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Preface

This thesis aims to realize high throughput vehicular communications by coopera-
tion techniques. The development of electrification, artificial intelligence (AI), and
diverse sensors have made vehicles highly automated to realize efficient and com-
fortable transportation, data collection of traffic and road conditions, unmanned
construction and disaster relief, and other diverse services. Vehicular communica-
tion technologies play an important role in such systems because it is essential for
vehicles to communicate with and access the Internet to share and collect data to
recognize wide areas. This data sharing requires high-throughput communications
and efficient resource sharing because the enormous data gathered by sensors are
transmitted by many vehicles. This thesis focuses on cooperation techniques for
high-throughput vehicular communications: cooperative multiple-input multiple-
output (MIMO) with limited CSI and millimeter wave (mmWave) relay expansion.
As an application of high-throughput vehicular communications, cooperative per-
ception is introduced, and a scheduling technique of concurrent transmission is
also proposed.

The first topic focuses on cooperative MIMO for vehicular communications.
Although the channel capacity of cooperative MIMO increases with the number
of cooperative transmitters and receivers, the feedback amount of the channel
state information (CSI), which is required to overcome inter-receiver interference,
also increases. To reduce the CSI feedback, this thesis proposes a precoding
method with limited CSI at transmitters (CSIT) and an iterative MIMO detector,
which can detect signals even if the signals interfere with each other. Transmitters
with the proposed precoding method require CSIT that is related to only a single
receiver. This method reduces the amount of CSI feedback drastically compared
with conventional precoding methods. A novel receiver with semi-hard-input and
soft-output (SHISO) iterative detecting is also proposed to detect MIMO signals
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including interfered signals, which cannot be removed by the proposed precoding.
The proposed receiver improves the bit error rate (BER) performance by iteration
between MIMO detection and Turbo decoding, which updates the log likelihood
ratio of transmitted signals.

The second topic focuses on coverage expansion in mmWave multihop net-
works. It is expected that mmWave communications enable high-throughput
vehicular communications. One of the challenges of mmWave communications
is lengthening the communication range, because mmWave signals are strongly
attenuated by oxygen absorption and severe blockage effects. In order to over-
come these problems, this thesis proposes multihop relaying with a reinforcement-
learning (RL)-based vehicle position control, which expands the communication
range by lengthening mmWave relays. With these long relays, vehicles can access
the Internet, even if they are out of coverage of road side units (RSUs). With
this position-control system, fewer mmWave RSUs are required because multihop
relaying enlarges the coverage. The proposed method can be realized by cooper-
ating with connected and autonomous vehicles (CAVs). RL is a machine learning
algorithm with which vehicles can obtain decision-making strategies through ex-
perience. Vehicles with the obtained strategy can change their relative positions
intelligently to form long mmWave relays. Although each vehicle determines its
movement using only the information of its surroundings, the resulting vehicular
relay is cooperatively expanded.

The third topic is cooperative perception at intersections. Communication and
cooperation between vehicles are important in intersections with poor visibility.
One technology that enhances traffic safety is cooperative perception, with which
vehicles share their perceptual sensor data (e.g., camera, radar, and light detec-
tion and ranging (LiDAR)) and recognize surroundings including blind spots by
using the collected data. In order to meet the demand of sharing large amount
of high-resolution data, mmWave communications can be utilized. This thesis
proposes a concurrent mmWave data sharing with high spatial reuse efficiency.
Vehicles cooperatively transfer their sensor data to the surrounding vehicles at an
intersection, considering mmWave radio interferences, and send data concurrently
if their signals are not interfered.

The chapters of this thesis are as follows. Chapter 1 explains the motivation and
background and Chapter 2 introduces related technologies to this work. Chapter 3
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proposes a precoding method and an iterative receiver for cooperative MIMO with
reduced CSI feedback. Chapter 4 proposes a RL-based vehicle position control for
mmWave relay expansion. Chapter 5 proposes a mmWave concurrent transmission
scheduling for cooperative perceptions. Finally, Chapter 6 concludes this thesis.
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Chapter 1

Introduction

1.1 Motivation

Connected and autonomous vehicles (CAVs) not only achieve safe and efficient
transportation but also have the potential to provide diverse intelligent services,
such as real-time detailed maps, vehicular cloud computing, cooperative percep-
tion, and infotainment [1–3]. Many sensors implemented on vehicles help the
vehicles perceive and recognize their surrounding environments, such as their
positions, objects, and pedestrians around them, as well as traffic signals and in-
formation. Vehicular communications enable vehicles to collect information over
a wider area, and artificial intelligence (AI)-assisted driving systems leverage the
collected data to drive efficiently and safely. Vehicles connected to the Internet
not only download data, but also upload their sensor data, which can be a part of
big data. The uploaded vehicular big data are used to diagnose road conditions,
analyze traffic flows, and enhance the transportation system.

Two well-known protocols are standardized for vehicular communications.
One is dedicated short range communications (DSRC) [4, 5], which is based on
IEEE wireless local area networks (WLAN) protocols, and the other is cellular
vehicle-to-everything (C-V2X) standardized in the third generation partnership
project (3GPP) Release 14 [6]. These protocols, however, cannot provide a suf-
ficient data rate for upcoming applications using high-resolution perception data,
because they assume small data, such as positions and velocities. In addition, con-
sidering that the number of sensors implemented on vehicles is increasing, more
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efficient communication protocols with higher throughput should be developed. In
order to realize these future requirements of vehicular communications, coopera-
tive methods play an important role: data dissemination and relaying to overcome
radio attenuation and resource sharing and interference management for effective
communications. Moreover, network designs for some cooperative applications
should be studied to demonstrate what vehicular communications can achieve.
This thesis proposes cooperative V2X communications from the perspective of
applications and communication techniques.

1.2 Background

1.2.1 Applications with Connected Vehicles

One of the most important roles of vehicular communication is the realization of
much safer driving. Vehicles can avoid traffic accidents by sharing information
of their positions, velocities, and other recognized objects (e.g., pedestrians and
parked vehicles in blind spots) with each other [7]. Such information can also
be used to enhance traffic efficiency. In addition, the control of traffic flows,
navigation, and many other services using the vehicle probe data have been studied
for a long time.

Another demand of vehicular communication is support for self-driving vehi-
cles. Platooning is an energy efficient self-driving technique with which several
vehicles are coordinated into a platoon that follows a leading vehicle within a very
close inter-vehicle distance [8, 9]. Coordination techniques can be efficient for in-
tersection management and lane changing in autonomous vehicles, as well [10–12].

Sharing sensor data with surrounding vehicles is called cooperative perception
[13]. Autonomous vehicles have many sensors, such as camera, radar, and light
detection and ranging (LiDAR) to perceive their surroundings. If a vehicle receives
sensor data obtained by other vehicles, it can perceive not only its surroundings,
but also the areas around the vehicles that sent the sensor dat; thus, vehicles can
recognize other vehicles, pedestrians, and traffic signs in blind spots. For example,
see-through systems provide following vehicles with front views of the platoon
leader, and bird’s-eye-view systems generate top views of surrounding areas by
aggregating the perceptual data of multiple vehicles [14, 15]. Such techniques
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enable vehicles to perceive wide areas accurately, and thus improve traffic safety.
Although sharing raw sensor data requires much greater communication capacity
than sharing only processed data, such as the positions of recognized objects,
sharing raw data has advantages of accurate and detailed recognition.

[2] introduces the concept of vehicular cloud, which provides connected
vehicles with computing resources and enables diverse services from routing to
content searching, spectrum sharing, dissemination, attack protection, etc. Sensor
data collected by vehicles can be also provided by the vehicular cloud and are
utilized to analyze vehicular mobility and diagnose road conditions.

Many more applications that require high-capacity communication are listed
in [13], e.g., map download, live perceptual data broadcast, sending data for cloud
processing, media downloading, and video streaming. Some of the applications
mentioned above require high-throughput communication because the shared data
size is very large and many vehicles cooperate. Therefore, high-throughput vehic-
ular communication techniques should be developed.

1.2.2 Vehicular Communication Techniques and Open Issues

Vehicular communication has been developed for traffic safety and efficiency. IEEE
802.11p [4,5], also known as DSRC, is an amendment to the IEEE 802.11 standard
to add wireless access in vehicular environments (WAVE). IEEE 802.11p uses the
5.9-GHz band and provides a maximum data rate of 27 Mbit/s to support intelligent
transportation system (ITS) applications. In contrast to DSRC based on WLAN
protocols, another vehicular communication protocol is standardized in 3GPP
Release 14, referred to as C-V2X, long-term-evolution (LTE)-V, or LTE-V2X [6].
This standard provides reliable vehicle-to-vehicle (V2V) communications based
on LTE sidelink, which was originally standardized as device-to-device (D2D)
communication in Release 12. However, these protocols cannot provide sufficient
throughput for the upcoming vehicular communication demand. Cooperative
perception requires 50–100 Mbit/s per vehicle, and the required total throughput
increases with the number of vehicles [13, 16], which exceeds the maximum data
rate of DSRC. Therefore, higher-throughput vehicular communications should be
developed, such as using cooperative multiple-input multiple-output (MIMO) and
millimeter-wave (mmWave) communications.
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Cooperative MIMO

Cooperative MIMO (also known as virtual MIMO or distributed MIMO) can be
applied to vehicular communications [17,18]. Cooperative MIMO, which increase
the total number of antennas in MIMO systems by treating a group of multiple
nodes as a single node with many antennas, achieves higher system throughput
than single-user MIMO (SU-MIMO) because the channel capacity of the MIMO
system increases with the number of antennas [19].

However, cooperative MIMO requires much amount of channel state informa-
tion (CSI) feedback from receivers to transmitters. In the downlink of cooperative
MIMO systems, road side units (RSUs) (i.e., transmitters) precode the signals
using CSI to avoid interference. However, CSI can be basically estimated at ve-
hicles (i.e., receivers), and thus, vehicles should feed CSI back to transmitters.
The amount of feedback CSI increases rapidly with the number of RSUs when the
RSUs require the CSI of whole systems. Therefore, it is very important to reduce
the amount of feedback CSI [20].

mmWave Communications

In order to expand bandwidth, mmWave are considered to be a candidate of
high-throughput vehicular communications [13, 16, 21, 22]. The IEEE 802.11ad
standard uses the unlicensed 60-GHz band. The 28-GHz band is allocated to the
fifth generation (5G) mobile communication systems and spectra around 38 GHz
and 73 GHz are under consideration. Sub-6-GHz assisted mmWave vehicular
communications are also studied in [16].

Although mmWave communications can achieve high-throughput data trans-
mission, their communication ranges tend to be shorter than microwave commu-
nications because of their large path losses. This shortens the communication
coverage of RSUs. For microwave vehicular communications, multihop relaying
has been studied to extend the coverage of RSUs [23–25]. Multihop relaying is
significantly more important for mmWave communications because of their short
communication range. However, mmWave relaying presents a major challenge in
the form of its disconnection problem. In mmWave V2V relaying, the line-of-
sight (LOS) path is easily blocked by other vehicles, particularly those without
the capability of mmWave relaying. Therefore, mmWave V2V relay networks can
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be disconnected and fragmented frequently because mmWave signals are severely
attenuated by blockages. The disconnection induced by the blockage is critical,
particularly in the early diffusion phase of mmWave-available vehicles, where not
all vehicles have mmWave communication devices. In such situations, mmWave
relays are fragmented and long relays cannot be established, which decreases the
efficiency of RSU coverage extensions based on relaying. Hence, relay-expansion
techniques should be developed considering blockage effects.

Cooperative Perception with mmWave Communications

One of the most important traffic safety applications facilitated by mmWave com-
munications is cooperative perception. Cooperative perception is particularly
important at intersections with poor visibility to avoid car crashes. By sharing
information regarding their surroundings, the region that autonomous vehicles can
perceive is enlarged based on the shared information. Computer-vision systems
enable vehicles to recognize other vehicles, pedestrians, and traffic signs, even if
they cannot be seen directly because buildings or other obstacles block the LOS.
To cover the entire area surrounding an intersection, vehicles near the intersection
should send their massive data to the other vehicles within a short period, in partic-
ular 100 ms for safety applications [26]. For example, assume 20 vehicles attempt
to share compressed camera images within 100 ms. Data sizes of the images range
from 1–9 Mbit because they are generated at rates of 10–90 Mbit/s [21]. Therefore,
20–180 Mbit of data must be transmitted within 100 ms by 20 vehicles, meaning
each datum must be transmitted at a rate of 0.2–1.8 Gbit/s. Because DSRC and
C-V2X cannot support such high-throughput systems, mmWave communications
can be a candidate of cooperative perceptions.

Although mmWave communications enable high-throughput transmission, it
is difficult to broadcast data to all vehicles, compared with microwave commu-
nications, because few vehicles can receive the transmitted signals because of
narrow-beam directional antennas and severe attenuation by blockage effects. In
order to increase areas that vehicles can recognize, as much data as possible should
be shared among many vehicles. Hence, development of an efficient data-sharing
scheme is needed.
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Cooperative mmWave Relay Expansion

move to form long relay

Cooperative MIMO with Limited CSI

increase the capacity

Cooperative Perception
with mmWave

Concurrent Transmission

perceive wide areas
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Figure 1.1: Cooperative V2X communications.

1.3 Research Challenges

To solve the problems described in the previous section, three topics shown in
Figure 1.1 are discussed in this thesis. Two techniques for cooperative V2X
networking to realize high-throughput communications are proposed. One is co-
operative MIMO with reduced CSI feedback, and the other is a cooperative relay
expansion for mmWave networks. This thesis also proposes a mmWave commu-
nication technique for a specific cooperative application: cooperative perception.

1.3.1 Cooperative MIMO with Limited CSI

As described in Section 1.2.2, CSI feedback from the receivers to transmitters
is required to avoid interference in a common cooperative MIMO system. The
amount of CSI feedback increases with the number of transmitters, which makes it
difficult to increase the capacity of cooperative MIMO systems. In order to achieve
high-throughput communications, this thesis provides a precoding scheme with
limited CSI that allows interference and a receiver that can decode the desired
signals, even if the signals interfere with each other. In the proposed system, each
receiver selects a transmitter and the receiver feeds back partial CSI only to the
associated transmitter to reduce a feedback overhead, while the all transmitters
require CSI of whole systems in common cooperative MIMO to prevent inter-

6



Section 1.3

M
IM

O
 detector

w
/ virtual channels

Error correction
decoder

Semi-hard info.

Soft info.

Received
signals

Estimated
signals

Iterative
detection

Figure 1.2: Iterative MIMO detection and error correction decoding.

receiver interference.

Because the received signals include inter-receiver interference, the receivers
should remove the interference. The proposed receivers regard the interference
signal for other receivers as the desired signals, which means the system can be
considered as an overloaded MIMO system, where the number of spatially multi-
plexed streams is greater than that of receive antennas. Although, many MIMO
detectors has been developed, e.g., minimum mean square error (MMSE) filters,
ordered successive detectors (OSDs), eigenbeam-space division multiplexing (E-
SDM), and the maximum likelihood detection (MLD) with QR decomposition and
M-algorithm (QRM-MLD) [27], these schemes with linear filters cannot detect
MIMO signals when the number of streams is greater than the number of receive
antennas. To overcome overloaded environments, the concept referred to as “vir-
tual channels” is applied. Virtual channel detection is a non-linear MIMO signal
detection that can detect signals even when the number of transmitted streams is
greater than the number of receiver antennas.

