t ; m j y1:t ) = p(x1:t j y1:t )p(m j x1:t ; y1:t ) (27)

in whichp(x1:t j y1:t ) andp(m j x1:t ; y1:t ) are posterior of the
UE and map, respectively. This factorization makes it natural
to apply Rao-Blackwellized particle �lter (RBPF) solutions, in
which a particle �lter (PF) is used to approximatep(x1:t j y1:t )
and computingp(m j x1:t ; y1:t ) is equivalent to solving(26).
It is important to note that each particle represents a single
UE trajectory and a unique map is associated to every particle.
In RadioSLAM, the UE state consists of the pose and clock.
The pose represents the position and orientation of theUE,
whereas the clock represents the required parameters needed
to synchronize the local clock of theUE to the network clock.

In literature, a large variety of solutions toSLAM are
available and these can be classi�ed as snapshot, �ltering
and smoothing approaches. The concrete difference between
the approaches is the time horizon. SnapshotSLAM only
considers observations at timet0 for estimatingp(x t 0; m j y t 0),
�ltering approaches utilize measurements up to timet for
approximatingp(x t ; m j y1:t ), while smoothing approaches

Fig. 20. Example bistatic Radio SLAM performance obtained using an RBPF-
PHD �ltering solution. The TX position is illustrated with (), UE trajectory
using ( ), and estimated UE path and landmark locations with () and ( ),
respectively.

perform batch processing to estimate the fullSLAM posterior
p(x1:T ; m j y1:T ) in which T � t. The early works in
conventionalSLAM mainly considered the �ltering problem
but due to inconsistency issues, majority of the works nowadays
consider the smoothing problem [191]. In bistatic Radio
SLAM, the smoothing problem is yet unexplored and the
other two approaches have been considered instead. The main
differentiator of bistatic RadioSLAM is that theUE state is
estimated in a global reference system that is de�ned with
respect to theBS, whereas in conventionalSLAM, estimation
is typically performed in the local frame of the sensor (see also
SectionV-E). This has signi�cant rami�cations to the bistatic
RadioSLAM problem and two prominent examples include:
i) it is possible to estimate theUE state with respect to a
global reference system just from single snapshot observation
as presented in SectionIV-B; ii) �lter divergence can be
identi�ed by comparing the �ltering solution to the snapshot
solution. It is important to note that both snapshot and �ltering
approaches are relevant in bistatic RadioSLAM and the
preferred choice depends on the overall system and application
scenario. SnapshotSLAM is fundamentally important as it
serves as a baseline for what can be done with radio signals
alone, while �ltering basedSLAM methods are expected to
improve the accuracy. The snapshot approach can be solved for
example using numerical optimization methods [55], [192],
whereas the �ltering problem is commonly solved using
Bayesian �ltering [187], [188] or belief propagation on factor
graphs [96], [109].

Example 7. In this example, we consider an indoor bistatic
SLAM scenario composing of a singleBS that transmits
positioning reference signals (PRSs) which are received by
the UE to jointly estimate its pose and map the surrounding
environment. The experiment was conducted at 60 GHz carrier
frequency and using 400 MHzPRSbandwidth. TheBS and
UE were equipped with 4×16 planar antenna arrays and



24

Sivers Semiconductors Evaluation Kits EVK06002 were used
as theTX and RX entities. TheTX and RX used126 and 252
beams, respectively, which corresponds to a180� �eld-of-view
(FOV) for the BS and 360� FOV for the UE. Overall, the
UE trajectory consisted of45 measurements positions. The
experimental scenario is illustrated in Fig. 20 and for further
details, please see [193].

