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Chapter

Localization Techniques in
Multiple-Input Multiple-Output
Communication: Fundamental
Principles, Challenges, and
Opportunities
Katarina Vuckovic and Nazanin Rahanvard

Abstract

This chapter provides an overview of localization techniques in Multiple-Input
Multiple-Output (MIMO) communication systems. The chapter mainly focuses on
sub-6 GHz and mmWave bands. MIMO technology enables high-capacity wireless
communication, but also presents challenges for localization due to the complexity of
the signal propagation environment. Various methods have been developed to over-
come these challenges, which utilize side information such as the map of the area, or
techniques such as Compressive Sensing (CS), Deep Learning (DL), Gaussian Process
Regression (GPR), or clustering. These techniques utilize wireless communication
parameters such as Received Signal Strength Indicator (RSSI), Channel State Infor-
mation (CSI), Angle-Delay-Profile (ADP), Angle-of-Departure (AoD), Angle-of-
Arrival (AoA), or Time-of-Arrival (ToA) as inputs to estimate the user’s location. The
goal of this chapter is to offer a comprehensive understanding of MIMO localization
techniques, along with an overview of the challenges and opportunities associated
with them. Furthermore, it also aims to provide the theoretical background on chan-
nel models and wireless channel parameters required to understand the localization
techniques.

Keywords: localization techniques, positioning system, channel model, channel
parameters, machine learning

1. Introduction

The proliferation of smartphone devices has enabled the expansion of Location
Based Services (LBS) [1]. With the increasing popularity of LBS applications, there is
a growing demand for more accurate localization solutions. Wireless MIMO localiza-
tion is an alternative solution to the widely accepted Global Positioning System (GPS)
in environments where GPS falls short. Specifically, GPS faces a challenge in
maintaining accuracy and availability with urban canyons and indoor environments
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[2]. Wireless MIMO systems already exist in these environments for communication
purposes. Therefore, the existing wireless communication infrastructure can also be
leveraged to provide localization services without investing in additional equipment.
In fact, many LBS applications are enabled by wireless MIMO localization. While
compiling a comprehensive list of these applications would be difficult, the following
subsections provide an overview of some interesting LBS applications.

1.1 Applications

1.1.1 Emergency services

The purpose of emergency services is to identify a caller’s location and provide this
information to the emergency responders. Emergency service is the oldest LBS appli-
cation. The need to position mobile users was first advocated back in 1996 when the
Federal Communication Commission (FCC) announced its mandate to enhance
emergency services. During that time, the main motivation was mostly centered
around locating emergency calls [3]. Since then, both FCC Enhanced 911 (E911) and
3rd Generation Partnership Project (3GPP) requirements for localization accuracy
have become more stringent [4, 5].

1.1.2 Autonomous vehicles and urban air mobility

Precise positioning systems play a crucial role in autonomous vehicles and
Unmanned Aerial Systems (UASs) [6]. The purpose of these positioning systems is to
provide accurate estimations of the vehicle’s location and orientation relative to the
road and other vehicles (whether terrestrial or aerial). Moreover, the localization
systems facilitate tracking of other vehicles, pedestrians, and obstacles in the sur-
roundings. This information is utilized to plan safe and efficient routes, and to avoid
collisions. The wireless MIMO system can provide primary location estimation or a
backup in the event of GPS failure or loss of other proximity sensors [2]. Several
studies have explored using MIMO localization for vehicles [7–11] and UASs [12–14].

1.1.3 Field surveying and mapping

Field surveying and mapping has both civilian and military applications including
creating detailed topographical maps, measuring land boundaries, and collecting data
on natural resources. For example, in construction surveying, positioning and locali-
zation systems are used to ensure that buildings and infrastructures are positioned and
aligned correctly. In military applications, these systems can be used for reconnais-
sance of enemy territory and targeting of enemy or enemy assets. Simultaneous
Localization and Mapping (SLAM) is often employed in these types of applications.
SLAM is an active area of research and over the past few years, various surveys have
been published that summarize the state-of-the-art SLAM solutions [15–17].