The proposed receiver also adopts an iterative scheme to improve signal-
estimation accuracy. The iterative-detection scheme is shown in Figure 1.2. The
MIMO detector estimates MIMO signals using log likelihood ratios (LLRs) as a
priori information and outputs detected signals to the error correction decoder.
The error correction decoder calculates LLRs of data bits and feeds them back
to the MIMO detector, which detects MIMO signals again using the updated
LLRs. Although common iterative detecting schemes, which are called soft-input
and soft-output (SISO), transfer LLRs between the MIMO detector and the error
correction decoder, SISO receivers do not achieve high performance with virtual
channels; thus, the MIMO detector with virtual channels output detected signals
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and they are inputted into the error correction decoder. This iterative scheme is
referred to as a semi-hard-input and soft-output (SHISO) in this thesis.

1.3.2 Cooperative mmWave Relay Expansion

This thesis proposes a distributed vehicle position control method that expands
coverage by establishing long relay paths. This is realized by a scheme through
which autonomous vehicles can change their relative positions to communicate
with each other via LOS paths. Even though vehicles with the proposed method
do not use all the information of the environment and do not cooperate with each
other, they can decide their actions (e.g., lane changing and overtaking) and form
long relays using only information of their surroundings (e.g., surrounding vehicle
positions). The decision-making problem is formulated as a Markov decision
process, such that autonomous vehicles can learn a practical movement strategy
for developing long relays via a reinforcement learning (RL) algorithm. This thesis
designs a learning algorithm based on a sophisticated deep reinforcement learning
algorithm, asynchronous advantage actor-critic (A3C), which enables vehicles
to learn a complex movement strategy quickly through its deep neural network
(DNN) architecture and multi-agent-learning mechanism. Once the strategy is
well trained, vehicles can move independently to establish long relays and connect
to the RSUs via the relays.

1.3.3 Cooperative Perception with mmWave Concurrent
Transmission

This thesis proposes an efficient data-sharing algorithm based on mmWave con-
current transmissions for cooperative perception. In order to realize high system
throughput and short delay, concurrent transmission and forwarding with cached
data are applied to the proposed algorithm. Concurrent transmission, where many
transmitters send data to different receivers simultaneously, promotes efficient
spatial reuse, which is realized by leveraging the antenna directionality and high
attenuation. On the other hand, forwarding with cached data reduces redun-
dant transmissions for data sharing in multihop networks because each datum is
requested to be sent to many different vehicles. In multihop networks, if relay vehi-
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Figure 1.3: Chapter overview.

cles store the forwarded data, the source vehicles do not need to transmit the same
data many times. Leveraging the geographical information in perceptual data also
helps enlarge the perceivable regions. Therefore, a data-sharing algorithm that em-
ploys a graph-based concurrent transmission scheduling is developed. To realize
concurrent transmission and improve spatial reuse, “conflict rules” are designed
to determine whether the two pairs of transmitters and receivers interfere with
each other by considering the radio propagation characteristics of narrow-beam
antennas. A prioritization method that considers the geographical information in
perceptual data is also designed to enlarge perceivable areas in situations where
data-sharing time is limited and not all data can be shared.

1.4 Contributions of This Thesis

The chapter overview of this thesis is shown in Figure 1.3. Chapter 3 proposes
a precoding method with limited CSI and a receiver with an iterative MIMO
detecting scheme for cooperative MIMO systems. With the proposed method, the
amount of CSI feedback can be reduced. The simulation results verify that the
proposed receiver can detect MIMO signals, even if the signals are interfering
with each other and the number of received signal streams exceeds the number of
receivers.

A cooperative mmWave relay expansion is tackled in Chapter 4. It enables
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vehicles to change their relative positions to expand relays avoiding blockages.
The simulation results confirm that the proposed RL-based algorithm achieve
higher performance than conventional algorithms. The proposed algorithm is also
robust to the traffic conditions (e.g., vehicle density and the ratio of mmWave-
communicable vehicles).

A cooperative sharing with mmWave concurrent transmissions is discussed in
Chapter 5. The proposed algorithm realizes concurrent transmission considering
antenna directionality, and thus improves the spatial reuse efficiency. This chapter
proves that all the sensor data can be shared among the participating vehicles in
finite steps with the proposed algorithm. The simulation results verify that the
proposed algorithm enlarges the area that vehicles can perceive through the shared
sensor data more rapidly than conventional algorithms that do not consider antenna
directionality. The prioritization method also improves the rate of enlarging the
perceivable area.
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Related Technologies

2.1 Current Vehicular Communications

Vehicular communication protocols have been studied for traffic safety and effi-
cient transportation. Although the currently available standards do not support
multi-Gbit/s communications, they enable sharing small data, such as positions,
velocities, destinations, and control messages. This section describes two cate-
gories of vehicular communications.

2.1.1 WLAN Based Vehicular Communications

WLAN realizes the direct communication among vehicles which is suitable for
V2V applications. DSRC is designed to support a variety of vehicular commu-
nication applications. The IEEE 802.11p standard, which is an amendment to
the IEEE 802.11 standards, is employed for the physical (PHY) and the medium
access control (MAC) layers of DSRC in the United States. The IEEE 1609.x
series of standards supports the higher layers, e.g., security management, network-
ing, and multi-channel operations, for WAVE [5, 28, 29]. The protocol stack for
DSRC/WAVE is shown in Figure 2.1. Because IEEE 802.11p uses a 10-MHz
bandwidth, which is half that of IEEE 802.11a, the data rate is also half that
of IEEE 802.11a. The supported PHY data rates in IEEE 802.11p is shown in
Table 2.1. The supported modulation schemes on each sub-carrier which consti-
tutes orthogonal frequency division multiplexing (OFDM) are binary phase-shift
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Figure 2.1: Protocol stack for DSRC/WAVE.

Table 2.1: Supported PHY data rates in IEEE 802.11p.

Modulation Code rate Data rate

BPSK 1/2 3 Mbit/s
BPSK 3/4 4.5 Mbit/s
QPSK 1/2 6 Mbit/s
QPSK 3/4 9 Mbit/s

16-QAM 1/2 12 Mbit/s
16-QAM 3/4 18 Mbit/s
64-QAM 2/3 24 Mbit/s
64-QAM 3/4 27 Mbit/s

keying (BPSK), quadrature phase-shift keying (QPSK), 16-quadrature amplitude
modulation (QAM), and 64-QAM for modulation. The 5.9-GHz band is allocated
for IEEE 802.11p in the United States. With the IEEE 1609.4 standard, vehicles
can exchange safety messages every 100 ms in the default value [4]. Therefore,
vehicles know the information of their surrounding vehicles, e.g., positions and
velocities, which can be utilized by the high-throughput communicate systems
introduced in Chapter 4.

The Association of Radio Industries and Businesses (ARIB) standardized the
vehicle-to-infrastructure (V2I) protocol, STD-T75, which utilizes the 5.8-GHz
band [30] in Japan. STD-T75 uses a time division multiple access-frequency divi-
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sion duplex (TDMA-FDD) scheme for the multiple access method and an adaptive
slotted ALOHA for the access control method. Two data rates are supported:
1 Mbit/s and 4 Mbit/s. ARIB STD-T109, which uses the 700-MHz band, is also
available for ITS in Japan [31]. ARIB STD-T109 supports both V2I and V2V
communications by using carrier sense multiple access with collision avoidance
(CSMA/CA) for the access method. The maximum data rate is 18 Mbit/s.

2.1.2 Cellular Technology for Vehicular Communications

Using the licensed radio bands, cellular-assisted vehicular communication systems
realize managed resource scheduling. Therefore, they suit for safety applications,
e.g., avoiding traffic accidents. The 3GPP standardized vehicular communication
protocols, called C-V2X, LTE-V, or LTE-V2X [6]. C-V2X supports both V2I
communications using a cellular interface and V2V communications based on
LTE sidelink, which was introduced for safety-related D2D communications in
3GPP Release 12. Because V2X applications require more reliable and low-
latent protocols than D2D communications, Release 14 introduces additional two
communication modes. In mode 3, two vehicles directly communicate with each
other, but resource scheduling is managed by cellular infrastructure, i.e., eNodeB.
In mode 4, vehicles manage resources by themselves and thus, communication can
be performed in the absence of cellular network coverages. V2X application-layer
services are also discussed in 3GPP Release 16, which is currently studied.

2.2 Technologies toward High-Throughput Vehicu-
lar Communications

Although communication standards described in the previous section can be ap-
plied to some V2X applications, they cannot support high-throughput applications,
e.g., cooperative perceptions. This section explains two technologies that can be
applied to high-throughput vehicular communications.
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Figure 2.2: Cooperative MIMO systems.

2.2.1 MIMO

MIMO is a fundamental technique employed in Wi-Fi (IEEE 802.11n/ac) and
cellular networks (LTE, WiMAX, and 5G) because of its high throughput and
spectral efficiency. In MIMO systems, transmitters send multiplexed data streams
from multiple transmit antennas and receivers separate them using multiple receive
antennas to increase the system throughput by leveraging diversity gain of multiple
antennas.

Cooperative MIMO

In order to further increase the system throughput, cooperative MIMO, which is
also called distributed MIMO, has been developed. Models of cooperative MIMO
are shown in Figure 2.2. Both multiple transmitters and receivers constitute
groups, each of which can be regarded as a single node. Because the resulting
virtual MIMO system has more antennas than single-user systems, the system
throughput is increased. Multi-user MIMO (MU-MIMO) systems can be regarded
as a specific case of cooperative MIMO, where there is a single transmitter and a
receiver group consists of multiple receivers.
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Block Diagonalization Precoding

Block diagonalization (BD) precoding is a technique introduced in MU-MIMO
systems of avoiding inter-receiver interference [32], which is also applied to co-
operative MIMO, where there are multiple transmitters. Let MT, MR, nT, and nR

denote the number of transmitters and receivers and the number of antennas of
each transmitter and receiver, respectively. A receive signal vector Yi ∈ CnR at
receiver i is expressed as follows:

Yi =

MT∑
j=1

Hi jX j + Ni, (2.1)

or


Y1
...

YMR

 =


H11 · · · H1MT
...

. . .
...

HMR1 · · · HMRMT




X1
...

XMT

 +


N1
...

NMR

 , (2.2)

where X j ∈ CnT , Hi j ∈ CnR×nT , and Ni ∈ CnR represent a transmitted signal
vector from transmitter j, a channel matrix from transmitter j to receiver i, and an
adaptive white Gaussian noise (AWGN) vector at receiver i, respectively. Here,
define Hi and H(i) as follows:

Hi B
[
Hi1 · · · HiMT

]
, (2.3)

H(i) B
[
HT

1 · · · HT
(i−1) H

T
(i+1) · · · HT

MR
,
]T

(2.4)

where [·]T is the transpose of [·]. In the BD precoding, data signals are precoded to
transmission signals using precoding matrices Ṽi ∈ CMTnT×nS lying in the null space
of H(i), where nS = MTnT−MRnR+nR. Precoding matrices can be obtained using
singular value decomposition (SVD). Data signal vector Di ∈ CnS , which is sent

to receiver i, is precoded to X by Ṽi as X =
[
Ṽ1 · · · ṼMR

] [
DT

1 · · · DT
MR

]T
,

and the transmission signals from each transmitter are defined to satisfy X =[
XT

1 · · · XT
MT

]T
. Because Ṽi lies in the null space of H(i), HiṼi′ = O for i , i′,
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where O is a zero matrix. Therefore, (2.2) is rewritten as follows:
Y1
...

YMR

 =


H1
...

HMR


[
Ṽ1 · · · ṼMR

] 
D1
...

DMR

 +


N1
...

NMR

 (2.5)

=


H1Ṽ1 O

. . .

O HMRṼMR




D1
...

DMR

 +


N1
...

NMR

 , (2.6)

Yi = HiṼiDi + Ni . (2.7)

Regarding HiṼi as a channel matrix, each receiver can detect data signal Di with
common MIMO detection schemes. When using precoding schemes, including
the BD precoding, transmitters require channel matrices, which is referred to as
CSI, which is estimated at receivers. Therefore, the estimated CSI should be fed
back in uplink before data is transmitted in downlink. This feedback process can
be an overhead for cooperative MIMO systems. Chapter 3 tackles this problem
using the precoding method with limited CSI.

2.2.2 mmWave Communications

MmWave communications enable high-throughput transmission because wide
bandwidth can be allocated to the mmWave bands. Therefore, it can be applied to
high-throughput V2X applications. The characteristics of mmWave propagation
is provided in this section.

Characteristics of mmWave Propagation

In free space, the received power can be derived from the Friss transmission
formula [33]. Assume that there are transmission and receive antennas with gain
Gt and Gr, respectively, and that the distance of these antennas is denoted by d. If
these antennas have LOS and face with each other, the received power Pr is derived
as follows:

Pr = PtGtGr

(
c

4πdf

)2
, (2.8)
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where Pt, f , and c denote the transmission power, carrier frequency, and the
speed of light, respectively. Because mmWave communications utilize higher
carrier frequency f than that of microwave communications, the received power
Pr becomes smaller if the transmission power and antenna gains are fixed.

There are some effects that cause attenuation in mmWave propagation. Block-
age is an important effect because mmWave radio has the poor diffraction capability
and high penetration loss. Therefore, it is better to establish LOS path between the
transmitter and receiver to achieve high-data-rate transmission. Oxygen absorp-
tion also causes mmWave propagation loss. The oxygen absorption level depends
on the frequency and it peaks at around 60 GHz.

In order to overcome these attenuation, directional beamforming can be lever-
aged. Because of the short wavelength, high-gain array antennas with beam steer-
able capability are utilized. In addition, the high mmWave propagation loss and
directional antennas achieve high spatial reuse. Chapter 5 aims to take advantages
of spatial reuse by concurrent transmissions.

Current mmWave Standards

IEEE 802.11ad is a currently available mmWave communication standard that uses
the 60-GHz band. It was developed to support high-throughput applications, such
as uncompressed video streaming. Data rates up to 4.6 Gbit/s with single carrier
(SC) and 6.7 Gbit/s with OFDM are supported. Differential BPSK, π/2-BPSK,
π/2-QPSK, and π/2-16QAM are utilized as modulation schemes in SC mode. Four
channels with 2.16-GHz bandwidth each are available in Japan.

In IEEE 802.11ad, narrow-directional antenna is used to obtain high gain
because the path loss of mmWave radio is very large. Beamforming training
consists of two phases in IEEE 802.11ad: sector-level sweep (SLS) and beam
refinement protocol (BRP). SLS is performed at first using the transmitting sector
sweep (SSW) frame. Then, BRP may follow to train a receiver with iterative
refinement between the transmitter and the receiver, whereas only the transmitter
is trained in SLS.

17



Chapter 2

2.3 Reinforcement Learning

RL, which is one of the machine learning schemes, has been developed to solve
the problem of mapping from situations to actions so as to maximize a reward
in an environment [34, 35]. In RL, an agent learns the mapping, referred to as
a strategy or a policy, by performing actions and observing the results of the
actions in the environment, and finally obtain a good strategy to maximize the
cumulative rewards. In other words, an agent learns the optimal strategy through
a trial-and-error process.

Table-based Q-learning is a basic and the most widely used RL algorithms
because it is guaranteed to solve the simple Markov decision process (MDP).
However, it cannot be applied to large-scale problems due to the limitation of
computational memory capacity. In order to solve this problem, function ap-
proximations can be leveraged. Although convergence is not guaranteed when
nonlinear function approximation is used to represent the strategy, recent studies
revealed that RL using a DNN for function approximation can solve large-scale
problems, such as video games [36] and the ancient board game Go [37]. Deep
Q Network (DQN) [36] is one of the most famous deep RL (DeepRL) algorithms.
DQN utilizes DNN to approximate an action-value function, whose outputs are an
expectation of cumulative rewards. Moreover, multi-process learning algorithms,
such as general reinforcement learning architecture (Gorila) [38] and A3C [39],
have been developed to improve the convergence efficiency and learning speed of
DeepRL. In A3C, multiple agents learn their strategies in independent environ-
ments and asynchronously share the strategies.
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Cooperative MIMO with Limited
CSI

3.1 Background

A high-speed wireless access network is needed for CAVs to download wide-area
traffic information via the Internet. Cooperative MIMO systems have been studied
for realizing high-data-rate vehicular communication [17, 18]. In cooperative
MIMO, CSI, which is required at transmitters to avoid interference, is fed back
from the receivers to the transmitters, and the amount of feedback CSI increases
rapidly with the number of cooperating transmitters when the transmitters need
full CSI. Because the wireless channel resources are limited, it is very important to
reduce the amount of feedback CSI [20]. Another problem of cooperative MIMO
is that all transmitters need to share data and send them in the same frame. It
becomes more difficult to solve this problem when the number of transmitters
increases.