The consideredSLAM problem is solved using anRBPF-
probability hypothesis density (PHD) �lter [187] that utilizes
an optimal importance density (OID) approximation [188] to
decrease the number of required particles. The performance
of the algorithm is visualized in Fig. 20 and as illustrated,
the estimated path closely follows theUE trajectory and the
estimated landmarks coincide with the actual �oor plan. In the
experiment, theRMSEposition, heading and synchronization
error are: 0:55 m, 2:43� and 1:53 ns, respectively. The bene�t
of using a �ltering approach is three fold. First of all, the
�lter can operate in mixedLoS/NLoS conditions and the
posterior from the previous time step can be viewed as a
regularization term which constrains the posterior update so
that the system state is identi�able at every measurement
position. Second, sequential processing of the measurements
improves the accuracy. Third, the �lter can inherently deal
with the challenges of bistatic RadioSLAMwhich include: i)
the landmark can be misdetected due to limitations in theRX
and channel estimation routine; ii) clutter measurements and
multi-bounce signals can generate false detections that are
not inline with the measurement model; and iii) measurement
ambiguities can lead to situations where a wrong measurement
is associated to the wrong landmark.

V. TECHNOLOGIES FOR JOINT MONOSTATIC SENSING AND

COMMUNICATION

A. Introduction

In this section, we address the mono-static sensing and
SLAM paradigms in the spirit of cellular ISAC. We �rst
shortly review the fundamentals and challenges of monostatic
system scenarios. Then, in Section V.B, we present the basics
of the relatedSI waveform modeling and discuss shortly
the potentialTX-RX isolation solutions, while Section V.C
provides examples how precoding/beamforming optimization
can contribute toSI suppression. Section V.D then looks into
relevant impairments, most notably oscillator phase noise and
Doppler-inducedICI, and shows how these can be turned
from foe to friend in monostatic sensing. Lastly, section V.E
presents monostaticSLAM, which is one potential application
of monostatic sensing.

In general, different from the previously discussed bi-static
and multi-static transmitter-receiver arrangements, themono-
static case refers to a scenario where the transmitting and
receiving entities are essentially collocated [194]–[196]. A
principal illustration of such mono-static sensing and mapping
scenario is shown in Fig. 21, indicating also the opportunity
for separate antenna systems at the TX and RX ends [89].
Such mono-static approach allows to turn the individualUEs
or gNodeBs (gNBs) essentially into cellular radars, providing
standalone situational awareness related to the surrounding

environment without relying on other network entities. Example
representative use cases could be, e.g., in different vehicular
or industrial systems where connected moving machines
can extract and harness situational awareness in terms of
the environment landmarks while also tracking their own
coordinates relative to a reference point, by using their own
transmit waveform as the illumination signal. Compared to the
bi-static or multi-static counterparts, the mono-static approach
is appealing as the complete I/Q transmit waveform is directly
known also to the receiver. Additionally, arranging for very
accurate time- and frequency-synchronization between the TX
and RX chains is clearly much more straight-forward and can
be resolved even at hardware level.

The mono-static operation is, as such, well-known from
ordinary radars. Pulsed radars [194] operate on the basis of
time-multiplexing between the exact transmit and receive time
periods. In the context of cellular systems, speci�cally in TDD
networks, the individual network nodes (UEs andgNBs and the
corresponding transmission and reception points (TRPs)) also
operate on the basis of dividing the TX and RX active periods
in time. However, the individual active transmit periods in both
uplink and downlink are commonly in the order of a millisecond
– a period that is very long compared to pulsed radars, and
does not facilitate measuring transmit waveform interaction
with targets or landmarks at any meaningful distance. Hence,
any cellular monostatic sensor must be able to execute the
receiver simultaneous to transmitting, in order to measure the
re�ecting and scattering waves. This, in turn, means that such
sensor is essentially operating as an inband full-duplex (IBFD)
transceiver, commonly also referred to as a simultaneous
transmit-and-receive (STAR) system [195]–[197].

One fundamental technical challenge inSTAR systems is,
in general, theself-interference(SI) or direct transmit-receive
coupling [197]–[199]. As a concrete example, the effective
isotropic radiated power (EIRP) of a macro gNB can be in
the order of +70 dBm, or more, while the receiver thermal
noise �oor with e.g. 100 MHz channel bandwidth is around
–90 dBm. Thus, from the sensing or radar function point of
view, the direct TX-RX coupling acts as an extremely powerful
target at a very short distance, and will mask everything else
if not properly suppressed through antenna processing, active
RF cancellation and baseband digital cancellation [197]–[201].
Importantly, suf�cient amount of TX-RX isolation must be
obtained already in the antenna or RF circuit domain prior
to the receiver low noise ampli�er (LNA) – otherwise, the
powerful SI will totally desensitize and block theLNA and
thereon the sensing receiver. In the following Section V.B,
we provide further modeling of theSI waveform while also
discussing the basic TX-RX isolation approaches.