1.1.4 Indoor tracking and localization

Indoor tracking and localization technology have numerous practical applications
across various industries. In healthcare, it can be used to track the location of medical
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equipment, staff and patients, ensuring efficient use of resources and timely delivery
of care [18]. In the retail industry, it can help to optimize store layouts and improve
the customer experience by providing personalized recommendations and targeted
advertising. In industrial settings, it can improve warehouse logistics and inventory
management by providing real-time tracking of goods and equipment [19]. Addition-
ally, indoor tracking and localization can be used to enhance the safety of buildings
and occupants by detecting and responding to emergencies, such as fires or security
breaches. The technology also has potential applications in the field of smart architec-
tures (smart homes [20], smart buildings [21], smart cities [22], and smart grids [23])
where it can be used to automate and optimize tasks and energy consumption.

1.1.5 Agriculture

Highly accurate localization systems have a wide range of applications in agricul-
ture, including precision farming, autonomous equipment, livestock tracking, and soil
mapping [24–28]. In precision farming, localization systems are used to collect data on
soil conditions, crop growth, weather patterns, and other factors, which can then be
analyzed to make informed decisions about crop management, including planting,
fertilization, irrigation, and harvesting. Moreover, the accurate localization systems
are also used to guide autonomous equipment to carry out tasks such as planting,
spraying, and harvesting with greater precision and efficiency.

1.1.6 Social networking

LBS-enabled social networking applications aim to connect people who are located
near each other and share similar interests. These applications use location data to
recommend nearby events, activities, or groups that users might be interested in, and
facilitate connections with others who are nearby. This approach offers benefits for
both individuals and businesses. Some popular LBS-enabled social networking appli-
cations include Meetup, Foursquare, Yelp, and Facebook Places.

2. Wireless MIMO system

2.1 Sub-6 GHz and mmWave massive MIMO systems

Fifth-Generation and Beyond (5G&B) mobile networks offer the potential for
significantly greater communication capacity and ultra high-speeds that exceed those
of previous generations by several orders of magnitude [29]. The large number of
antennas in massive MIMO allows for more precise control of the signals, leading to
increased capacity, better coverage, improved energy efficiency and reliability
[30, 31]. Specifically, massive MIMO antennas enable the generation of narrow and
highly directional signal beams. A beam can be steered towards a user to provide a
high-quality signal that is less susceptible to interference and fading.

Sub-6 GHz bands are typically between 1 and 6 GHz. This frequency range is
commonly used for wireless communication technologies such as cellular networks
(3G, 4G, and 5G), Wi-Fi, Bluetooth, and other wireless communication standards.
Sub-6 GHz systems are typically implemented using small-scale MIMO antennas.
Regarding the sub-6 GHz channel, several measurement campaigns have been carried
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out to characterize it [32–34]. The propagation that depends on path-loss and
shadowing results in large-scale fading, and multi-path propagation, results in
small-scale fading [35].

The massive increase in data traffic has made the sub-6 GHz spectrum congested.
This results in limited bandwidth for users, causing slower and unreliable connections
[36]. One solution to this problem is to move to a different frequency band such as
milimeter-Wave (mmWave) frequency channels. The channels are called mmWave
because their wavelength ranges between 1 mm and 10 mm, which is equivalent to a
frequency range between 30 GHz and 300 GHz. The mmWave channels can provide
significantly more bandwidth compared to sub-6 GHz, which will be required for next
generation wireless communication systems. Therefore, mmWave frequency has been
identified as a key technology-enabler in 5G&B [30, 35, 36]. However, there are some
disadvantages in mmWave communication such as severe signal attenuation and
blockage. The signals cannot penetrate obstacles and tend to get absorbed by rain
[37, 38].

In an experimental study, a comprehensive channel measurement campaign was
conducted in Europe in 2014–2016 in numerous indoor and outdoor scenarios. The
study showed that geometry of the main propagation paths at sub-6 GHz and
mmWave bands are almost similar [39]. However, the blockage at mmWave band
causes higher losses, rendering the path completely blocked. This experimental out-
come has motivated several recent studies to use sub-6 GHz channel information for
mmWave applications [40–42].

2.2 Single-site system model

In wireless communication, the Base Station (BS) and User Equipment (UE)
engage in point-to-point communication as shown in Figure 1. The BS may function

Figure 1.
Single-site wireless MIMO channel model showing LOS and NLOS propagation paths between BS and UE.
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as an Access Point (AP) or as another device in device-to-device communication.
Typically, the BS has multiple antenna array elements while the UE may have one or
more antenna elements. A general assumption is that the BS and UE are located in the
far-field zones of each other, and multiple propagation paths exist between them.
Multipaths arise from either reflection off objects or scattering [43]. Typically, there is
a Line-of-Sight (LOS) path and several Non-LOS (NLOS) paths. The LOS path can be
blocked, in which case only NLOS paths may exist.