In order to overcome the above-mentioned problems, this chapter proposes
a method for reducing the amount of feedback CSI. When this method is used,
receivers selects some of the transmitters and feed back partial CSI that is relevant
to the selected transmitter. Because limited CSI at transmitters (CSIT) causes
signal interference, this chapter also proposes a novel receiver using the concept of a
“virtual channel” in order to overcome the interference. A “virtual channel,” which
divides signals into real-signal elements and phase elements, has been developed
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for SU-MIMO systems so that signals can be detected even when the number of
their streams exceeds the number of receive antennas [40]. Some receivers have
been proposed that can be applied in MIMO systems where the number of the
spatially multiplexed streams is more than that of receive antennas [41,42]. These
non-linear detectors achieve superior performance in contrast with linear detectors
where the number of spatially multiplexed streams is more than that of the receive
antennas. The detector with “virtual channels” is one of the non-linear detectors
that achieves superior performance with reasonable complexity even when the
number of the streams is twice as many as that of the receive antennas [40,43,44].

In addition, this chapter proposes an iteration scheme for improving the bit
error rate (BER) performance. In the iterative scheme, virtual channel detectors
estimate signals by using the LLR of coded bit streams calculated at error cor-
rection decoders, and output the LLR of transmitted signals. Although the SISO
iterative receiver composed of the MIMO detector with virtual channels and the
convolutional decoder has been proposed [40], Turbo codes [45] is applied to the
proposed receiver to further improve the BER performance. Turbo codes have been
considered to combine with MIMO detectors in [46–49], because Turbo codes are
powerful to improve transmission performance. However, even if Turbo decoders
are applied to the SISO iterative receiver with the MIMO detector with the vir-
tual channel detection, the performance is not improved, which is shown by the
simulation evaluation. Therefore, a semi-hard-input soft-output (SHISO) iterative
scheme which fully exploits the potential gain of Turbo decoders is designed in
order to achieve superior performance.

Basically, the SHISO iterative receiver comprises a MIMO detector with virtual
channel detection and the Turbo decoder, between which signals are exchanged
iteratively. In the SHISO receiver, the extrinsic information is fed back from
the Turbo decoder to the MIMO detector, and the MIMO detector estimates the
phase on the maximum a posteriori probability (MAP) estimation with the extrinsic
information. However, the hard decision signal of the phase is provided to the Turbo
decoder, whilst the OSD output signals are fed to the decoder. This SHISO iteration
is a key idea to improve the performance. Moreover, a new criterion,“Extended
MAP estimation,” is developed for the proposed receiver to select the most likely
virtual channel for further improving the transmission performance with little
additional complexity.
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Figure 3.1: System model of cooperative MIMO.

The rest of this chapter is structured as follows: Section 3.2 introduces a model
of a cooperative MIMO system. Section 3.3 proposes a precoding method with
limited CSI and Section 3.4 describes a configuration of the proposed iterative
receiver with virtual channels. The performance of the proposed receivers is
evaluated in SU-MIMO environments in Section 3.5, and then, the performance of
the proposed precoding method for cooperative MIMO is evaluated in Section 3.6.
Finally, Section 3.7 presents concluding remarks.

3.2 System Model

3.2.1 MU-MIMO with Cooperating Transmitters

A system with MT transmitters and MR receivers is shown in Figure 3.1. This
thesis considers the downlink of the system. Each transmitter has nT antennas, and
each receiver has nR antennas. The sum of the transmission and receive antennas
is represented as NT = MTnT and NR = MRnR, respectively, and the sum of the
transmitted streams to one of the receiver is represented as nS.

At the transmitters, data bit streams are encoded using a Turbo code, inter-
leaved, and modulated to QPSK signals. The signals are then precoded and are
OFDM-modulated by inverse fast Fourier transform (IFFT). Finally, the transmit-
ters send the OFDM signals to the receivers. The receivers demodulate these
OFDM signals by FFT, and detect them using a virtual channel detector. The
detected signals are then QPSK-demodulated and inputted into de-interleavers.
Finally, the coded bit streams are decoded by Turbo decoders.
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Let Yi ∈ CnR represent a received signal vector at receiver i; X j ∈ CnT , a
transmitted signal vector from transmitter j; Hi j ∈ CnR×nT , a channel matrix from
transmitter j to receiver i; and Ni ∈ CnR , an AWGN vector. The above signals are
the subcarrier signals. Here, the received signal vector at receiver i is written as
follows:

Yi =

MT∑
j=1

Hi jX j + Ni . (3.1)

If the conventional BD algorithm described in Chapter 2 is utilized, each vehicle
receives following signals:

Yi = HiṼiDi + Ni, (3.2)

where Di ∈ CnS and Ṽi ∈ CnT×nS denote data signal vector and precoding matrix
for receiver i, respectively. The number of data signal streams nS satisfies nS =

NT − NR + nR when the BD algorithm is used.
Conventionally, each transmitter requires CSI of the entire system, denoted by

Hi j for all i = 1, · · · ,MR and j = 1, · · · ,MT. Therefore, receiver i feeds back
Hi1, · · · ,HiMT to all the transmitters. The amount of such feedback information
is equal to 2QLM2

TMRnTnR bits for L-path Rayleigh fading channels, where Q
represents a quantization bit number per real element of the channel matrix. This
amount increases rapidly with the number of transmitters. Therefore, a method
for reducing CSI is needed.

There is another problem in conventional BD algorithm. For detecting data
signal Di, receiver i requires transmission signals X1, · · · ,XMT . Therefore, all the
transmitters need to share same signal Di and send its precoded signal X j in the
same frame. This synchronization is considered to be very difficult to achieve.
Precoding methods for reducing feedback CSI described in the following section
can overcome these problems. When these methods are used, transmitters can
precode signals independently without sharing data signals with each other.

3.3 Proposed Method for Reducing CSI

This section explain precoding methods where only partial CSI is fed back to the
transmitters. Receiver i can estimate CSI denoted by Hi j for all j = 1, · · ·MT, but
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only Hi j is fed back only to the related transmitter j with the proposed methods.
In other words, Hi j is not fed back to transmitter j′ where j′ , j. In this section, a
cooperative MIMO system with two transmitters and two receivers is assumed for
simplicity, although the proposed precoding method can be extended to the systems
with more transmitters and receivers. The proposed method allows receivers to
select transmitters that CSI is fed back to and three types of precoding methods are
designed for three cases: all receivers select all transmitters, all receivers select
the same transmitter, and receivers select the different transmitters.

Case: All transmitters are selected

The first method allows receivers to fed back CSI to all transmitters. Because the
fed back CSI is limited, the amount of such feedback information is reduced to
2QLMTMRnTnR bits, which is less than that when the conventional method is used
by 1/MT.

In this case, each transmitter knows CSI related to all receivers and thus, each
transmitter precode signals by BD algorithm as in single-transmitter MU-MIMO
system. Transmitter j can utilize CSI H1 j and H2 j that represent the channel
impulse responses from transmitter 1 to receiver 1 and receiver 2, respectively.

Therefore, transmitters precode data signals as X j =
[
Ṽ1 j Ṽ2 j

] [
DT

1 j DT
2 j

]T
,

where Ṽi j ∈ CnT×(nT−nR) and Di j ∈ CnT−nR represent a precoding matrix and data
signal vector from transmitter j to receiver i, respectively. Ṽi j is defined to lie in
the null space of Hk j and satisfies Hk jṼi j = O, where k , i. Received signal
vectors Yi is expressed as follows:

Yi =
[
Hi1Ṽi1 Hi2Ṽi2

] [
DT

i1 DT
i2

]T
+ Ni . (3.3)

Although inter-receiver interference can be avoided by this method, receivers
should detect signals from different transmitters Di1 and Di2 which are received at
the same time.

Case: Same transmitter is selected

When the receivers feed CSI back to one of the transmitters, the amount of such
feedback information is reduced to 2QLMRnTnR bits, which is less than that when
the conventional method is used by 1/M2

T.
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If both receivers select same transmitter 1, transmitter 1 knows CSI H11 and
H21. Therefore, transmitter 1 can precode signals by BD algorithm as X1 =[
Ṽ11 Ṽ21

] [
DT

11 DT
21

]T
. On the other hand, at transmitter 2, which has no CSI,

data signals are transmitted without precoding as X2 =
[
DT

12 DT
22

]T
. Here, the

dimension of Di j is equal to nT/2. In this case, received signal vector Yi is
expressed as

Yi =
[
Hi1Ṽi1 Hi2

] [
DT

i1 DT
12 DT

22

]T
+ Ni . (3.4)

Case: Different transmitters are selected

In the other case in which the receivers select different transmitters, both transmit-
ters can use partial CSI. Assume that receivers 1 and 2 select transmitters 1 and
2, respectively. At transmitter 1, the null space of the channel for receiver 1 can
be calculated but the null space of the channel for receiver 2 cannot be calculated
because only CSI denoted by H11 is available. Therefore, data signal vector D21

can be precoded with Ṽ21 for not being received at receiver 1, but D11 cannot
be avoided from being received at receiver 2. In this case, D11 is precoded with
V11 ∈ CnT×nR , which is right singular matrix of H11. The transmission signal vec-

tor is calculated as X1 =
[
V11 Ṽ21

] [
DT

11 DT
21

]T
and the received signal vector

is written as

Yi =
[
HiiVii HikVkk HikṼik

] [
DT

ii DT
kk DT

ik

]T
+ Ni . (3.5)

In the above equation, k = 2 if i = 1 and k = 1 if i = 2.
In cases where receivers select one of the transmitters, receiver i receives

signals Dk j , which are intended for the other receiver k (, i). Therefore, receiver i
must detect these interfered signals in addition to the signals intended for receiver
i.

In all cases (3.3), (3.4), and (3.5) can be rewritten as follows:

Yi = HiDi + Ni, (3.6)

where Hi and Di represent a channel matrix including precoding matrices at
receiver i and a data signal vector including interfered signals at receiver i, respec-
tively. When receivers fed CSI back to all transmitters, the number of streams
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Figure 3.2: Configuration of the SHISO iterative receiver. ©2012 IEEE

of data signal vectors Di is nS = 2(nT − nR). When receivers select one of the
transmitters, the numbers of streams are nS = 2nT − nR and nS = nT + nR, respec-
tively for cases where the same transmitter is selected and different transmitters are
selected. Because nS is greater than nR, linear-filter-based schemes cannot detect
MIMO signals Di. Therefore, a novel receiver using the concept of a “virtual
channel” and SHISO iterations is proposed in the following section.

3.4 Architecture of Proposed Receiver with Virtual
Channels

3.4.1 Signal Decomposition with Virtual Channels

The architecture of the proposed receiver is shown in Figure 3.2. First, virtual
channel detectors estimate data signal vectors from received signal vectors. The es-
timated signals are QPSK-demodulated and de-interleaved into coded bit streams.
Turbo decoders then decode the bit streams iteratively by exchanging LLRs of
signals between two MAP decoders. After some iterations, the extrinsic LLRs
of coded bit streams are interleaved and inputted into virtual channel detectors
as a priori LLRs. Using this information, the virtual channel detectors estimate
data signal vectors and output soft QPSK signals. The Turbo decoders then again
decode the inputted bit streams and output extrinsic LLRs into the virtual channel
detectors. The transferring detected signals and LLRs are performed iteratively
between the virtual channel detector and the Turbo decoder.
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With the virtual channel detector, signal vectors Di in (3.6) are decomposed
into real signal and phase elements. The receiver index i is omitted for simplicity
in the rest of this section. The lth entry of D, dl , is decomposed into a real signal
sl and a phase θl as dl = slejθl , where sl = ±

√
2 and θl = ±π/4. When the

decomposition of a scalar is extended to a vector, D is rewritten as follows [43].

D = Ω(φ)S(φ), (3.7)

Ω(φ) B
[
diag

[
cos θ1, · · · ,cos θnS

]
diag

[
sin θ1, · · · , sin θnS

] ] , (3.8)

S(φ) B
[
s1(φ) · · · snS(φ)

]T
, (3.9)

where diag [· · ·] represents a diagonal matrix. Ω(φ) ∈ C2nS×nS and S(φ) ∈ CnS

are called a rotation matrix and a real signal vector, respectively. φ is a “phase
pattern,” which is defined as follows:

φ B
nS∑

l=1

(
θl

π/2 +
1
2

)
2l−1. (3.10)

The phase pattern φ ranges from 0 to 2nS − 1. From (3.7), (3.6) is rewritten as
follows:

Y = Φ(φ)S(φ) + N, (3.11)

Φ(φ) B HΩ(φ). (3.12)

As is expressed in (3.11), the channel model can be regarded that the real signal
vector S(φ) is transmitted in the channelΦ(φ) ∈ C2nR×nS , which is called “a virtual
channel”. While the size of the channel matrix H is 2nR × 2nS, that of the virtual
channel Φ(φ) is 2nR × nS. In a word, the number of the columns of the virtual
channelΦ(φ) is half of that of the channel matrix H, which means that the number
of the spatially multiplexed streams in the virtual channel looks half of that in the
channel H. If the number of the streams is reduced, the streams can be detected
with higher performance by linear detectors, such as the OSD.

The OSD detects the real signal vector in all the virtual channels, Φ(φ̄) for
φ̄ = 0, · · · ,2nS − 1, where φ̄ is a tentative phase pattern. In the OSD, basically, the
transmission signal is detected with an MMSE filter, and the interference associated
with the previously detected signals is canceled from the received signal vector.
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This step is iterated by nS times in the OSD. The lth-step MMSE filter W(l)(φ̄) is
defined as

W(l)(φ̄) B
(
Φ(l)(φ̄)

[
Φ(l)(φ̄)

]T
+
σ2

n

σ2
s

I
)−1

Φ(l)(φ̄), (3.13)

where σ2
n , σ2

s , and I represent the noise power, the signal power, and the unit
matrix. Φ(l)(φ̄) denotes the virtual channel in the lth step. It is assumed that
the signals are detected in the order of the antenna number for simplifying the
notation. The lth-stream signal is detected as

sdet,l(φ̄) = [wl(φ̄)]T Y, (3.14)

where wl(φ̄) represents the lth column of W(l)(φ̄). The hard decision signal s̄det,l(φ̄)
is defined as follows:

s̄det,l(φ̄) B
√

2 sgn
[
sdet,l(φ̄)

]
, (3.15)

where sgn [x] represent a sign function. Using these hard decision signals, the
interference cancellation is carried out as

Y(l+1) = Y(l) − ϕ(l)l (φ̄)s̄det,l(φ̄), (3.16)

where Y(1) is set to Y. The soft real signal vector Sdet(φ̄) and hard decision real
signal vector S̄det(φ̄) are defined as

Sdet(φ̄) B
[
sdet,1(φ̄) · · · sdet,nS(φ̄)

]T
, (3.17)

S̄det(φ̄) B
[
s̄det,1(φ̄) · · · s̄det,nS(φ̄)

]T
. (3.18)

The virtual channel detector selects the most likely phase pattern based on the
proposed technique described in the following section, and outputs the information
associated with the signals to the Turbo decoder via the interleaver. The Turbo
decoder estimates the LLR with the signal from the interleaver, and feeds back
only the extrinsic information of the LLR to the MIMO detector.