B. Basic SI modeling and isolation solutions

We next shortly discuss the different potential solutions to
arrange suf�cient TX-RX isolation, as well as the related topic
of SI channel and waveform modeling. There are, generally
speaking, two alternative ways to arrange the antenna interface
for the simultaneously operating transmitter and receiver,
namely, sharing a set of antennas through circulators for both
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Fig. 21. Illustration of the monostatic sensing paradigm at UE end, together with the corresponding problem geometry.

TX and RX, or then utilizing different sets of physical antennas
for TX and RX. One may consider the latter more feasible
approach, as the circulators are commonly providing only
isolation levels in the order of 20 dB while the different sets of
antennas allow for larger isolation levels through separating the
antenna systems in space—especially in gNB type of entities
as well as in UE with larger form factors such as vehicles.
Additionally, an importantly separate antenna systems allow
harnessing beamforming optimization for TX-RX isolation in a
more ef�cient manner. Hence, we also primarily assume in the
following that separate antenna systems are utilized, though
the RF and baseband digital canceller principles apply to both
scenarios.

Considering �rst the basic SI channel and waveform model-
ing, let us denote the baseband precoded transmit waveform at
transmit pathl by x l (n), and further assume that subarray based
hybrid beamforming is adopted at TX where each precoded
signal is transmitted through a subarray of sizeM . Then, the
complex baseband equivalent SI waveform at receiver antenna
j , contributed by the TX subarrayl , reads

xRF;SI
j;l (n) =

MX

i =1

hSI;l
i;j (n) � (f i;l � TX

l (x l (n))) ; (28)

wherehSI;l
i;j (n) denotes the physical SI channel from the antenna

elementi of the TX subarrayl to RX antenna elementj , �
denotes convolution, while the function� TX

i (�) refers to a
transmitter hardware model that can accommodate different
impairments such as power ampli�er (PA) nonlinearity and
oscillator phase noise. Additionally, the beamforming weights
of the TX subarrayl are denoted byf i;l .

Next, taking into account the contribution of all involved
TX subarrays, sayl = 1 ; 2; :::; L , while incorporating also RX
beamforming as well as RX hardware path impairments, the
observable baseband SI waveform reads eventually

xBB;SI(n) = � RX(
KX

j =1

wj

LX

l =1

xRF;SI
j;l (n)) ; (29)

where K denotes the array size at RX,wj denotes the
corresponding beamforming weight, and� RX refers to the
RX path hardware model. This model is valid for an arbitrary
RX (sub)array.

Importantly, the models in(28)-(29) show that both TX
and RX beamforming contribute to the observable SI at RX.
Thus, beamforming is one fundamental processing tool to
facilitate or improve TX-RX isolation—and particularly the
TX beamforming as it allows to control the SI waveform
already at the RX LNA input as shown by(28). Beamforming
optimization solutions that seek for controlled and favorable
tradeoffs between SI suppression, target illumination capability
and achievable communication rate are described, e.g., in [202]–
[205], and will also be discussed in the following Section V.C.
Furthermore, the accommodation of the prominent hardware
imperfections in(28)-(29) is of great importance. For one, as
shown e.g. in [200], [206], [207], appropriate HW modeling
allows to craft advanced digital SI cancellation solutions that
can suppress also the nonlinear effects and distortion products
imposed by TX PA, RX LNA and other analog components.
Such is important when optimizing the receiver dynamic
range. And what is more, as discussed and demonstrated
concretely later in this Chapter, properly modeling of hardware
imperfections can turn them from a foe to a friend, when
interpreted from the sensing point of view—this is particularly
so for the oscillator phase noise as discussed further in the
following in Section V.D.