Regardless of which side transmits the signal, the propagation path geometry
between the BS and UE remains the same. Each path is characterized by an Angle-of-
Departure (AoD), an Angle-of-Arrival (AoA), a Time-of-Arrival (ToA), and a com-
plex gain. Since the signal geometry is invariant, it is possible to use AoA and AoD
interchangeably. The AoD and AoA are vectors that define the azimuth and elevation
angles in 3D space, while ToA represents the time it takes for the propagating signal to
travel from the transmitter to the receiver. The ToA is sometimes referred to as the
propagation path delay. ToA is equal to the length of the path traveled (d) divided by
the speed of light (c):

τ ¼ d=c: (1)

The 2D multipath propagation geometry is illustrated in Figure 2. In the LOS case,
the shortest distance between the BS and UE represents the path traveled by the LOS
signal. Furthermore, Figure 2(a) shows the AoD from the BS θ t

LOS and AoA at the UE
θ r
LOS. On the other hand, the NLOS propagation path can be modeled using a virtual BS

(BS’) [43] as depicted in Figure 2(b). A NLOS path can be thought of as direct path
from a virtual node behind the reflecting surface. The virtual BS is on the opposite side
of the reflecting surface, maintaining the same distance from it as the original BS,
resulting in dNLOS1 ¼ d0NLOS1. The total path traveled by the NLOS signal is
dNLOS ¼ dNLOS1 þ dNLOS2. Furthermore, the AoD from the virtual BS can be calculated
as π � θ t

NLOS, where θ t
NLOS is the AoD at the original BS.

2.3 Channel model

The wireless communication community has widely adopted the COST 2100
MIMO channel model [44] as the predominant geometric channel model. This model

Figure 2.
(a) LOS propagation path geometry for estimating relative location of the UE with respect to the BS. (b) NLOS
propagation path and virtual BS (BS’) geometry for estimating relative location of the UE with respect to the BS.
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expresses that a propagation environment can be defined by a set of scatterers that
create clusters of multipath components. The model is applicable for both sub-6 GHz
and mmWave band frequencies.

Consider a MIMO Orthogonal Frequency-Division Multiplexing (OFDM) wireless
system, in which the BS and the UE are equipped with antenna arrays withNB andNU

elements, respectively. The system uses OFDM signaling with NC subcarriers and the
wideband channel has L taps. The received signal at the lth subcarrier of the UE
antenna array can be expressed as

y l½ � ¼ H l½ � s l½ � þ n l½ �: (2)

Here, y l½ �∈
NU�1 denotes the received signal, H l½ �∈

NU�NB represents the chan-
nel matrix, s l½ �∈

NB�1 represents the transmitted signal, and n l½ � � N 0, , σ2Ið Þ
denotes the noise at the receiver.

The propagation paths between the BS and the UE can be split into C distinguishable
path clusters, with each cluster containing RC distinguishable paths. Each path cluster is

characterized by a mean time delay τ
kð Þ
m , k∈ 1, … ,C,m∈ 1, … ,RC, a mean AoD

θ tx
c ,ϕ tx

c ∈ 0, π½ Þ, and a mean AoA θ rx
c ,ϕ rx

c ∈ 0, 2π½ Þ. Each cluster contributes RC paths
between the transmitter and the receiver, where each path has a relative time delay τcm
(relative with respect to mean), a relative AOD θ tx

cm
,ϕtx

cm
, a relative AOA θ rx

cm
,ϕ rx

cm
, and a

complex path gain αcm . The mean and relative paths are illustrated in Figure 3.

2.4 Channel state information (CSI)

Assuming the channel model defined above, the complex baseband delay-ℓMIMO
channel matrix H ℓ½ �∈

NU�NB can be written as [45, 46]

Figure 3.
The mean and relative paths of a NLOS path.
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H ℓ½ � ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi

NBNU

Ppl

s

X

C

c¼1

X

RC

cm¼1

αcmerx θ rx
c þ θrxcm ,ϕ

rx
c þ ϕrx

cm

� �

eHtx θ tx
c þ θ tx

cm
,ϕtx

c þ ϕtx
cm

� �

δ ℓTs � ncmTsð Þ,

(3)

where ℓ ¼ 0, 1, … ,L� 1: Furthermore, Ppl indicates the pathloss between the
transmitter and the receiver, while etx θ,ϕð Þ∈