3.4.2 LLR Calculation of SISO Iterative Receiver

The iterative detector with virtual channels calculates the LLRs of both the real
signal and the phase in order to feed estimated signals to the Turbo decoder. This
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section explains LLR calculation of SISO iterative receiver with virtual channels
at first. This calculation technique is a simple conversion from LLRs of complex
signals dl to real signal sl and phase θl . The performance of SISO and SHISO
receivers is compared with in Section 3.5 to show that SHISO receivers explained
in Section 3.4.3 achieves better BER performance. First, the detector in the SISO
receiver obtains the LLR of the phase element Λ(θ)l , using the Max-Log-MAP
approximation as follows:

Λ
(θ)
l B log

P
(
θl = +

π
4
��Y)

P
(
θl = − π4

��Y)
= Λ

(θ)
a,l + max

φ̄ | θl=+ π
4

{
nS∑

m,l

Λ
(θ)
a,m + J(φ̄)

}
− max
φ̄ | θl=− π

4

{
nS∑

m,l

Λ
(θ)
a,m + J(φ̄)

}
,

(3.19)

J(φ̄) B − 1
2σ2

n

��Y −Φ(φ̄)S̃(φ̄)��2, (3.20)

where Λ(θ)a,l represents the a priori information of the phase θl fed back from the
Turbo decoder via the converter, which is described in Section 3.4.3. In addition,

max
constraint

{·} denotes the maximum value under the indicated constraint. The LLR
of the phase is provided to an slicer to extract only the sign from the LLR. When
the sign is positive, θl = π/4 is estimated as a transmitted phase. Otherwise,
θl = −π/4 is estimated. This processing is regarded as a hard decision. After the
processing is applied for all phase elements θl , the most likely phase pattern φ̄est

is decided from (3.10) and the virtual channelΦ(φ̄est) is calculated from (3.8) and
(3.12).

Next, the LLR of the real signal Λ(s)l (φ̄est) in the most likely virtual channel
φ̄est is calculated as follows:

Λ
(s)
l (φ̄est) B log

P
(
sl = +

√
2
���Y)

P
(
sl = −

√
2
���Y)

= Λ
(s)
a,l + max

S | sl=+
√

2

{
nS∑

m,l

Λ
(s)
a,m + Js(S)

}
− max

S | sl=−
√

2

{
nS∑

m,l

Λ
(s)
a,m + Js(S)

}
,

(3.21)

Js(S) B −
1

2σ2
n
|Y −Φ(φ̄est)S|2. (3.22)
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The MIMO detector outputs the extrinsic bit LLR to the Turbo decoder. The
extrinsic bit LLR is defined as

Λ
(s)
ex,l B Λ

(s)
l (φ̄est) − Λ(s)a,l , (3.23)

Λ
(θ)
ex,l B Λ

(θ)
l − Λ

(θ)
a,l . (3.24)

This LLR is converted to the bit LLR and then inputted into the Turbo decoder.

3.4.3 LLR Calculation of Proposed SHISO Iterative Receiver

LLR of Real Signals

In order to improve signal estimation performance, a SHISO iterative receiver is
designed. The SHISO iterative receiver calculates the LLR of phase patterns φ
and outputs a signal vector D over the estimated virtual channel Φ(φ̄est), while
SISO iterative receiver calculates and outputs the LLR of each real signal sl and
phase θl . The LLR of the real signal λ(s)l (φ̄) in the virtual channel Φ(φ̄) can be
defined as

λ
(s)
l (φ̄) B log

P
(
sl(φ̄) = +

√
2
���Y)

P
(
sl(φ̄) = −

√
2
���Y) , (3.25)

where P
(
sl(φ̄) = ±

√
2
���Y)

represents an a posteriori probability of the real signal
in the lth-stream, sl(φ̄), when Y is received. The numerator of (3.25) can be
approximately calculated with the Max-Log-MAP approximation as,

logP
(
sl(φ̄) = +

√
2
���Y)

≃ logP
(
sl(φ̄) = +

√
2
)
− logP (Y)

+ max
sl(φ̄)=+

√
2

{
nS∑

m,l

logP (sm(φ̄)) −
1

2σ2
n
|Y −Φ(φ̄)S(φ̄)|2

}
. (3.26)

Because the exact calculation of (3.26) needs lots of complex calculations, the
LLR of the real signal λ(s)l (φ̄) is calculated more simply using the following
hypothesis [40]. In order to simplify the maximization in (3.26), the second term
is transformed into L2-norm of real signal vectors using (3.14) as follows:

|Y −Φ(φ̄)S(φ̄)|2 ≃
nS∑
l

(
sdet,l(φ̄) − sl(φ̄)

)2
|wl(φ̄)|2

, (3.27)
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where |wl(φ̄)|2 is a scale factor. When the term in the left hand side of (3.27)
is substituted for (3.26), the maximization with respect to sm(φ̄) can be per-
formed independently. In a word, sm(φ̄) can be selected that satisfies sm(φ̄) =
arg max

{
logP (sm(φ̄)) −

(
sdet,m(φ̄) − sm(φ̄)

)2}. Therefore, the terms sm(φ̄) be-
come common except m = l between the numerator and the denominator in (3.25).
Hence, the LLR of the real signals λ(s)l (φ̄) can be approximately obtained as

λ
(s)
l (φ̄) ≃ Λ

(s)
a,l (φ̄) −

1
2σ2

n |wl(φ̄)|2

{���sdet,l(φ̄) −
√

2
���2 − ���sdet,l(φ̄) +

√
2
���2}

= Λ
(s)
a,l (φ̄) +

2
√

2sdet,l(φ̄)
σ2

n |wl(φ̄)|2
. (3.28)

where Λ(s)a,l (φ̄) represents a priori information of the real signal sl(φ̄), which is
defined as

Λ
(s)
a,l (φ̄) B log

P
(
sl(φ̄) = +

√
2
)

P
(
sl(φ̄) = −

√
2
) . (3.29)

This a priori information is provided by the Turbo decoder.
By making a hard decision of λ(s)l (φ̄), real signal vector S̃(φ̄) can be obtained

in all the virtual channels.

S̃(φ̄) B
[
s̃1(φ̄) · · · s̃nS(φ̄)

]
, (3.30)

s̃l(φ̄) B
√

2 sgn
[
λ
(s)
l (φ̄)

]
. (3.31)

The transmitted virtual channel is estimated with the estimated real signals by a
technique explained in the following part.

LLR of Phase Pattern

The proposed detector calculates the LLR of the phase pattern Λφ̄(φ̄ : φ̄′) in order
to select the optimum phase pattern that maximizes an a posteriori probability.
Here, φ̄′ is a phase pattern that differs from φ̄. The LLR of the phase patterns is
defined as

Λφ̄(φ̄ : φ̄′) B log
P (φ̄ |Y)
P (φ̄′ |Y) = log

P (Y | φ̄)P (φ̄)
P (Y | φ̄′)P (φ̄′), (3.32)
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where P (φ̄ |Y), P (Y | φ̄), and P (φ̄) represent an a posteriori probability of the
phase pattern, a conditional probability when a signal vector with a phase pattern
φ̄ is transmitted, an a priori probability of the virtual channel with the phase
pattern φ̄. P (φ̄) can be expressed as follows:

P (φ̄) =
nS∏

l=1
P (θl) , (3.33)

where P (θl) represents a priori probability of the phase θl . Using (3.33), (3.32)
can be rewritten as

Λφ̄(φ̄ : φ̄′) =
nS∑

l=1
log
P(θl)
P(θ′l)

+ logP (Y | φ̄) − logP (Y | φ̄′)

=

nS∑
l=1
Λθ(θl : θ′l) −

1
2σ2

n

��Y −Φ(φ̄)S̃(φ̄)��2
+

1
2σ2

n

��Y −Φ(φ̄′)S̃(φ̄′)��2 , (3.34)

where a priori information Λθ(θl : θ′l) is defined as

Λθ(θl : θ′l) B


+Λ
(θ)
a,l

(
θl = +

π
4 , θ

′
l = −

π
4
)

−Λ(θ)a,l
(
θl = − π4 , θ′l = +

π
4
)

0
(
θl = θ

′
l

) , (3.35)

Λ
(θ)
a,l B log

P
(
θl = +

π
4
)

P
(
θl = − π4

) , (3.36)

where Λ(θ)a,l represents a priori information of the lth phase θl that is fed back from
the decoder. Although the definition of the phase is regarded as an application
of the principle of the bit LLR, the definition is not equal to that of the bit LLR,
which is explained later. The optimum phase pattern φ̄est is selected to satisfy the
following equation.

Λφ̄(φ̄est : φ̄′) ≥ 0 for ∀φ̄′ , φ̄est. (3.37)

For the selected phase pattern φ̄est, the estimated data signal vector Ddet(φ̄est) can
be calculated according to the definition of D in (3.7).

Ddet(φ̄est) B Ω(φ̄est)Sdet(φ̄est). (3.38)
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The estimated data vector Ddet(φ̄est) is output to the Turbo decoder through the
de-interleaver. In other words, the proposed receiver provides the Turbo decoder
with those output signals via the interleaver. This means that the detector does not
output extrinsic information, which is a big difference from Turbo equalizers: a
representative of iterative receivers.

a priori Information Fed Back to the MIMO Detector for Iterative Decoding

The Turbo decoder calculates the bit LLR L(d)d,v in the same way as usual Turbo
decoders. The bit LLR is defined as

L(d)d,v B log
P
(
cd,v = 1

��D)
P
(
cd,v = 0

��D) , (3.39)

where cd,v represents the vth bit. After some iterations of the decoding, the Turbo
decoder feeds back the extrinsic bit LLR Lex,v to the MIMO detector as a priori
information La,u via the interleaver.

La,u = π
[
Lex,v

]
, (3.40)

where π[·] represents a function of the interleaver. Whereas the extrinsic bit LLRs
are fed back from the Turbo decoder, the MIMO detector requires the a priori
information of the real signal and the phase. Therefore, the extrinsic bit LLRs are
converted into the a priori information of the real signals sl(φ̄) and the phase θl .
The proposed conversion can be obtained by the following derivation:

Λ
(s)
a,l (φ̄) = log

P
(
sl(φ̄) = +

√
2
)

P
(
sl(φ̄) = −

√
2
) = log

P (Re[dl] = +1)
P (Re[dl] = −1)

= La,2u, (3.41)

Λ
(θ)
a,l = log

P
(
θl = +

π
4
)

P
(
θl = − π4

) = log
P (dl = +1 + j) + P (dl = −1 − j)
P (dl = −1 + j) + P (dl = +1 − j)

= log

P (Re[dl] = +1)P (Im[dl] = +1)
P (Re[dl] = −1)P (Im[dl] = −1) + 1

P (Im[dl] = +1)
P (Im[dl] = −1) +

P (Re[dl] = +1)
P (Re[dl] = −1)

= max
[
La,2u + La,2u+1,0

]
−max

[
La,2u, La,2u+1

]
, (3.42)
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where Re [·] and Im [·] represent a real part and an imaginary part of a complex
number, respectively. Note that the 2uth and (2u + 1)th bits correspond to the real
part and the imaginary part of the lth QPSK signal, respectively.

3.4.4 Extended MAP Estimation for Virtual Channel Detection

The virtual channel is detected based on the MAP in (3.32), assuming that the real
signals in the virtual channel Φ(φ̄) are almost the same to those in Φ(φ̄′). This
assumption is also applied in [40, 43], but the assumption does not always hold
true. In order to achieve better detecting performance, a novel estimation criterion
for the virtual channel detection is designed where it is taken into account that the
real signals in a virtual channel might be different from those in the others. The
proposed estimation criterion applies an LLR ΛD(φ̄ : φ̄′) of the phase pattern φ̄,
which is defined as

ΛD(φ̄ : φ̄′) B log
P (Y |D(φ̄))P (D(φ̄))
P (Y |D′(φ̄))P (D′(φ̄)) . (3.43)

Because the rotation matricesΩ(φ̄) and the real signal vectors S(φ̄) can be assumed
to be independent from each other, the LLR of the phase pattern ΛD(φ̄ : φ̄′) can
be rewritten using (3.7) as follows:

ΛD(φ̄ : φ̄′) = log
P
(
Y
��Ω(φ̄)S̃(φ̄)) P (Ω(φ̄))P (S̃(φ̄))

P (Y |Ω(φ̄′)S′(φ̄))P (Ω(φ̄′))P (S′(φ̄))

=

nS∑
l

log
P(θl)
P(θ′l)

+

nS∑
l

log
P(sl(φ̄))
P(s′l(φ̄))

+ logP
(
Y
��Ω(φ̄)S̃(φ̄)) − logP (Y |Ω(φ̄′)S′(φ̄))

=

nS∑
l

Λθ(θl : θ′l) +
nS∑
l

Λs(sl : s′l)

− 1
2σ2

n

��Y −Φ(φ̄)S̃(φ̄)��2 + 1
2σ2

n
|Y −Φ(φ̄′)S′(φ̄)|2 , (3.44)

Λs(sl : s′l) B


+Λ
(s)
a,l

(
sl = +

√
2, s′l = −

√
2
)

−Λ(s)a,l

(
sl = −

√
2, s′l = +

√
2
)

0
(
sl = s′l

) , (3.45)
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where Λ(s)a,l represents a priori information of the real signal defined in (3.29). As
is similar to (3.37), the optimum phase pattern φ̄est that satisfies the following
equation is selected:

ΛD(φ̄est : φ̄′) ≥ 0 for ∀φ̄′ , φ̄est. (3.46)

Then, the optimum signal vector Ddet(φ̄est) is calculated as

Ddet(φ̄est) B Ω(φ̄est)Sdet(φ̄est). (3.47)

This optimum signal vector is output to the Turbo decoder through the de-
interleaver. Because not only Λθ(θl : θ′l) but also Λs(sl : s′l) are taken into
account in the virtual channel detection, the proposed detection is expected to
achieve better performance than the detection using (3.34) and (3.37).

3.4.5 Procedure of Proposed SHISO Receiver

The MIMO detector estimates the signal vector Ddet(φ̄est) based on the proposed
scheme described in Sections 3.4.3 and 3.4.4. The vector Ddet(φ̄est) is output to
the Turbo decoder, which feeds back the extrinsic bit LLR to the MIMO detector.
This operation is iterated Nout times in the proposed receiver. Because the vector
Ddet(φ̄est) is the product of the hard decision rotation matrix Ω(φ̄est) and the soft
real signal vector Sdet(φ̄est) as is defined in (3.38), the vector is called as a semi-hard
decision signal vector. This is the reason why the proposed receiver is named as a
SHISO iterative receiver. The proposed receiver has the iterative signal processing
between the MIMO detector and the Turbo decoder and the iterative processing
of the Turbo decoding. To distinguish the two iteration processing, the iterative
exchange of the signals between the MIMO detector and the Turbo decoder is
called as “outer iteration,” and the iterative exchange of extrinsic bit LLR between
the two component decoder in the Turbo decoder is called as “inner iteration.” Nout

and Nin denote the number of the outer and inner iterations, respectively. Here,
the Turbo decoders decode signals a total of Nout × Nin times.
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3.5 Analysis of Proposed Receiver in SU-MIMO En-
vironments

In this section, the BER performances of the proposed receiver were evaluated by
computer simulation. Because (3.6) can be regarded as an overloaded SU-MIMO
system, the performance was evaluated in overloaded SU-MIMO environments
and then, it is applied to cooperative MIMO systems in Section 3.6. Simulation
parameters are listed in Table 3.1. The channel impulse responses were indepen-
dently and identically distributed (i.i.d) and were quasi-static. The receiver was
assumed to have the perfect CSI for simplicity. Although Doppler shift occurs
when vehicles are moving at high speed, many channel estimation methods are
proposed [50, 51] that can be applied to vehicular environments and thus, perfor-
mance degradation is assumed to be negligible. The Turbo code [45] was utilized
as error correction code. The Max-log MAP algorithm was applied to all the MAP
estimations.