C. Triple-function precoding/combining in full duplex
transceivers

In this section, we discuss the precoder and combiner
design that enable STAR operation for monostatic sensing with
communication-centric FD transceivers. We focus on designs
suitable for initial access and also tracking scenarios.

1) Precoding/combining for tracking:We focus on the
tracking stage of the jointDL communication and sensing
with an FD BS in a singleUE setting. The three functions
of the spatial �lters at both the TX and the RX side can
be stated as follows: (i) enablingDL communication, (ii)
providing high gain in the target direction, (iii) and contributing
to SI suppression.To provide simultaneous communication and
sensing the system should operate with a multibeam precoder
that illuminates the target angle and the multiple paths of the
communication channel [195]. Considering a system operating
in FR2 with a hybrid analog/digital architecture at both ends
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of the FDBS and OFDM signaling, the received signal at the
FD BS can be expressed as

yn;m = W H H n;m FRF FBB [n]xn;m

+ W H H SI
n FRF FBB [n]xn;m| {z }

SI

+ zn;m ; (30)

whereH n;m ; H SI
n 2 CN R � N T are the radar and SI channels,

respectively. The entries of the SI channel are the coupling
between each TX-RX antenna pair, as described previously.
We assume that the FDBS is stationary, which is why the SI
channel remains constant at different symbols. The second term
in (30) should be suppressed with precoding/combining so that
the LNAs are not saturated and the targets can be detected.

The precoders should also provide reliableDL communica-
tion and target gain for the radar operation. We can quantify the
communication performance with the subcarrier dependent rate
R n , which is a function of the precoders, theDL channel, and
the combiners at theUE. The precoders and the combiners at
theUE are designed separately, which is the common approach
in communications. Moreover, we can quantify the sensing
performance with the TX target gain per stream for a given
target angle� r , which is expressed as

GT ;n s ;n (� r ) =
�
�
�aH

T (� r ) [FRF FBB [n; m]]:;n s

�
�
�
2

; (31)

for ns = 1 ; : : : ; Ns. The �nal objective of the precoders is to
mitigate the SI that is equivalent to nulling the SI term in(30)
as

W H H SI
n FRF FBB [n] = 0N RF ; R � N s ; (32)

which is a joint task for the combiner. Aside from SI
suppression, the goal of the combiner is to provide a high
target gain at thenRF -th RX RF chain that is expressed as

GR;n RF (� r ) =
�
�[W ]H:;n RF

aR (� r )
�
�2

; (33)

for nRF = 1 ; : : : ; NRF ;R . The joint precoding/combining
problem can be formulated as the maximization of the sum DL
rate over all subcarriers under the target gain, SI suppression
and hardware constraints [202], [203]. We can de�ne TX and
RX gain thresholds denoted by� T and � R , respectively. With
the described formulation, we can write the overall optimization
problem as

maximize
W ; F RF ;
F BB [n ]

N � 1X

n =0

R n

subject to GT ;n s ;n (� r ) � � T ; GR;n RF (� r ) � � R ;

(32); FRF 2 A T ; W 2 A R ;

kFRF FBB [n]k2
F = Ns;

(34)

where A T and A R are the sets of feasible structures for
the analog precoder and the analog combiner. For example,
unit-modulus entries, which correspond to a phase shifter
network, and the subarray architecture can be imposed on the
analog precoder/combiner by using the de�ned sets. Finally,
normalization is imposed on the precoders to satisfy the power
constraint.