NB�1 and erx θ,ϕð Þ∈
NU�1 denote the

antenna array response vectors of the transmitter and the receiver, respectively. δ tð Þ is
the Dirac function, Ts is the signaling time, and ncm ¼ ⌊

τcþτcm
Ts

⌋.
The channel matrix at subcarrier k, denoted as H k½ �, can be written as

H k½ � ¼
PL�1

ℓ¼0H ℓ½ �e�j2πkNC
ℓ. The overall Channel Frequency Response (CFR) matrix,

denoted as H, can be expressed as H ¼ H 0½ �,H 1½ �, … ,H NC � 1½ �½ �, where Nc is the
number of subcarriers. This matrix is also known as the Channel State Information
(CSI) and its estimation is referred to as the channel estimation problem.

The direct measurement of CSI is possible using MIMO-OFDM systems with fully
digital beamforming which is available at sub-6 GHz bands. However, in the
mmWave band, only analog beamforming is available, making direct CSI measure-
ment not feasible. Instead, estimation techniques are used to obtain the CSI indirectly
[47]. Channel estimation in mmWave massive MIMO channel is under extensive
research and several CSI estimation methods have been proposed to this end [48–50].
Accurate estimation of these parameters is crucial for effective localization.

2.5 Angle-delay-profile (ADP)

Assuming a single antenna at the UE and a uniform linear array antenna at the BS,
the ADP is a linear transformation of the CSI computed by multiplying it with two
Discrete Fourier Transform (DFT) matrices V ∈

NB�NB and F∈
NC�NC . The ADP

matrix G∈
NB�NC is defined as follows [51]

G ¼ VH
HF, (4)

where V ∈
NB�NB is defined as

V½ �i,k ¼
Δ 1

ffiffiffiffiffiffiffi

NB

p e
�j2π

i k�NB
2ð Þð Þ

NB , (5)

and F∈
NC�NC as

F½ �i,k ¼
Δ 1

ffiffiffiffiffiffiffi

NC

p e
�j2π ik

NC , (6)

where i ¼ 0, … ,NC � 1 and k ¼ 0, … ,NB � 1.
This transformation has proven to be quite useful for various localization applica-

tions. Figure 4 illustrates an example of the magnitude of the raw CSI ∣H∣ and its ADP
transformation ∣G∣. The transformation converts the data into a sparse representation
which has shown to improve the performance and generalizability of data-driven
models [52]. Furthermore, in the visual representation of the raw CSI data, the scat-
tering characteristics of the multipaths are ambiguous [53]. In contrast, the ADP
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provides semantic visual interpretation of the channel multipath, where G½ �i,k denotes
the power of path associated with the angle

θk ¼ arccos
2k�NB

NB

� �

, (7)

and delay

τi ¼ iTs: (8)

The semantic visual interpretation means that the path clusters can easily be
identified visually in the ADP. Referring to Figure 4(b), the strongest peak in the
ADP is the LOS path cluster and the remaining peaks are NLOS path clusters. This
information is not visually observable in the raw CSI in Figure 4(a).

2.6 Received signal strength indicator (RSSI)

The RSSI is a metric used in wireless communication systems that measures the
strength of a received signal. RSSI parameters are typically used in distributed (or cell
free) MIMO localization systems. Cell-free MIMO uses a large number of distributed
antennas and MIMO techniques to improve coverage, capacity, and reliability com-
pared to single-site MIMO system shown in Figure 1. Specifically, it aims to improve
the performance of single-site MIMO systems by dynamically assigning antennas to
users based on their location and available resources.

An example of a distributed MIMO system is illustrated in Figure 5. In this example,
there are multiple BSs distributed in the environment. The RSSI is measured for each BS
to create a RSSI vector p ¼ p1, p2, … , pM

� �

, whereM represents the number of BSs and
pi is the RSSI from the ith BS. The RSSI vector should be unique for every location in the
environment. To ensure the uniqueness of the RSSI vector, multiple BSs are necessary.

2.7 Channel parameters summary

The common channel parameters discussed above are summarized in Table 1.
These parameters can be used individually or in combination to estimate the location

Figure 4.
(a) Raw CSI data of a OFDM-MIMO system with 30 sub-carriers. The BS is equipped with a uniform linear
array antenna with 30 antenna elements, and UE with single antenna. (b) the ADP transformation of the CSI in
(a) with LOS and NLOS path clusters labeled.
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of a UE. For instance, to define a propagation path, AoD or AoA is often used in
conjunction with ToA.