3.5.1 SHISO Iterative Receiver

The BER performance of the proposed receiver is shown in Figure 3.3. Simulations
were performed with some combinations of the outer iterations and the inner
iterations, i.e., Nout and Nin, but Nout × Nin was kept to 48 in all the combinations.
The performance of the SISO iterative receiver introduced in Section 3.4.2 is
also shown. The setting of (Nout,Nin) is (6,8) in the SISO iterative receiver.
Obviously, the performance of the SISO iterative receiver is much worse than
that of the proposed receiver. It is also shown that the BER performance with
(Nout,Nin) = (48,1) is better than the performance with (24,2) by about 0.8 dB
at BER = 10−4. The Turbo decoder increases the LLR (3.39) assuming the
input signals Ddet(φ̄est) are well estimated, and effects of Ddet(φ̄est) misestimation
increases with the number of Turbo iterations. It is difficult for the MIMO detector
to correct misestimated signals with the fed back LLRs if fed back LLRs have
strong correlation with Ddet(φ̄est) obtained at the previous detection. Therefore,
the BER performance with Nin = 1 is better than those with Nin > 1.

In order to analyze the BER performance of the proposed receiver, LLRs of
misestimated bits were evaluated. Figure 3.4 shows the empirical cumulative
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Table 3.1: Simulation parameters for receiver evaluation in SU-MIMO systems.

Parameters Values

Number of antennas 6 × 2
Modulation scheme OFDM-QPSK

Channel model 10-path Rayleigh fading
Forward error correction Turbo code, rate 1/3
Number of sub carriers 512

Data packet length 16384 bits
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Figure 3.3: BER performance of the proposed receiver with the different number
of iterations. ©2015 IEICE

distribution function (CDF) of misestimated extrinsic bit LLRs which were fed
back from the Turbo decoder to the MIMO detector. The misestimated extrinsic
bit LLR is defined as the extrinsic bit LLR whose sign is different from that of
the transmitted bit. Because the values shown in the figure are the extrinsic bit
LLRs multiplied by the corresponding transmitted bits, the signs of the misesti-
mated extrinsic bit LLRs are only minus. In the figure, the plot with “(Nout,Nin),
last” shows the empirical CDF of the misestimated extrinsic bit LLRs at the last
iterations, while the plot with “(Nout,Nin), first” shows the CDFs of misestimated
extrinsic bit LLRs at the first iterations. Because an extrinsic bit LLR is dealt as
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Figure 3.4: Empirical CDF of misestimated extrinsic bit LLR. ©2015 IEICE

reliability in the MAP estimation in principle, a misestimated extrinsic bit LLR,
which is not reliable, should be close to zero, e.g., Lex,v = log P(Re[dl]=+1)

P(Re[dl]=−1) ≈ 0 in the
proposed receiver. If a misestimated extrinsic bit LLR with a big absolute value
is provided to the MIMO detector, performance of the proposed detector is not
improved enough. As is shown in Figure 3.4, the distribution of the misestimated
bit LLR has a bigger absolute value with relatively higher probability. Because the
SHISO iterative receiver circulates the misestimated extrinsic bit LLRs between
the MIMO detector and the Turbo decoder, the misestimated extrinsic bit LLR
with a big absolute value not only deteriorates the signal detection at the MIMO
detector, but also degrades the Turbo decoding. Although the performance shown
in Figure 3.4 is not that of the SISO receiver, the similar performance is expected to
appear at the decoder output signals, because only the extrinsic LLRs only replace
the semi-hard decision signals in the SISO receiver. Therefore, the performance
of the SISO receiver can be explained with the performance in Figure 3.4, and the
misestimated extrinsic bit LLRs degrades the SISO iterative receiver.

As is described above, the MIMO detector outputs the hard decision signals
associated with the phase to the Turbo decoder in the proposed SHISO receiver.
When the misestimated extrinsic bit LLRs are fed back to the MIMO detector, the
misestimated bits are included in the hard decision signals with a certain probability
due to the wrong feedback information. However, because the amplitude of the hard
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decision signals is rounded to one that is much smaller than that from misestimated
extrinsic bit LLR, the damage from the misestimated bits is limited in the proposed
SHISO receiver, especially, in the Turbo decoder. As is shown in Figure 3.4, for
instance, the absolute values of the misestimated bit LLR happened to reach to
10, which were much bigger than one. Therefore, the proposed SHISO iterative
receiver achieved better performance than the SISO iterative receiver, which was
confirmed by Figure 3.3. Generally speaking, SISO iterative receivers are well-
known to achieve the best performance when the distribution of the input signal is
Gaussian. However, when the misestimated extrinsic bit LLRs have distribution
that the big values appear at high probability, SISO iterative receivers are not always
optimum and might have worse performance than SHISO iterative receivers.

The misestimated extrinsic bit LLRs with (Nout,Nin) = (48,1) were smaller
than those with the others at the last iteration. This means that no inner iteration
(i.e., Nin = 1) reduces the possibility to feed back the misestimated extrinsic bit
LLRs with big absolute values to the decoder. This is the reason why the proposed
receiver with Nin = 1 achieved better performance than that with Nin ≥ 2 as shown
in Figure 3.3.

3.5.2 Receiver with Proposed Extended MAP Estimation

The BER performance with the extended MAP estimation explained in Sec-
tion 3.4.4 is shown in Figure 3.5. The BER performance with (Nout,Nin) = (48,1)
was better than that with (24,2) by about 2.5 dB at BER = 10−5. The proposed
receiver with Nin = 1 achieved the best performance among the various iteration
combinations, while Turbo decoders usually improve decoding performance by
increasing the number of Turbo iterations, which corresponds to that of the inner
iterations.

Figure 3.6 shows the empirical CDF of the misestimated extrinsic bit LLRs
which are fed back from the Turbo decoder to the MIMO detector. Similar to
Figure 3.4, the misestimated extrinsic bit LLRs with (Nout,Nin) = (48,1) were
much smaller than the others at the last iterations. Hence, the performance shown
in Figure 3.6 strongly supports that the proposed receiver with (Nout,Nin) = (48,1)
achieves better performance than that with Nin ≥ 2. While the absolute values
of the misestimated bit LLRs at the last iterations were bigger than those at the
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Figure 3.5: BER performance of the extended MAP estimation with the different
numbers of iterations. ©2015 IEICE
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Figure 3.6: Empirical CDF of misestimated extrinsic bit LLR with the extended
MAP estimation. ©2015 IEICE

first iterations in Figure 3.4, only the LLRs with (Nout,Nin) = (48,1) at the last
iterations were smaller than those at the first iterations in Figure 3.6. The reason
could be considered as follows.

Because the estimation criterion with the LLR in (3.32) can not calculate the
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Figure 3.7: Performance comparison with Turbo coded detectors. ©2015 IEICE

marginal distribution with high precision, the SHISO iterative detector outputs
the data vector Ddet(φ̄est) that has error symbols associated with the misestimated
extrinsic bit LLRs. When the data vector is provided to the Turbo decoder, the
probability that the Turbo decoder enhances the absolute values of the misestimated
extrinsic bit LLRs is increased. On the other hand, because the extended MAP
estimation in (3.43) estimates the marginal distribution with higher accuracy, the
MIMO detector based on the extended MAP estimation generates the data vector
Ddet(φ̄est) in which the error symbols are less correlated with the misestimated
extrinsic bit LLRs as the a priori information. As is shown in Figure 3.6, the
absolute values of the misestimated bit LLRs tend to raise as the number of the
inner iteration is increased. When the extended MAP criterion is applied to the
SHISO receiver with (Nout,Nin) = (48,1), the absolute values of the misestimated
extrinsic bit LLRs is probably made to reduce as the number of the outer iterations
increases.

Hence, the extended MAP estimation with (Nout,Nin) = (48,1) is expected
to enable the MIMO receiver to achieve much better performance than the other
receiver configurations. When the LLR in (3.43) is applied, the extended MAP
estimation with (Nout,Nin) = (48,1) selects the estimated data vector Ddet(φ̄est) that
limits the increase of the misestimated bit LLR, because the proposed estimation
calculates the marginal distribution more exactly.
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Figure 3.8: Performance comparison with conventional detectors. ©2015 IEICE

The performance of the proposed receiver with extended MAP estimation is
compared with that of the other configurations in Figure 3.7. The receiver labeled
as “Phase only” in the figure fed back only the extrinsic bit LLRs associated
with the virtual channels to the MIMO detector from the Turbo decoder. The
proposed receiver achieved better performance than the receiver with only the phase
information by approximately 0.5 dB at BER = 10−6. Moreover, the proposed
receiver with the extended MAP estimation achieved a gain of 2.5 dB at BER =
10−5 compared with that without the extended MAP estimation.

The BER performance of the proposed receiver with the extended MAP esti-
mation was compared with that of the SISO MAP iterative receiver with the Turbo
code, the vertical Bell laboratories layered space-time (V-BLAST) [52] with the
Turbo code, and the SISO iterative receiver with the convolutional code [40] in
Figure 3.8. In the figure, the SISO MAP iterative receiver with the Turbo code and
the SISO iterative virtual channel receiver with convolutional code are labelled
as “SISO MAP” and “Convolutional code”, respectively. In the SISO MAP it-
erative receiver, the MAP detection with brute force search was performed. For
fair comparison, the extrinsic bit LLRs were circulated between the MAP detector
and the Turbo decoder in the SISO MAP iterative receiver. As is well-known,
when the number of the receive antennas is less than that of the streams, linear
MIMO detectors such as the V-BLAST, do not have capability to detect the signal
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Figure 3.9: BER convergence performance of the proposed receiver with the ex-
tended MAP estimation when Eb/N0 = 12 dB. The BER performance is improved
by the outer iteration rather than the inner iteration. ©2015 IEICE

streams due to lack of the number of degrees of freedom. Even though the Turbo
decoder follows the V-BLAST detector, the performance was much worse than
the others. The performance of the V-BLAST had an irreducible error at BER of
0.5. The SISO iterative receiver with the convolutional code [40] achieved much
better performance than the V-BLAST, because the non-linear signal detection
was performed in addition to the linear detection in the the receiver. However,
the performance of the iterative receiver was inferior to the SISO MAP iterative
receiver. The proposed receiver with the extended MAP estimation achieved fur-
thermore better performance than the SISO MAP iterative receiver by 3.0 dB at
BER = 10−5. In principle, the MAP achieves the best performance when the mis-
estimated bit LLR comes close by zero owing to low reliability of the bit. However,
some misestimated bit LLRs grow high when the Turbo decoder is applied as is
shown above. This degrades the SISO MAP iterative receiver.

As is shown in Figure 3.8, the BER performance of the proposed receiver was
steeper than that of the conventional receiver. The steep BER performance was typ-
ical to iterative decoding such as Turbo decoding, even though (Nout,Nin) = (48,1);
the Turbo iteration as the inner iteration was not performed. In principle, such a
performance can not be obtained without a Turbo decoder, which corresponds to
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the inner decoder in the proposed receiver. Hence, the Turbo decoder as the inner
decoder plays a crucial role to improve the performance.

The BER convergence performances are shown in Figure 3.9 at Eb/N0 = 12 dB.
Unfilled markers in the figure indicate the BER performance of the Turbo decoder
outputs when the inner iteration is once finished. Filled markers indicate the BER
performance at the last inner iterations of each outer iterations. It is shown that the
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estimation performance was improved by the outer iteration rather than the inner
iteration. Therefore, increasing the number of the outer iterations improved the
BER performance. In addition, the BER convergence with Nin = 1 was faster than
that with Nin ≥ 2.

The number of multiplications and additions performed in the MIMO detectors
are compared with those in the SISO MAP iterative receiver in Figure 3.10, and
Figure 3.11, respectively. When (Nout,Nin) = (48,1), the number of multiplications
in the proposed receiver is 30.3% of that required in the SISO MAP iterative
receiver and the number of additions required in the proposed receiver is 3.2%
of that in the other. Therefore, it can be said that the proposed receiver is less
complex than the SISO MAP iterative receiver.

3.6 Simulation Evaluations of Proposed Precoding
with Limited CSI

In this section, the BER performances of the proposed precoding method were
evaluated by computer simulations. The simulation parameters are listed in Ta-
ble 3.2. The simulated system had two transmitters with four antennas each and
two receivers with two antennas each. The channel impulse responses were i.i.d
and quasistatic. The receivers estimated CSI perfectly and fed them back to the
transmitters with no error. The SHISO iterative receiver without extended MAP
estimation was applied to detect signals.

The BER performances obtained with different precoding methods are shown
in Figure 3.12. Labels in the figure indicate which transmitters are selected by
the receivers as CSI-feedback targets. In different-transmitters-selected cases,
two types of precoding matrices were used: a right singular vector matrix Vi j

and P = 1√
2
[I I]T. When the receivers fed CSI back to all transmitters, the best

performance was achieved because the receivers only needed to detect four-stream
signals using two antennas, while the receivers needed to detect six-stream signals
when the other cases. However, the amount of feedback CSI is larger when the
receivers select all transmitters than when they select one of the transmitters. In
case where the receivers selected different transmitters, the precoding with the
right singular matrix Vi j achieved better BER performance by about 2.8 dB in
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Table 3.2: Simulation parameters for the precoding method evaluation in MU-
MIMO systems.

Parameters Values

Number of antennas {4,4} × {2,2}
Modulation scheme OFDM-QPSK

Channel model 10-path Rayleigh fading
Forward error correction Turbo code, rate 1/3
Number of sub carriers 512

Data packet length 16384 bits
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Figure 3.12: BER Performance of the proposed precoding method where
(Nout,Nin) = (6,8). SHISO iterative receiver without extend MAP estimation
is applied. The BER performance is improved when receivers select different
transmitters compared with that of when they select the same transmitter.

Eb/N0 than that with the simple matrix P. This is because the proposed method
is equivalent to water-filling power allocation over Hii in (3.5), while equal power
allocation is performed with P. Moreover, the performance when using the right
singular matrix Vi j was better than the performance when the receivers select the
same transmitter.

The performance with different number of iterations is shown in Figure 3.13. It
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Figure 3.13: BER performance with various numbers of iterations when receivers
select different transmitters to feed CSI back to.

is assumed that receivers select different transmitters to feed CSI back to. Nout = 1
implies that the Turbo decoders do not feed back the LLRs to the virtual channel
detectors. On the other hand, when Nin = 1, two MAP decoders decode signals
only once and feed the LLRs back to the virtual channel detectors. Similar to
SU-MIMO environments, the system with (Nout,Nin) = (48,1) shows the best
performance.

3.7 Conclusions

This chapter proposed a novel receiver referred to as a SHISO iterative receiver
employing virtual channels with a Turbo decoder for for cooperative MIMO sys-
tems with limited feedback CSI. The proposed receivers can detect signals even
when interfered signals are received and the number of signal streams exceeds
the number of receive antennas. In the proposed SHISO iterative receiver, the
extrinsic bit LLR is fed back from the decoder to the MIMO detector as an a
priori information, and the real signal and the hard decision signal of the phase are
provided to the Turbo decoder. Moreover, this chapter proposed a new estimation
criterion, named as “extended MAP estimation” for the MIMO detector to select
the most likely virtual channel. The proposed receiver was evaluated in a 6 × 2
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SU-MIMO system. If the product of the number of the outer iterations and that
of the inner iterations was set to 48, the proposed receiver with the inner iteration
Nin = 1 achieved better performance than that with Nin ≥ 2. Even when the
extended MAP estimation was applied to the proposed receiver, the combination
of (Nout,Nin) = (48,1)made the receiver achieve the best performance in that with
the other combinations.