The problem in(34) is hard to solve due to the coupling
between the precoders and the combiner, and the hardware
constraints related to the analog precoder/combiner. Hence,
alternating optimization can be adopted to decompose the
problem into several subproblems, each of them responsible
for one of the variables while the others are �xed. Furthermore,
relaxation techniques such as convex approximations and
semide�nite problems can be used to solve each subproblem.
The work in [202] solves this problem by relaxing the cost
function from rate to gain in theLoS angle of the users.
Moreover, SI cancellation is satis�ed with only the combiner by
using the null-space projection (NSP) method which requires
�ne grained attenuators in addition to phase shifters. In [203],
the authors maximize the data rate by assuming that a subset
of the targets in the environment contribute to downlink
communication. They utilize an analog SI cancellation method
which reduces the SI. Then, the analog precoder and combiner
are designed by using a DFT codebook. Finally, the residual SI
is suppressed by the digital precoders, which also maximize the
DL communication rate. In [208], a more general system model
is considered where theDL channel can have multiple paths
which do not necessarily coincide with the targets. This work
utilizes generalized eigenvalue-based precoders that suppress
the SI while maximizing the data rate. The precoders are
coherently combined with the precoders that maximize the
TX target gain. Then, a hybrid decomposition algorithm is
used to obtain analog and digital precoders, which reduce the
SI suppression capability. Finally, a convex relaxation-based
algorithm is employed to design the combiner that minimize the
residual SI while keeping the RX target gain above a threshold.

2) Precoding/combining for initial access:In this setting,
the BS andUE have to establish communication for the �rst
time. Thus, the precoders at theBS and the combiners at the
UE should be designed such that they cover a wide angular
region. This stage, in nature, is similar to the target discovery
step of radar operation. Hence, the precoders and combiners at
theBS that are used for initial access and channel estimation for
communication are suitable for radar sensing. If we consider the
triple-function precoding/combining for tracking, we could see
that the spatial resources are shared between the communication
and sensing, which would not be necessary for the initial
access stage. In other words, the triple-function requirement
for precoding/combining would be reduced to two-function as
the communication and sensing requirement would be uni�ed.

Initial access can be established with beam training forFR2
in 5G NR. The beams are selected from a codebook that com-
prise directional beams. Let us denote the directional codebooks
for TX and RX byA T = [ aT (� 1) : : : aT (� M T )] 2 CN T � M T

andA R = [ aR (� 1) : : : aT (� M R )] 2 CN R � M R , whereM T and
M R are the sizes of AoA setf � i g

M T
1 and AoD setf � j gM R

1 ,
respectively. If these codebooks are used for sensing at the
FD BS, we would observe high residual SI. Let us denote
the SI-aware beam codebooks that we would like design as
�A T 2 CN T � M T and �A R 2 CN R � M R . The coupling matrix
that shows the residual SI between beam pairs can be de�ned as
C = �A H

R H SI �A T , whereH SI 2 CN R � N T is the frequency-�at
SI channel. For a wideband SI channel,H SI can be selected
as the the SI channel at the center frequency. The goal of
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(a)

(b)
Fig. 22. Radar SINR at the FDBS equipped with8 � 8 arrays that are
separated by10� for: (a) the initial codebook, (b) the SI-aware codebook. The
center frequency is28 GHz, the bandwidth is300 GHz, the transmit power is
20 dBm, and the SI-to-noise ratio is80 dBm. The target is located at80 m
from the FD BS with azimuth angle� 20� and elevation angle15� .

the codebook design is to minimize the total coupling power,
i.e., kCk2

F , while the beams maintain a high gain at the AoA
and AoD grids. One other constraint is to have unit-modulus
entries so that the beams can be realized with a purely analog
architecture that comprises phase shifters, which makes the
problem non-convex. The TX and RX codebooks are designed
with alternating minimization, and convex relaxation combined
with block-coordinate descent method by using�A T and �A R

as initial codebooks in [209]. The beam training procedure
for sensing is designed such that a TX-RX beam pair that
correspond to the same angle on the AoD and AoA grids
is employed for each symbol at the FDBS. We show the
radar SINR obtained at the angular grid in a single point
target scenario in Fig. 22. The FDBS is equipped with
two 8 � 8 planar arrays that are separated by10� . The
angular grid for both TX and RX codebooks is selected as
[� 60� ; � 45� ; : : : ; 60� ] � [� 30� ; � 15� ; : : : ; 30� ]. The results
show that the SI-aware codebook ef�ciently suppresses SI
and yields high radar SINR at target angle, while the initial
codebook is corrupted by the SI, which makes the target
detection impossible. The beams from the SI-aware codebook
can also be used for the tracking stage by utilizing the beams
from the codebook at the analog precoder/combiner design.