3. Localization techniques

Localization is an extensive area of research in wireless MIMO communication and
several different approaches have been proposed to solve this problem. This section
provides an overview of the common localization techniques in sub-6 GHz and
mmWave MIMO systems.

3.1 Map-assisted localization

Map-assisted localization techniques leverage 2D or 3D environment maps along
with channel parameters to determine the location of UEs. The map provides infor-
mation about the scattering surfaces and other obstacles in the environment. Then, by
utilizing the AoD and delay of the signal path, multiple beam paths can be traced from
the BS to the UE. This is illustrated in Figure 6. The paths are traced using the
geometry defined in Figure 2. The point where these paths intersect is the UE’s

Figure 5.
Illustration of a distributed MIMO system with four BSs and one UE.

Parameter Description Notation

AoD Angle-of-departure θ tð Þ,ϕ tð Þ� �

AoA Angle-of-arrival θ rð Þ,ϕ rð Þ� �

ToA Time-of-arrival (delay) τ

CSI Channel state information H

ADP Angle delay profile G

RSSI Received signal strength indicator p

Table 1.
List of MIMO channel parameters utilized in localization techniques.
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location. The minimum requirement to localize the UE is the AoD of two different
paths. Alternatively, the UE can be localized if the angle and delay of a single path are
known. The delay is used to estimate the length of the path by solving for d in (1).
However, more precise localization is achieved by utilizing multiple paths and incor-
porating both angle and delay information. Furthermore, since the communication is
bi-directional, either AoD or AoA can be used to estimate the UE’s location.

When analog beamforming is available, which is typically at lower frequency
bands (i.e. sub-6 GHz), the angle and delay can be directly measured. However, the
mmWave bands digital beam forming is still prevalent, which does not enable mea-
suring angle and delay directly. Therefore, angle and delay parameters have to be
estimated. One approach to this problem is to estimate CSI and convert it to ADP.
Then, the angle and delay can be estimated using (7) and (8), respectively.

3.2 Localization using compressive sensing techniques

Compressive Sensing (CS), also known as compressed sensing or sparse sampling, is
a signal processing technique that allows for the reconstruction of a sparse signal from
a small number of measurements or samples. CS has found its way in many applica-
tions [54, 55]. Sparsity is the property of a signal or data representation whereby a
small number of coefficients or elements carry most of the signal’s energy or infor-
mation content, while the majority of coefficients or elements are zero or close to zero
[56]. In fact, many real-world signals are sparse or compressible in either their original
domain or some transform domain, such as Fourier or wavelet transforms [57].
An example is shown in Figure 4, where the raw CSI data is transformed into ADP
to create a sparse representation. As may be observed in the ADP, the multipath
components are concentrated into only a few clusters creating a sparse representation.

CS techniques have found many applications in wireless MIMO communication by
exploiting the sparsity of channel model parameters [57, 58]. These applications
include channel estimation, spectrum sensing, and localization. Channel estimation
provides information on the AoA/AoD and ToA of the paths and thus the relative
location of the UE with respect to the BS can be estimated.

In mmWave MIMO communication, channel estimation and localization are typi-
cally combined. The idea behind sparse channel estimation is that the system can
make only a few random measurements which are then used to reconstruct channel
model parameters using CS techniques. A commonly used CS technique in mmWave

Figure 6.
Map-assisted localization using propagation path tracing. The figure illustrates the LOS path and three NLOS
paths between the BS and UE. The intersection of these four paths represents the UE’s location.
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MIMO channel estimation is Distributed Compressive Sensing - Simultaneous
Orthogonal Matching Pursuit (DCS-SOMP). DCS-SOMP is typically used to estimate
AoA/AoD and ToA [59–61]. Once the angle and delay channel parameters are recov-
ered, the relative UE location can be estimated from the LOS path directly as shown in
Figure 2(a). When LOS is not available, the location can be estimated from the NLOS
path by applying the virtual BS concept as shown in Figure 2(b).