The proposed receiver with the extended MAP estimation achieved better
performance than the original SHISO MIMO receiver by 2.5 dB at BER = 10−5.
The proposed receiver with the extended MAP estimation attained by 3.0 dB better
performance than the SISO MAP iterative receiver at BER = 10−5, because the
misestimated extrinsic bit LLR provided by the detector deteriorated the Turbo
decoding in the SISO MAP iterative receiver. Besides, the proposed receiver
had lower computational complexity than the SISO MAP iterative receiver. In
summary, the proposed receiver achieved better transmission performance with
relatively low computational complexity compared with the SISO MAP iterative
receiver.

The performance of the precoding method with the proposed SHISO iterative
receiver was evaluated. The results showed that feeding back CSI to the different
transmitters and using right singular matrices for precoding improved BER per-
formances when the receivers feed CSI back to only one of the transmitters. If
receivers feed CSI back to all transmitters, the BER performance was improved.
However, this scheme required larger amount of feedback CSI, which means that
there is a tradeoff between the amount of feedback CSI and the BER performance.
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Cooperative mmWave Relay
Expansion

4.1 Background

This chapter studies a vehicle position control method to solve the relay discon-
nection problem and extend the coverage of RSUs. The proposed method enables
position-controllable vehicles, such as autonomous vehicles, to change their rel-
ative positions, where LOS paths are available and V2V relays can be connected
by lane change or overtaking. A simple example is shown in in Figure 4.1. Let
vehicles #1, #2, and #4 have mmWave communication devices, while vehicle #3
does not have one. Vehicles #1 and #2 are initially connected with each other
on mmWave channels, but vehicles #2 and #4 are not connected because of the
blockage by vehicle #3. In this case, by moving vehicle #2 to a position where a
LOS path between vehicle #2 and #4 becomes available, the relay length can be
extended and thus, the RSU coverage is extended to include vehicle #4.

Cooperative position controls of vehicles have been studied in [8, 9, 53, 54].
While they focus on improving the stability and robustness of formation and
platooning control, they do not consider improving communication quality. In
the fields of robots and wireless sensors, movement or position control methods
to improve the connectivity of multi-hop communications have been discussed
[55, 56]. However, these prior works do not focus on the relay length, and they
consider conventional microwave communications where no harmful blockage
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Figure 4.1: Concept of mmWave relaying with vehicle position controls. Vehicle
#3 initially blocks the path between vehicles #2 and #4. When vehicle #2 changes
its position, vehicles #2 and #4 communicate with each other via a LOS path; thus,
the multi-hop relay becomes long. ©2019 IEICE

occurs.

[57] proposed a vehicle position control method for coverage expansion in
mmWave vehicular networks and revealed the maximum gain of coverage im-
provement by optimizing vehicle positions. However, this work uses a centralized
algorithm, which is not sufficiently scalable, and does not consider the movement
of each vehicle to its optimal position. To maximize the relay length, both po-
sitions of vehicles and their movement paths should be optimized. However, the
optimization problem of collision-free path planning of multiple vehicles is an
NP-hard problem [58]. Therefore, the optimal solution cannot be obtained even
if centralized manners are applied. Moreover, centralized algorithm is not prac-
tical for vehicle controls because it cannot be applied when lots of vehicles exist
in wide areas, thus a distributed mechanism is required that enables vehicles to
expand relay length by moving to good positions without collision.

In this chapter, a DeepRL-based vehicle position control method is developed,
where each vehicle distributedly decides its movement without knowledge of the
optimal position or global information other than that of the surrounding vehicles.
RL is introduced to obtain a movement strategy via which vehicles decide their
movement in order to increase coverage based on their own information, such as
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locations of the surrounding vehicles. Because such a strategy is high-dimensional
and non-linear function, DeepRL, which combines RL algorithms and deep learn-
ing methods, is employed. To increase the learning speed by updating the strategy
cooperatively, the proposed method utilizes one of the distributed DeepRL al-
gorithms, A3C [39], which was originally developed for parallel processing. In
A3C, multiple agents update the shared strategy cooperatively, while acting in mul-
tiple environments independently. By applying the cooperative-strategy-updating
scheme to the coverage-improvement problem, multiple vehicles can coopera-
tively and efficiently learn the strategies; this allows them to make decisions
without communicating with each other. Because DeepRL algorithms achieve
high performance in problems where the environment state is represented as a
pictorial image, this chapter designs a three-dimensional state representation like
color images for the coverage expansion problem.

The simulation results show that vehicles can learn the coverage-increasing
strategy using the DeepRL algorithm. It is demonstrated that the learned strategies
achieve high performance even when the traffic conditions and the penetration ratio
of mmWave-available vehicles are changed from that in the learning phases.

The contributions of this chapter are summarized as follows:

(1) This chapter presents a solution for blockage problems in mmWave vehicular
networks. The proposed method is based on position control of vehicles,
whereas conventional works [23–25] have assumed that vehicle positions are
specified and not controllable.

(2) This chapter presents a distributed DeepRL-based vehicle movement-control
algorithm. By leveraging a DeepRL algorithm, A3C, the proposed algorithm
enables vehicles to learn a movement strategy, which involves complex map-
ping from surrounding vehicle positions to movement action.

(3) The simulation results justify that the proposed algorithm achieves high per-
formance even when the environment conditions (e.g., the penetration ratio
of mmWave-communicable vehicles and vehicle density) of learning and test
phases are not the same.

The rest of this chapter is organized as follows: Related works are discussed in
Section 4.2. Then, a system model is described in Section 4.3, and the DeepRL-
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based approach to improve coverage is presented in Section 4.4. Finally, simulation
results are presented in Section 4.5 and conclusions are drawn in Section 4.6.

4.2 Related Works

Since the currently available vehicular communication protocols, DSRC and C-
V2X, cannot meet the increasing demand of high-data-rate vehicular communi-
cations for sharing enormous sensor data and providing infotainment because of
their limited bandwidth, mmWave communication is an essential technique for
vehicular communications. It offers huge bandwidth (e.g., 9 GHz in 60 GHz band)
and realizes beyond-Gbit/s throughput. In addition, offloading data transmission
of non-safety applications from the microwave bands to the mmWave bands can
reduce the pressure on the microwave band, and should be used for critical appli-
cations such as vehicle collision warning systems and self-driving systems. The
authors of [13] provide a survey of mmWave vehicular communications, including
detailed analysis of mmWave spectrum, PHY, and MAC designs for mmWave com-
munications that can be applied to vehicular communications. MAC protocols for
mmWave multi-hop relaying for vehicular networks have been studied in [59,60].
In [59], an ALOHA-based protocol is evaluated for a one-lane highway scenario,
and it is demonstrated that multi-hop achieves better performance than single-hop
in disseminating information to a certain number of vehicles. The authors of [60]
study content delivery using heterogeneous networks consisting of the licensed
Sub-6 GHz band, DSRC, and mmWave communications. They introduce fuzzy
logic to select efficient cluster heads considering the vehicle velocity, vehicle distri-
bution, and antenna height. Whereas these studies assume that vehicle movements
are given, this chapter proposes a control method of vehicle movements in order
to avoid blockage.

Multi-hop relaying for increasing the coverages of RSUs has been studied for
the microwave vehicular adhoc network (VANET). The authors of [23] propose
multi-hop V2V relaying to compensate for the sparsity of RSUs. [24] minimizes the
number of vehicles that communicate with RSUs by constructing clusters where
messages are transmitted via V2V relays. The authors of [25] propose a forwarding
algorithm to extend the coverage of RSUs for urban areas. The algorithm realizes
multi-directional dissemination in intersections by considering the geographic po-
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sitions of vehicles. Although these prior studies show high performance when the
vehicle density is high, relay disconnections by obstacles are not considered be-
cause these studies assume microwave VANETs. The proposed method leverages
the mobility controllability of autonomous vehicles to connect vehicles via LOS
paths. Such a topology-modifying scheme is one of the differences between the
proposed method and conventional methods.

Position control of vehicles has been studied in the literature of cooperative
vehicle platoon and formation controls [8, 9, 53, 54]. The authors of [9] develop a
platoon-management protocol based on VANET. In the protocol, the platoon leader
sends beacons that contain platoon parameters to followers in a multi-hop manner,
and each follower maintains an appropriate inter-vehicle space. [8] proposes an
intra-platoon management strategy that ensures platoon stability under the presence
of communication delays. The authors of [53, 54] study formation controls for
cooperative vehicles. They utilize graph theory and demonstrate the robustness
of their methods. In [61], a formation-control method based on potential fields is
proposed for unmanned aerial vehicles. Although these methods, which rely on
vehicular communication techniques, improve the stability or robustness of vehicle
formations, they are not intended to improve communication quality. Moreover,
they assume that the desired patterns or inter-vehicle distances are given, whereas
this work focuses on finding the relative positions that increase the coverage of
wireless networks.

Some researchers of robot control systems, not vehicles, have proposed move-
ment control or positioning schemes to improve the connectivity of multi-hop
networks. The authors of [55] propose a block-movement algorithm to construct
fault-tolerant adhoc networks for autonomous multi-robot systems. However, cov-
erage expansion is not discussed in [55]. As a decentralized deployment method,
virtual force algorithms (VFAs) are introduced in [62,63]. These algorithms focus
on increasing the sensor coverage of wireless sensor networks (WSNs) under the
constraints of the desired connectivity. VFAs are also used in [56] for vehicle self-
deployment in order to form fault-tolerant adhoc networks. The authors of [56]
utilize an evolutionary algorithm (EA) to determine the velocity and virtual forces
for fitness values of the EA. VFAs perform well in these studies because they as-
sume microwave communications, in which connection quality between two nodes
increases as they become closer. In mmWave communications, however, blockage
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Figure 4.2: System model of coverage expansion by mmWave relays. Coverage
is expanded through multi-hop relaying. li denotes the length along the road
of the relay chains to which vehicle i belongs. The expanded mmWave V2I
communication range of vehicle i can be expressed as 2rV2I + li . ©2019 IEICE.

effects decrease the connectivity of non-line-of-sight (NLOS) communications;
thus, mmWave connectivity, as a function of positions, has local maxima. There-
fore, VFAs, which are based on gradients, are not expected to improve mmWave
connectivity because vehicles are trapped at the local maxima.

Note that other approaches to solve the blockage problem are discussed, and
beamforming is a promising technique that controls the directionality of array
antennas to leverage a strong reflected signal [64–66]. This work does not conflict
with beamforming and can be used simultaneously. For example, when a LOS path
is not available but a NLOS path with a strong signal is available, beamforming
solves the blockage problem. However, if there are no LOS and strong NLOS
paths, the proposed method moves vehicles to leverage a strong path and extend
the relay length.

4.3 System Model

Figure 4.2 illustrates a system model of this work. This work considers a straight Nl-
lane highway with mmWave RSUs deployed at intervals of d. A single direction is
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considered because aim of this work is to create relay chains that remain unchanged
for a long time. For simplicity, it is assumed that vehicles are located at grid points.
it is also assumed that the average velocities of all the vehicles are nearly the same,
which is confirmed in [67], where the authors demonstrate that velocity variance
decreases as the ratio of vehicles with adaptive cruise control increases, which is
one of the key technologies in autonomous vehicles. Two cases are considered
in the simulation evaluations: one where the velocity is constant and the other
where it fluctuate. When the vehicles move at a constant and equal velocity, the
relative positions of the vehicles do not change. When the velocity fluctuates, the
movements on the relative positions can be modeled as random walks. A region
of interest (RoI) also moves with the vehicles at the same velocity as them.

A simplified mmWave communication model is assumed in which vehicles can
be connected if and only if the distance between the vehicles is less than a certain
distance and a LOS path is available. It is also assumed that link qualities of
the mmWave channels are ideally predictable. This assumption is not unrealistic
considering state-of-the-art prediction methods. For example, the authors of [22,
68] present a mmWave propagation loss model for V2V communications. Another
approach is proposed in [69, 70], where the authors predict the throughput of
mmWave communications and received signal strength of mmWave radios using
image sensor data.

There are non-mmWave vehicles and mmWave vehicles, which are subdi-
vided into controllable mmWave vehicles and uncontrollable mmWave vehicles.
Whereas the non-mmWave vehicles only use microwave communication systems,
mmWave vehicles use both microwave and mmWave communication systems and
constitute the multi-hop relay chains for increasing coverage. Microwave com-
munication systems, such as DSRC and C-V2X, enable all the vehicles to share
information on vehicle positions and their control signals, whose packet sizes are
very small. It is assumed that the effect of transmission loss and delay is negligible
because the duration for a transmission is less than 100 ms which is much less
than the decision-making interval of vehicles. For example, in DSRC, the vehicles
broadcast their position every 100 ms [29]. Therefore, the vehicles can retransmit
dropped packets several times and the probability that the vehicles fail to receive
all the retransmitted packets is very low. The mmWave vehicles can access RSUs
over mmWave channels within a distance of rV2I and communicate with each other
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only when they are within a distance of rV2V and there are no vehicles blocking
their LOS paths. The controllable vehicles can change their relative positions on
the road in order to expand coverage, while uncontrollable vehicles do not change
their relative positions or move randomly because they have other driving strategies
or are driven by humans.

Let n, nm, and nc denote the total number of vehicles, all mmWave vehicles,
and the number of controllable mmWave vehicles in the RoI, respectively. Rmm B
nm/n and Rc B nc/nm denote the ratio of the number of the mmWave vehicles to the
total number of vehicles and the ratio of the number of the controllable vehicles to
the total number of mmWave vehicles, respectively. Let Pa, Pn, Pc, and Pu denote
the sets of all grid positions in the RoI, the non-mmWave vehicle positions, the
controllable mmWave vehicle positions, and the uncontrollable mmWave vehicle
positions, respectively. Pc ∈ P is a variable that the proposed method controls,
where P B 2Pa\(Pn∪Pu) represents a power set of Pa \ (Pn ∪ Pu).

A quality metric is defined for the proposed method as the proportion of areas
where vehicles can connect to RSUs through multi-hop relay chains based on
the coverage of each vehicle. When using mmWave vehicles as relay nodes, the
mmWave V2I communication range of vehicle i is expressed as ri = 2rV2I + li(Pc),
as shown in Figure 4.2. Here, li(Pc) denotes the length along the road of the relay
chains to which vehicle i belongs. Because RSUs are deployed at intervals of d,
it is sufficient to consider d-long sections of road. The coverage for vehicle i is
expressed as follows:

Ci(Pc) = min
{ri

d
,1
}
. (4.1)

Note that the coverage Ci(Pc) increases linearly with the length of the multi-hop
relay chain. The average of the vehicles’ coverage is defined as a quality metric,
as follows:

Cavg(Pc) B
1

nm

nm∑
i=1

Ci(Pc). (4.2)

An example of expanding coverage by changing vehicle positions is shown in
Figure 4.3. Non-mmWave, controllable mmWave, and uncontrollable mmWave
vehicles are depicted as red, dark blue, and light blue vehicles in Figure 4.3,
respectively. Vehicles #1–#5 are all mmWave vehicles, but only vehicles #1 and
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Figure 4.3: Example of coverage expansion by vehicle movements. Non-mmWave,
controllable mmWave, and uncontrollable mmWave vehicles are depicted as red,
dark blue, and light blue vehicles, respectively. The mmWave relay length is
extended by changing the positions of vehicles #1 and #5. ©2019 IEICE

#5 are controllable. Before vehicles #1 and #5 move, the relay chains on the
left and right sides cannot be connected using the mmWave bands because they
are out of communication range or non-mmWave vehicles are blocking the LOS.
However, after vehicles #1 and #5 move, vehicles #3 and #5 become connected.
At this point, all mmWave vehicles can be connected, and the length of the relay
chain is extended. Cavg(Pc) increases as a result.