The described monostatic sensing scenarios for the tracking
and initial access stages include onlyDL users for communica-
tion. Thus, the precoder at the FDBS is designed such that it
serves for both sensing and communication while considering
SI suppression. From a communication perspective, only half-
duplex communication is considered. One of the most important
challenges is to integrateUL users to enable FD communication
which would signi�cantly improve the spectrum ef�ciency of
the overall system.

D. Joint monostatic sensing and communication under non-
idealities: repurposing challenges into bene�ts

In this part, we address the problem of joint monostatic sens-
ing and communication with OFDM waveform in the presence

of non-idealities, and demonstrate how such imperfections can
be turned into an advantage for sensing. We begin by presenting
the OFDM radar signal model and basic operations for range-
Doppler detection/estimation. Then, we focus on two speci�c
non-idealities, namely inter-carrier interference (ICI) and phase
noise (PN), elaborating on their impacts on sensing as well as
on how they can be exploited to improve sensing performance.
For ease of exposition, we consider a single-input single-output
(SISO) system at both radar and communication receivers.

1) OFDM monostatic radar sensing without non-idealities:
Consider a monostatic ISAC setup in Fig. 23, where a
monostatic ISAC transceiver sends data symbols to a remote
communications receiver and collects the backscattered signals
at the co-located radar receiver for sensing the objects in the
environment. Under a SISO setup, the monostatic OFDM radar
observations can be expressed, using (1) and (2), as

yn;m =
L � 1X

` =0

� ` e� j 2�n � f � ` ej 2�mT sym � ` xn;m + zn;m : (35)

Stacking(35) over N subcarriers andM symbols, we obtain
the frequency-time domain observations in compact matrix
form as [44]

Y = X �
L � 1X

` =0

� ` b(� ` )c> (� ` ) + Z 2 CN � M ; (36)

whereX 2 CN � M with [X ]n;m = xn;m , Y 2 CN � M with
[Y ]n;m = yn;m , and,b(� ) 2 CN � 1 andc(� ) 2 CM � 1 denote,
respectively, the frequency-domain and time-domain steering
vectors, i.e.,[b(� )]n = e� j 2�n � f � and[c(� )]m = ej 2�mT sym � .
To detect targets from(36) and estimate their delay-Doppler
parameters, we �rst remove the impact of data symbolsX
either via reciprocal �ltering/zero-forcing (i.e., dividingY by
X element-wise) or matched �ltering (i.e., multiplyingY by
the conjugate ofX element-wise) [3], [43], [210], [211]. Since
b(� ) andc(� ) correspond to DFT/IDFT matrix columns on a
uniformly sampled delay-Doppler grid, taking IDFT over the
columns and DFT over the rows of the resulting observation
matrix provides the delay-Doppler/range-velocity spectrum,
from which target detection and parameter estimation can be
performed [3], [43], [49], [212], e.g., via constant false alarm
rate (CFAR) processing [194, Ch. 6.2.4]. Alternatively, super-
resolution algorithms, such as MUSIC and ESPRIT, can be
applied by harnessing the structure inb(� ) and c(� ) (e.g.,
shift-invariance property) [213], [214].

2) OFDM monostatic radar sensing under ICI:When
dealing with high-speed targets and/or small� f , the validity of
the model(36) diminishes since intra-symbol Doppler-induced
phase shifts become non-negligible, destroying subcarrier
orthogonality and leading to ICI. Under scenarios with high-
mobility and/or small� f , (36) can be generalized to [49]

Y =
L � 1X

` =0

� ` FN D (� ` )| {z }
ICI

FH
N

�
X � b(� ` )c> (� ` )

�
+ Z ; (37)

whereD (� ) = diag
�

1; ej 2� T
N � ; : : : ; ej 2� T ( N � 1)

N �
�

2 CN � N

encodes intra-symbol (fast-timein radar nomenclature) phase