3.3 Fingerprinting-based localization

Fingerprinting is a data-driven localization technique that typically consists of two
phases: offline phase and online phase. During the offline phase, the locations in the
environment are mapped to a unique wireless measurement to create geo-tagged
fingerprint database [62]. The unique wireless measurements are referred to as fin-
gerprints. The measurements can be any wireless parameter such as RSSI, CSI/ADP,
AoA/AoD or ToA. Then, during the online phase, the new measurement (fingerprint)
is compared to the geo-tagged database to estimate the UE’s location. The underlying
principle behind fingerprinting is that the wireless channel between the UE and BS is
uniquely determined by the scattering environment surrounding the UE’s location
[63]. Therefore, each location has a unique fingerprint. Matching a new wireless
measurement to the measurements in the geo-tagged dataset typically involves a
machine learning model. The training is performed during the offline phase. The most
common fingerprinting models are based on Deep Learning (DL), Gaussian Progress
Regression (GPR), or clustering and classification models.

RSSI-based fingerprinting is commonly used in wireless systems that have rich AP
distributions such as Wireless Sensor Networks (WSNs) [64–66], Wi-Fi networks
[67, 68], or Distributed Massive MIMO (DM-MIMO) systems [69, 70]. Since the RSSI
provides a single measurement from the BS or AP, multiple APs are required to
generate a unique fingerprint. On the other hand, single-site localization takes advan-
tage of the multipath characteristics of the MIMO channel which are captured in CSI
data or the angle and delay parameters that define the multipath. Furthermore, the
CSI fingerprint can be used in its original form or it can be transformed into ADP.

3.3.1 Application of deep learning techniques

Deep Learning Neural Networks (DL NNs) require a large training dataset that
covers the entire environment. The input to the NN is the wireless measurement and
the output is the UE location. Several different NN architectures have been proposed
in fingerprinting-based localization, including Multiple-Layer Perception (MLP)
networks, [71, 72], Convolutional Neural Networks (CNNs), [51, 63, 73–75] and
Recurrent Neural Networks (RNNs) [53].

Thus far, CNN models have demonstrated the highest localization accuracy per-
formance. The CNN model treats the input fingerprint as a 2D image and performs
series of convolutions over multiple layers to establish the spatial correlation in the 2D
input. Typically, raw CSI or transformed ADP fingerprints are used for this applica-
tion. The sparsity of ADP enhances the CNN model both from a computational
complexity and a learning point-of-view [76]. RNNmodels are time series models that
can track the changes of the input over time to predict the next UE location. RNN
models can predict changes in the environment and account for these changes in the
location estimation. RNNmodels are also used to predict the future location of the UE.

11

Localization Techniques in Multiple-Input Multiple-Output Communication: Fundamental…
DOI: http://dx.doi.org/10.5772/intechopen.112037



These networks can either be postulated as classification or regression models. In the
classification models, the environment is usually divided into grids where each grid
represents a class. If the area is larger, it is not uncommon to have multiple levels of
classification, where each grid may be subdivided into smaller grids as shown in
Figure 7. In general, the first level employs a CNN classification model (coarse search),
whereas the second level utilizes a different machine learning algorithm to perform a
fine search. In addition to increasing the complexity of the model, the multi-layer
approach is more susceptible to errors. If at the first stage, the grid is classified incor-
rectly, then the error propagates into the second stage. Furthermore, the accuracy of the
classification model is limited to the size of the grid. On the other hand, the goal of
regression is to find a function or equation that best describes the relationship between
the input and output variables. Therefore, regression models predict a continuous
output variable and the accuracy is not limited to the grid as in classification.

3.3.2 Application of Gaussian process regression models

A Gaussian Process (GP) is a collection of random variable functions indexed by
time or space. The key property of a GP is that any finite subset of the random
variables is jointly Gaussian distributed. That is, for any finite set of vector elements
x1, … ,xn ∈X , the associated set of random variables f x1ð Þ, … , f xnð Þ follow a joint
Gaussian distribution. The following notation is commonly used in literature to rep-
resent the GP

f xð Þ � GP m xð Þ, k x,x0ð Þð Þ, (9)

where the mean and covariance functions are defined as

m xð Þ ¼  f xð Þ½ �, (10)

k x,x0ð Þ ¼  f xð Þ �m xð Þð Þ f x0ð Þ �m x0ð Þð �½ (11)

for any x,x0 ∈X [77]. Therefore, the GP is entirely defined by its mean and
covariance functions [78].

A Gaussian Process Regression (GPR) model is a non-parametric statistical model
that uses a GP to model a continuous function and provides a probabilistic prediction

with uncertainty estimates [79]. To define the GPR model, assume Dtrain ¼Δ X,y
� �

¼Δ

xi, yi
	 
n

i¼1,xi ∈ℝ
d, yi ∈ℝ to be an input–output pair training dataset. Furthermore,

Figure 7.
Fingerprinting based multi-level classification grid of the environment map.