4.4 Distributed Vehicle Movement Controls

4.4.1 Motivation for Using Reinforcement Learning

Although [57] revealed the capability of coverage improvement using vehicle
position control, solving the vehicle-movement problem is still a big challenge.
Because vehicle-moving strategies should be scalable and decentralized for prac-
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tical usage, each vehicle should be able to decide its movement for increasing
coverage by itself. Because of conventional microwave communication systems,
information on the surrounding vehicles’ positions are available for each control-
lable vehicle to decide its movement. This section formulates the decision-making
problem as an MDP such that it can be solved by RL. Using the RL scheme, vehi-
cles can learn the optimal positions to increase coverage and go there without being
instructed to. Because the observed states have large dimensions, traditional RL
methods cannot be applied to the problem; thus, a DeepRL algorithm is required
for function approximation. The proposed method utilizes the DeepRL algorithm,
A3C, because it is advantageous in terms of convergence efficiency and learning
speed [39].

While vehicles are learning strategies using the A3C algorithm, they share
DNN models with other vehicles. To this end, a model management server that
stores a global model is required. The model management server updates the
global model using gradients collected from the vehicles and distributes the up-
to-date model to the vehicles. These data are transmitted via microwave channels
or mmWave relays if they are available. In this system, vehicles do not always
have to be connected to the model management server. They opportunistically
upload their gradient, and then, the model management server updates the global
model. Once the well-trained model is obtained, there is no need for vehicles to
share DNN models during the operation phase. Therefore, controllable vehicles
decide their movements by using the model in a decentralized way. Following
portion of this section explains how vehicles learn movement strategies of coverage
expansion using the RL algorithm. State designs is also described that improve
the performance of increasing coverage.

4.4.2 Deep-Reinforcement-Learning-Based Algorithm

Controllable vehicles, called agents, interact with an environment over a number
of discrete time steps. The relationship between an agent and the environment is
shown in Figure 4.4. At each time step t, agent i observes the surrounding states
si,t representing other vehicles’ positions and types. The detailed definitions of
the states are given by (7), (8), and (9) in Section 4.4.3. The surrounding vehicle
information is shared via microwave channels, and the observation range is limited
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Figure 4.4: Actor-critic reinforcement learning model. ©2019 IEICE

by the microwave communication range, which determines the dimension of the
states. The observation area is limited by the range of DSRC communications,
where positions and types of vehicles are broadcasted and shared with each other.
According to an action-selection policy π(ai,t |si,t), agents select an action ai,t from
a set of actionsA consisting of forward, back, right, left, and stay. Note that these
actions represent changing relative positions with respect to the other vehicles.
After moving to the next position, agent i receives a reward ri,t . A reward from
each step is defined as:

ri,t B

{
αli + rp if an agent selects a prohibited direction

αli otherwise,
(4.3)

where li and α(> 0) denote a relay length and parameter balancing the reward and
penalty, respectively. rp(< 0) denotes a penalty that is added when an agent selects
a direction, where the vehicle should not move. In order to avoid car accidents,
the prohibited direction is defined as the direction where other vehicles exist or
are moving to and where the agent gets off the road. Relay length information is
calculated by the following procedure. Agents broadcast their position information
via the relay over the mmWave channel. Then, the agents calculate the relay length
li as the length along the road direction between the head and tail vehicles using
shared position information. Such information sharing can be completed within a
short period compared to the decision-making interval of the RL scheme.

The goal of RL is to optimize the action-selection policy π(ai,t |si,t) to maximize
the future accumulated reward Ri,t B

∑∞
τ=0 γ

τri,t+τ, where γ ∈ [0,1) is a discount
factor. The expectation of Ri,t from step t underlying π is called the value function,
which is defined as Vπ(si,t) B E

[
Ri,t |si,t

]
. Each agent acts to maximize its own

59



Chapter 4

accumulated reward Ri,t , which can be calculated from information obtained by
the agent; thus, the proposed method works in a distributed manner.

A3C [39] is employed as the implementation of DeepRL. A3C learns the
optimal policy with sharing models and experiences by multiple agents; thus, it
suits the considered problem in which multiple vehicles are required to learn a
similar strategy. Algorithm 4.1 shows the detailed procedure of the A3C learning
phase in each episode, which consists of Tmax time steps. For more detail, please
refer to [39]. A3C parameterizes the policy function π(ai,t |si,t ; θ) and the value
function V(si,t ; θv), where θ and θv denote globally shared parameters of π and V ,
respectively. The globally shared parameters are stored in the model management
server. Agents first downloads the globally shared parameters and copy them
to agent-specific parameters θi and θv,i when they have started learning (Line 3
in Algorithm 4.1). The agents act tmax times in accordance with their agent-
specific policies independently and store rewards from each step (Lines 4–9 in
Algorithm 4.1). The agents calculate the gradients of updating parameters ∆θi and
∆θv,i at interval tmax (Lines 10–17 in Algorithm 4.1). The calculated gradients are
uploaded to the model management server, and then, the server updates the globally
shared parameters θ and θv by gradient ascent and gradient descent, respectively
(Lines 18–19 in Algorithm 4.1). After sufficient time steps, the shared policy
and value functions each converge to the corresponding optimal functions. The
gradients ∆θi and ∆θv,i are calculated as follows:

θ : ∆θi =
t+tmax∑
τ=t

∇θi log π(ai,τ |si,τ; θi)A(ai,τ, si,τ; θv,i)

+ β∇θi H(π(si,τ; θi)), (4.4)

θv : ∆θv,i = cv

t+tmax∑
τ=t

∂
(
A(ai,τ, si,τ; θv,i)

)2 /∂θv,i, (4.5)

where β, H(π(si,τ; θi)), and cv denote a regularization parameter, the entropy of
π(si,τ; θi), and a coefficient that balances θ and θv, respectively. A(ai,τ, si,τ; θv,i) is
an estimation of the advantage of action ai,τ in state si,τ [39], defined as:

A(ai,τ, si,τ; θv,i) B
τ′−1∑
u=0
γuri,τ+u + γ

τ′V(si,τ+τ′; θv,i) − V(si,τ; θv,i), (4.6)
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Algorithm 4.1 Algorithm for updating policy and value model parameters.
1: Initialize t ← 0.
2: while t < Tmax do
3: Download the globally shared parameters and copy them to agent-specific

parameters: θi ← θ, θv,i ← θv.
4: tstart ← t
5: for t ∈ {tstart, . . . , tstart + tmax} do
6: perform action ai,t according to policy π(ai,t |si,t ; θi)
7: receive reward ri,t

8: t ← t + 1
9: end for

10: Reset gradients ∆θi and ∆θv,i to 0.
11: Ri,t ← V(si,t ; θv,i)
12: for τ ∈ {tstart + tmax − 1, . . . , tstart} do
13: Ri,τ ← ri,τ + γRi,τ+1

14: A(ai,τ, si,τ; θv,i) ← Ri,τ − V(si,τ; θv,i)
15: ∆θi ← ∆θi + ∇θi log π(ai,τ |si,τ; θi)A(ai,τ, si,τ; θv,i) + β∇θi H(π(si,τ; θi))
16: ∆θv,i ← ∆θv,i + cv∂

(
A(ai,τ, si,τ; θv,i)

)2 /∂θv,i
17: end for
18: Upload gradients ∆θi and ∆θv,i to the server
19: [SERVER] Update parameters θ and θv
20: end while

where τ′ is a counter that is incremented at each step in the loop (Lines 12–17 in
Algorithm 4.1).

In a common A3C learning phase, multiple agents in multiple independent
environments share the parameters θ and θv of the learning models. This model
sharing enables efficient convergence due to the independence between training
data sets. Although there is a single environment in the considered problem, the
observed states of multiple agents are different and have little correlation if their
distances are great enough. DNN models therefore converge due to model sharing.
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4.4.3 State Designs and Network Models

This section designs three state definitions: (1) vehicle positions and types (PT);
(2) vehicle positions, types, and continuous relay lengths (PTCL); and (3) vehicle
positions, types, and discrete relay lengths (PTDL). The performance of these state
definitions are compared in Section 4.5 and showed that PTCL and PTDL, which
include relay length information, achieve greater coverage than PT.

States si,t are defined as three-dimensional K × X × Y feature planes, where
K , X , and Y denote the number of features and the observation ranges of the x
and y axes, respectively. A feature plane design is introduced in AlphaGo [37].
Feature planes represent different features in different planes and convolutional
neural networks (CNN) are expected to adaptively optimize their parameters to
each feature. Let s(k,x,y)i,t denote each state element, where k and (x, y) represent a
feature index and a relative position observed from the vehicle i, respectively. The
center of each feature plane represents the position of vehicle i. While X is limited
by the microwave communication range, Y is defined as Y B 2Nl − 1 to cover all
lanes. The state elements s(k,x,y)i,t in PT are defined as follows:

s(1,x,y)i,t B


1 if a mmWave vehicle positions at (x, y),
0 otherwise,

(4.7)

s(2,x,y)i,t B


1 if a non-mmWave vehicle positions at (x, y),
0 otherwise,

(4.8)

s(3,x,y)i,t B


1 if (x, y) is empty,

0 otherwise.
(4.9)

In order to improve the coverage performance of RL-based methods, states with
additional information is designed regarding the achievable relay length l̂i(x, y)
when vehicle i would move to position (x, y). l̂i(x, y) is calculated by each agent
using vehicle positions and type information. Each agent is required to estimate
whether a stable mmWave communication link could be established to calculate
l̂i(x, y). Link stability can be estimated using path-loss prediction models [22,68],
which enable vehicles to predict path loss considering blockage effects caused
by other vehicles. Margins can be considered for the received power required
to establish links in order to avoid misprediction. Additional PTCL features are
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defined as follows:

s(4,x,y)i,t B ρl̂i(x, y), (4.10)

where ρ denotes a normalization factor. The features for k = 1,2,3 are defined to
be the same as PT.

In contrast to PTCL, relay length l̂i(x, y) of PTDL is encoded to one-hot
vectors, which are employed in AlphaGo [37]. State elements for k ∈ {4, . . . ,K}
are defined as follows:

s(k,x,y)i,t B


1 if l̂i(x, y) ∈ Rk,

0 otherwise,
(4.11)

R4 B {0},
Rk B (Lk, Lk+1] for k = 5, . . . ,K − 1,

RK B (LK,∞), (4.12)

where Lk denotes a border series used to encode relay lengths l̂i(x, y) into one-hot
vectors.

After pre-processing, states si,t are input into a policy function π and a value
function V . Their DNN models are shown in Figure 4.5. The lower CNN layers
are shared by two functions, and the higher fully connected (FC) layers are sep-
arated. Such a shared model is used in [39]. The number of layers is restricted
to three in order to achieve high convergence speeds. Although DeepRL perfor-
mance increases with the number of layers, convergence rates decrease because
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the number of parameters increases. This is a trade off between the performance
and computation time.

4.5 Simulation Evaluations

4.5.1 Simulation Setup

In the simulations, the vehicles were located at randomly selected grid points.
Let λ denote the density of vehicles in each lane. Vehicle types were determined
randomly according to the ratio Rmm and Rc. The controllable vehicles had
their actions controlled by the proposed RL algorithm. On the other hand, the
non-mmWave vehicles and uncontrollable vehicles did not change their relative
positions or selected action among forward, stay, and back in order to simulate two
scenarios where they drive at equal and constant velocities and where they change
their velocities randomly. If more than one vehicle selected the same grid, the
vehicle that had the highest priority moved to the selected grid, while the others
did not change their positions. Penalties were given to vehicles that could not
move to the selected grid. The priority was defined as follows:

• Non-mmWave vehicles and uncontrollable vehicles have greater priority
than controllable vehicles.

• Forward vehicles have greater priority if their types are the same.

• Vehicles with small y position values have greater priority if their types and
x position values are the same.

The first rule is applied to prevent the proposed method from interrupting the other
vehicles’ movement. The second one simulates the realistic driving manners. The
third one is also applied to simplify the simulation. The mmWave vehicles could
communicate with each other over the mmWave band if the distance between them
was less than 50 m. Blocking by other vehicles is detected as follows: A line from
the sender to the receiver is drawn and the grid sections that cross the line are
listed. If there is no vehicle on the listed grid sections, the sender and the receiver
can communicate with each other via LOS path. Link qualities of the mmWave
channels are ideally predictable.
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Table 4.1: Parameters of DeepRL-based vehicle position control simulations.

Parameters Values

Length of RoI 1 km
Number of lane Nl 4
Number of grids 200 × 4

Lane width 3.5 m
RSU interval d 1 km

mmWave V2V communication range rV2V 50 m
mmWave V2I communication range rV2I 100 m

Size of the observation area X × Y 41 × 7
Normalization factor for PTCL ρ 0.005 m−1

The number of features of PTDL K 9
Boarder series of PTDL Lk (k = 5, . . . ,9) 0,25,50,100,150

Reward balancing parameter α 0.5 m−1

Penalty rp -2
Discount factor γ 0.1

Maximum time steps per episode Tmax 100
Number of episodes (learning phase) 300

Number of episodes (test phase) 100
Update intervals tmax 2

Regularization parameter β 0.01
Optimizer Shared RMSProp [39]

Coefficient of balancing gradients cv 0.5

Python-based simulations are performed to determine the performance of the
movement strategy based on DeepRL. The RL simulations consist of two phases,
the learning and test phases. In the learning phase, the controllable vehicles move
around and update their RL models according to Algorithm 4.1. 300 episodes
are performed to learn strategy. At the beginning of each episode, non-mmWave
vehicles and uncontrollable vehicles are relocated randomly in order to obtain a
general strategy. Some models are obtained under different conditions: the vehicle
density, ratio of mmWave vehicles, and ratio of controllable vehicles. It is assumed
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Figure 4.6: Coverage of different state designs when λ = 0.02 veh/m/lane and
Rmm = 0.4. Uncontrollable vehicles move at constant velocities. The results of
PTCL and PTDL are greater coverage than that of PT. ©2019 IEICE

that the conditions are stable while learning each model. The performance of the
globally shared policy models obtained from the learning phases is evaluated in
the test phase. At the beginning of the evaluations, the shared policy models are
copied to agent-specific models and they are not updated while being evaluated.
The conditions in the learning and test phases can be different, and the performance
of the different models is compared under the same evaluation conditions. The
RL simulation parameters and their values are listed in Table 4.1. Parameters
are decided to simulate low density environments because the relay disconnection
occurs often when the vehicle density is low. When the vehicle density is high, the
proposed method may not work because movable spaces are restricted and relay
length does not increase. However, in such cases, the relay disconnection is not a
severe problem if there are enough mmWave vehicles and mmWave relays can be
formed.

4.5.2 Performance of Reinforcement-Learning-Based Method

The coverage performance with three types of states PT, PTCL, and PTDL when
λ = 0.02 veh/m/lane and Rmm = 0.4 is shown in Figure 4.6. It can be seen that
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PTCL and PTDL achieve higher performance than PT, which means that additional
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Figure 4.9: Coverage and accumulated reward as functions of time steps when
λ = 0.02 veh/m/lane, Rmm = 0.4, Rc = 0.5, and PTCL is used as the state type.
Accumulated rewards increase linearly even after coverage becomes constant.
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relay length information improves the performance of RL-based methods.
Figures 4.7 and 4.8 show the coverage performance and accumulated reward

with different discount factors when λ = 0.02 veh/m/lane, Rmm = 0.4, and the
state type is PTCL. When the discount factor γ is greater than 0.8, the coverage
decreases. In particular, when γ = 0.99, the accumulated rewards are less than
zero, which means that agents failed to learn a reasonable policy under the hyper
parameter settings and the simulation scenarios.