12

MIMO Communications – Fundamental Theory, Propagation Channels, and Antenna Systems



assume that a latent function f �ð Þ is responsible for generating the observed output yi
given the input vector xi. Then, GPR model can be defined as

yi ¼ f xið Þ þ ϵi, (12)

where f xð Þ � GP m xð Þ, k x,x0ð Þð Þ, ϵ �N 0, σ2Ið Þ is the noise of the system that has
an independent, identically distributed (i.i.d.) Gaussian distribution with zero mean
and variance σ2, and i refers to the ith observation.

GPRmodels often assume zero mean as default. The correlation between input points
is defined by the covariance function (also known as the kernel). There is a variety of
kernels, including exponential, matern, quadratic, and more, each with hyper-
parameters that can be fine-tuned during training [80]. Given a new testing sample x∗ ,
the mean and variance (uncertainty) of the unknown output y

∗
are predicted as

y
∗
¼ KT

∗
K þ σ2nI
� ��1

y, (13)

 y
∗

� �

¼ K∗ ∗ � KT
∗

K þ σ2nI
� ��1

K∗ , (14)

where K ¼ K X,Xð Þ,K∗ ¼ K X,X∗ð Þ, and K∗ ∗ ¼ K X∗ ,X∗ð Þ [81]. K is the
covariance matrix (also known as Gram matrix) whose entries are the kernel
functions k xi,xj

� �

[79].
In localization, the objective of the GPR model is to define the latent function f �ð Þ in

(12), where xi is the channel parameter (fingerprint) and yi is the UE location. Given a
new fingerprint x ∗ , the UE location is predicted using (13), while the level of uncertainty
in the prediction is estimated by (14). The fingerprint in distributed MIMO systems is
usually the RSSI vector as proposed in [69, 70, 82]. On the other hand, the input in single-
site MIMO systems can be AoA/AoD vector, CSI or ADP data as proposed in [83, 84].

The main advantage of GPR models over DL CNN models is that they can be
trained on substantially smaller datasets. GPR models have shown the ability to train
models with small-scale datasets due to the small number of hyper-parameters that
define the model [84]. However, the GPR model does have its drawbacks. The main
weakness of the GPR model lies in its training complexity, which is characterized by
high computational and memory demands. Specifically, GPR training has a computa-
tional complexity of O n3ð Þ and a memory complexity of O n2ð Þ, where n represents the
number of training points in the dataset [85].

3.3.3 Clustering and classification

Clustering is a class machine learning algorithms used to group similar objects or
data points together into clusters. The groupings are based on some similarity or
distance measures. The goal of clustering is to identify patterns or structures in the data
that may not be immediately apparent, and to group similar data points into clusters
that can be easily analyzed or visualized. In localization, clustering techniques can be
used to compare the test fingerprints to the fingerprints in the training database. K-
means clustering and K-Nearest Neighbor (KNN) classification have widely been used
in fingerprinting-based wireless localization and have shown to provide excellent
accuracy given enough data point [86, 87]. The KNN location estimation is given by

p̂ ¼ 1
K

X

K

i¼1

pi, (15)

13

Localization Techniques in Multiple-Input Multiple-Output Communication: Fundamental…
DOI: http://dx.doi.org/10.5772/intechopen.112037



where K is the number of surrounding neighbors considered and pi is the coordi-
nate of the ith nearest reference point. Weighted KNN (WKNN) is an extension of
KNN where the contribution of each neighbor is weighted. The WKNN is defined as

p̂ ¼
X

K

i¼1

wipi, (16)

where wi is the weight of the ith reference point. Typically, the weight corresponds
to the distance between the reference point and the input point. The closer the
neighbor is to the input point, the more weight it carries in the final prediction. The
weights can also be defined by some similarity criteria calculated between the input
and the reference fingerprint. Various similarity criteria have been established in
wireless MIMO communication, such as normalized correlation [53, 86, 88], Joint
Angle Delay Similarity Coefficient (JADSC) [63], Angular Similarity Coefficient
Weight (ASCW) [89], and Weighted Mean Square Error (WMSE) [90].

3.4 Summary of methods

Table 2 provides a summary of the methods proposed in recent years that apply
the localization techniques discussed in the previous subsection. The techniques are
also grouped by the type of communication parameter used with the associated
technique.

4. Challenges and opportunities

While MIMO systems offer many potential communication performance
improvements and enable highly accurate localization models, several challenges still

Technique Parameters Methods

Map-Assisted CSI/ADP MAP-CSI [88]

AoA and ToA MAP-AT [91, 92]

CS AoA/AoD DC-SOMP [59–61]

Fingerprinting DL CSI/ADP MLP [71, 72, 93, 94], CNN [51, 73–75, 95], RNN [53]

AoA MLP [71]

AoA and ToA MLP [71]

RSSI MLP [71]

Fingerprinting GPR CSI/ADP GPR [83], FC-AE-GPR [84], DCGPR [96]

RSSI DM-MIMO [69, 70, 82, 97]

Fingerprinting clustering CSI/ADP KNN [51, 63, 86, 87, 93, 98]

AoA WMSE [90], ASCW [89]

RSSI KNN [99]

Table 2.
Methods in MIMO localization, categorized according to the localization technique employed and the parameters
utilized.
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need to be addressed. This section aims to introduce some of the main challenges in
MIMO localization.

4.1 Dynamic environments

The majority of the models presented above assume a static environment, where the
objects within the environment of interest are not moving or changing. In real world
scenarios, we observe dynamic environments where objects are constantly moving
through the environment changing the scattering in the environment quickly and
thoroughly [53]. The static environment can be altered by any of the following
dynamic changes:

• LOS blockage: a new object blocks the LOS path between the UE and the BS.

• NLOS blockage: a new object blocks some NLOS paths between the UE and the
BS.

• NLOS addition: scattering from surfaces of a new object adds some NLOS paths
between the UE and the BS.

Some efforts have been undertaken to mitigate the impact of dynamic changes. For
example, through the analysis of the time sequence of fingerprints, it becomes possi-
ble to identify the moment when a dynamic change anomaly occurred. Models can
then be developed to identify and remove the effect of the dynamic change anomaly
from the fingerprint sample. However, countering the effects of the dynamic
environment still poses a challenge in many proposed approaches.

4.2 Dataset collection

Data-driven localization techniques, specifically DL techniques, thus far have
shown the best performance when it comes to accuracy. However, there is a major
challenge with real world deployment of these models. In particular, data-driven
methods necessitate extensive datasets for training the models, which are obtained
through costly measurement campaigns that can be difficult to perform. Furthermore,
as the environment changes, the dataset becomes invalid and a new measurement
campaign needs to be deployed.

4.3 Generalization

Generalization in massive MIMO refers to the ability of a system to maintain good
performance in a wide range of scenarios, including different channel conditions and
new environments. This is important for practical deployment of massive MIMO
systems, as it ensures that the system will work well in real-world environments
where the conditions may vary.

Transfer Learning (TL) has been suggested as a potential approach to improve
generalization in machine learning [73]. This technique involves reusing a pre-trained
model to enhance the learning and generalization of a new model. In TL, the pre-
trained model is fine-tuned to the new environment using a small dataset representa-
tive of that environment. The goal is to leverage the knowledge gained from the prior
environment to enhance the learning and generalization of the new environment.
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Some studies have been exploring TL techniques to adapt their models to new envi-
ronments [73, 100, 101]. However, TL does not solve the problem completely as it still
requires some data collection in new environments. Generalization remains an open
area of research in DL-based localization.

4.4 Adversarial attacks

An adversarial attack is a type of cyber-attack where an attacker modifies data to
deceive or harm a machine learning system, causing it to produce incorrect or unex-
pected results. DL techniques are vulnerable to such attacks, and intentional CSI
perturbations can significantly impact the accuracy of fingerprinting-based localiza-
tion. While few studies have addressed adversarial attacks and defenses in the context
of MIMO systems [102], it remains an open area of research.

5. Conclusions

This chapter offers a comprehensive overview of the localization techniques pro-
posed in wireless MIMO communication systems in sub-6 GHz and mmWave fre-
quency bands. Initially, the need for highly accurate positioning systems is introduced
along with some applications in LBS. Subsequently, the wireless communication
parameters that define the propagation within the MIMO channel model are intro-
duced. This is followed by a discussion on several localization techniques in MIMO
systems including map-assisted, CS based, and fingerprinting models. This chapter
explains how each localization technique uses wireless communication parameters to
localize the UE. Finally, the last section outlines the remaining challenges and possible
opportunities for improvement on MIMO localization.
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