The coverage and accumulated reward as functions of time step t are shown in
Figure 4.9. Simulations are performed under two conditions where non-mmWave
vehicles and uncontrollable vehicles run at equal and constant velocities and where
they change their velocities randomly. In both conditions, the coverage increases
as the agents change their positions. Coverage is greater when uncontrollable
vehicles move at the same velocity, than when uncontrollable vehicles move at
different velocities. Accumulated reward increases linearly even when t > 75
because nearly constant rewards are given to agents after the coverage converges.

Coverage and accumulated reward as functions of the number of episodes in
learning phases are shown in Figure 4.10. 50-episode moving averages are shown
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Figure 4.10: Moving average of coverage and accumulated reward as functions of
the number of training episodes when λ = 0.02 veh/m/lane, Rmm = 0.4, Rc = 0.5,
and PTCL is used as the state type. Uncontrollable vehicles move at constant
velocities. ©2019 IEICE

because the achievable coverage in each episode varies due to the random variables
such as the number of vehicles and initial vehicle positions. It is shown that
coverage and accumulated reward increase at first, and then do not increase when
the number of episodes is greater than 120. This is because various experiences
improve agents’ strategies at first, whereas additional experiences do not contribute
to improving the strategies as much after the agents have learned from many
experiences.

The coverage performance with different models obtained in different learning
conditions is shown in Figure 4.11. 20 models are trained in learning environments
with varying Rc and Rmm, transferred them to test environments with Rmm =

0.4,0.7,1.0 and Rc = 0.5, and evaluated coverage of the position controls using
the models. The models learned when 0.3 ≤ Rmm ≤ 0.7 show approximately the
same performance, which means these models can be applied when the penetration
ratio is changed from that in the learning phases. On the other hand, the models
learned when Rmm ≥ 0.9 show lower performance. When there are many mmWave
vehicles in the learning phases, large coverage can be achieved without movement
of agents. Therefore, the agents cannot learn aggressive moving policies. This
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Figure 4.11: Coverage performance of models learned in different learning con-
ditions Rmm and Rc when λ = 0.02 veh/m/lane. PT is used as the state type,
and uncontrollable vehicles move at constant velocities. Rc is set to 0.5 in test
environments. The models learned when 0.3 ≤ Rmm ≤ 0.7 show relatively higher
performance. ©2019 IEICE

is why the models learned with large Rmm show lower performance. The models
learned when Rc = 0.25 and Rmm = 0.1 also show lower performance. This is
because the number of agents is too small to learn policies that increase coverage.

The coverage performance of the RL-based method with PTCL is compared
with that of random positions and VFA under conditions whenλ = 0.02 veh/m/lane,
Rmm = 0.4, and uncontrollable vehicles move at constant and equal velocities in
Figure 4.12. As a comparative method, exponential VFA [63] is applied with
parameters Wa = 1, Wr = 10000, β1 = β2 = 2, and Dth = 50 m. Details of
these parameters are described in [63]. The coverage achieved with the RL-based
method is higher than the coverage of random positions and VFAs. For example,
the coverage obtained from the RL-based method is about 1.7 times the coverage
obtained with random positions when Rc = 0.5. Although vehicles with VFA ad-
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Figure 4.12: Coverage of different movable methods when λ = 0.02 veh/m/lane,
Rmm = 0.4 and uncontrollable vehicles move at constant velocities. RL shows
higher performance than random and VFA. ©2019 IEICE
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Figure 4.13: Coverage of different movable methods when λ = 0.02 veh/m/lane,
Rmm = 0.4 and uncontrollable vehicles move at random velocities. RL shows
higher performance than random and VFA. ©2019 IEICE

just distances between themselves in order to connect with each other, they do not
consider blockage of mmWave communications. On the other hand, vehicles with
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Figure 4.14: Coverage of different movable methods when λ = 0.01 veh/m/lane,
Rmm = 1 and uncontrollable vehicles move at constant velocities. ©2019 IEICE

RL agents optimize their actions to expand their coverage following the learned
policy models. Consequently, the performance of DeepRL exceeds that of VFA.

The coverage performance with different method is compared with that of
random positions and VFA under conditions when λ = 0.02 veh/m/lane, Rmm =

0.4, and uncontrollable vehicles move at different velocities in Figure 4.13. It is
notable that the performance of the proposed method exceeds that of VFA even
when the vehicles move at different velocities.

Coverage performance when λ = 0.01 veh/m/lane, Rmm = 1, and uncontrol-
lable vehicles move at constant and equal velocities is shown in Figure 4.14.
The training of the RL-based methods were conducted under the conditions with
λ = 0.02 and Rmm = 0.4, and the model transferred to this evaluation environment.
The RL performance shows larger coverages than the results with Rmm = 0.4 in
Figure 4.12 because there are fewer obstacles that disrupt the movement of the con-
trollable vehicles (i.e., RL agents) and thus, they easily move to positions where
long relays can be achieved. Furthermore, VFAs show lower performance than
the RL-based methods because they rely on the assumption that all vehicles are
controllable while they are not in the environment.
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4.5.3 Comparisons with Other RL Algorithm

The following part of this section discusses other RL algorithms compared with
one used in the proposed method for the position control problem. As introduced
in [35], there are many RL algorithms. The table-based Q-learning is one of most
widely used algorithm for various problems. However, the algorithm is not suitable
for the considered problem because it requires large memory capacity, whereas it
is difficult for vehicles to have large memory. In the table-based Q-learning, an
action-value function is represented as a table, called Q table, and the memory
capacity required to store the table is proportional to the number of values that
the state si,t can take. It increases exponentially with the observation range X ×Y ;
thus, the table-based Q-learning is difficult to apply for the considered problem
when the observation range becomes large.

DQN [36] can be a candidate algorithm. DQN utilizes DNN to approximate
an action-value function instead of using the Q table; thus, the required memory
capacity can be small when the state is large. However, DQN cannot leverage
experiences obtained by multiple vehicles while the vehicles try to learn similar
strategies, because the algorithm is designed for single-agent problems.

There are several multi-process DeepRL algorithms, which can be applied to
multi-agent environments. The DeepRL algorithms can leverage experiences of
multiple agent to update a model; thus, it can learn a strategy faster and the strategy
can be achieved higher performance than single-agent RL algorithm [38,39]. The
proposed method applied A3C [39] to the relay expansion problems as a state-
of-the-art multi-process DeepRL algorithm and it was shown that the proposed
method can increase coverage. The detailed performance comparison between
A3C and other multi-agent RL algorithms is not evaluated, because the focus of
this chapter is not on designing or determining the best RL algorithm.

4.6 Conclusions and Future Works

This chapter proposed a vehicle position control method for mmWave vehicular
networks that increases coverage through multi-hop V2V relaying. A3C, which is
one of the state-of-the-art of RL methods, is adopted to obtain practical movement
strategies and designed states with relay length information that improved sys-
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tem performance in terms of increasing coverage. The simulation results showed
that the RL-based strategy achieved 1.7 times the coverage of random positions
when the penetration ratio of mmWave vehicles was 40% and half of the mmWave
vehicles employed the proposed RL algorithm. Moreover, the RL-based strat-
egy increased coverage, even when the vehicle density and penetration ratio of
mmWave vehicles differed from those of the learning phase.

Future direction of this work includes evaluating the performance of the pro-
posed method with metrics other than relay length. One of the advantages of RL
is applicability for tasks with other objectives by redesigning the reward. For ex-
ample, the reliability and connectivity of the multi-hop network is more important
than relay length when the vehicular network is used for safety applications or
vehicular cloud computing. The proposed method has potential to achieve such
objectives.

A method to share and aggregate models learned by the vehicles to improve
their performance is also included in the future work. Current work assumed that
the model sharing is conducted ideally, i.e., the sharing is done without delay, loss,
and bandwidth consumption. The model-sharing method should be designed in
consideration of scalability, delay, loss, and bandwidth consumption of wireless
communications.

74



Chapter 5

Cooperative Perception with
mmWave Concurrent Transmission

5.1 Background

As vehicles become increasingly automated, the number of sensors equipped
on vehicles increases and an increasingly massive amount of data are generated
while driving. Cooperative perceptions, with which vehicles share sensor data,
such as camera and LiDAR data, extend a vehicle’s perceptual range to cover its
blind spots or locate hidden objects. Because cooperative perceptions require
high-throughput communication systems, mmWave communications, which can
leverage huge bandwidth and efficient spatial reuse, have been attracting much at-
tention. This chapter proposes a data-sharing algorithm using mmWave concurrent
transmission in order to increases the spatial reuse efficiency.

There have been a few studies on concurrent transmissions in mmWave ve-
hicular networks. For example, [71] proposed a beam-width-controlling scheme
to reduce beam-alignment delay by considering signal-to-interference plus noise
power ratio (SINR). Most concurrent transmission protocols for mmWave com-
munications are found not in vehicular networks, but in WSNs [72–74]. However,
such protocols do not adopt data caching because their objectives are not data
sharing. In data sharing, the same data are sent from the source vehicles to dif-
ferent vehicles and thus, the same data might be transmitted redundantly without
data caching. Additionally, their algorithms do not consider the geographical
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information in transmitted data. There have been many studies on data dissemi-
nation methods for DSRC-based VANETs, some of which utilize the geographical
information in disseminated data. [75, 76] proposed the data aggregation of the
geographical information to suppress redundant data broadcasts. [77] proposed
controlling the frequency of broadcasting. However, these studies did not discuss
concurrent transmission or multihop routing with directional antennas.

Concurrent dissemination with data caching was proposed in [78], where the
authors presented a system to realize a RSU-controlled concurrent dissemination
by two communication mode: V2I and V2V communications. [78] proposed
a graph-based algorithm, where potential transmissions (from which, to which,
and which data should be transmitted) and their conflicts (e.g. half duplex and
interference constraints) are represented as a graph, i.e., two transmissions are
connected when they cannot be operated at the same time. Each vertex has weight
that represents the priority of receiver vehicles. Then, the optimal concurrent
transmission schedule for multihop dissemination can be obtained by solving the
maximum weighted independent set (MWIS) problem on the graph. Although
the MWIS problem is one of the NP-hard problems, a greedy algorithm with
a performance guarantee to maximize the total vertex weights can be utilized.
However, [78] does not assume mmWave communications and thus, it cannot be
used directly for mmWave communications. There is also room to utilize the
geographical information in the transmitted data for cooperative perceptions.

The algorithm for sharing perceptual data proposed in this chapter is based
on [78] to realize concurrent transmission with data caching. Because the al-
gorithm in [78] optimizes concurrent transmissions considering not only pair
selection of the transmitter and receiver but also which data to transmit among
the currently cached data, it effectively reduces redundant transmission in data
sharing, where the same data are transmitted to different vehicles. However, the
original algorithm is based on microwave communications, meaning it must be
modified for mmWave communications. [78] designed a conflict rule, which is
utilized to decide which pair of transmission vertices of the graph should be con-
nected, considering radio interference among omnidirectional antennas. A new
rule is designed for mmWave communications by estimating interference among
narrow-beam directional antennas, which are utilized for mmWave communica-
tions to obtain high gain. Because the conflict rule should be defined between
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two transmissions, this chapter develops an interference approximation scheme
that can calculate the interference between two transmissions without summing all
possible interferences. By using the newly designed rule, near-optimal concurrent
transmission in mmWave networks can be realized.

A prioritization method is also designed in order to enlarge the perceivable
region for situations where data-sharing time is limited. Although [78] gave high
priority to receiver vehicles that soon run out of the service area of the RSU,
such a prioritization does not fit for cooperative perceptions at an intersection. On
the other hand, giving high priority to data corresponding to regions far from an
intersection enlarges the perceivable area based on shared data because regions
near the center of the intersection are covered by many vehicles, meaning it is
desirable to transmit data far from the intersection. Such a prioritization scheme
can be realized by customizing the weight function of the MWIS problem.

The main contributions of this chapter are summarized as follows:

(1) A data-sharing algorithm for cooperative perception is proposed, which im-
proves spatial reuse by considering interference among narrow-beam direc-
tional antennas and increases the perceivable region by prioritizing the data
to be forwarded based on geographical information, even if not all data can be
collected. In order to realize concurrent transmission, the algorithm presented
in [78] is employed.

(2) It is proven that if the data-sharing time is sufficiently long and the vehicu-
lar network is represented as a connected graph, the proposed data-sharing
algorithm guarantees that all data are shared with all vehicles.

5.2 Related Works

Data sharing for cooperative perceptions should achieve a large perceivable area
within a short period, in particular 100 ms for safety applications. Key techniques
to meet this requirement are concurrent transmission with directional antennas
for improving system throughput, efficient routing with cached data for reducing
redundant transmission, and leveraging geographical information in transmitted
data.
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Dissemination algorithms with directional antennas for VANETs have been
studied by many researchers. [79] presented theoretical analysis of content dis-
semination time in vehicular networks with directional antennas and demonstrated
that directional antennas accelerate content propagation. [80] proposed a broadcast
protocol for directional antennas in VANETs. In this protocol, the furthest receiver
forwards data packets along road segments and a directional repeater forwards the
data in multiple directions at intersections. In contrast to the protocol in [80],
which considers the positions of transmitters, the proposed algorithm considers
the positions where data are obtained to achieve a large perceivable region.

Dissemination algorithms for local information were proposed in [75–77].
In [75], a scalable dissemination protocol, called segment-oriented data abstrac-
tion and dissemination (SODAD), and its application, self-organizing traffic-
information system (SOTIS), were proposed. SOTIS is a mechanism for gathering
traffic information sensed by vehicles. It aggregates the received traffic information
from road segments and sends only up-to-date information to vehicles. In [76],
Zone Flooding and Zone Diffusion were proposed to suppress redundant data
broadcasting. In Zone Flooding, only vehicles in a flooding zone forward received
packets. Zone Diffusion is a data aggregation method considering geographical
information, where vehicles merge road environment data as it is received and
broadcast only merged data. [77] proposed controlling the frequency of informa-
tion broadcasting and selecting the data to send to reduce communication traffic.
Although these studies considered the geographical information in each datum,
they did not focus on concurrent transmission.

The authors of [71] proposed vehicle pairing and beam-width controlling for
mmWave VANETs. In the protocol in [71], pairs of transmitters and receivers are
selected based on matching theory and beam widths are determined via particle
swarm optimization. This protocol successfully improves throughput and reduces
delay by considering SINR. Other concurrent transmission methods for mmWave
communications have been proposed for WSN, rather than VANETs [72–74]. The
authors of [72] formulated the concurrent transmission scheduling problem as an
optimization problem to maximize the number of flows to satisfy the quality-of-
service requirements of each flow. In [73], relay selection and spatial reuse were
jointly optimized to improve network throughput and a blockage robust algorithm
was proposed. The authors of [74] minimized transmission time by solving an
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optimization problem. Although these algorithms for concurrent transmissions
presented in [71–74] achieved efficient spatial reuse, redundant data were trans-
mitted because their primary objective was not data sharing and thus, they did not
consider situations where the same data are sent to different receivers. Addition-
ally, they did not consider geographical information.

The authors of [78] proposed an RSU-controlled scheduling that maximizes
system throughput in hybrid V2I/V2V communications. This algorithm realizes
concurrent dissemination based on the graph theory. It also adopts a data caching
mechanism. The algorithm proposed in [78] generates graphs for dissemination
scheduling, where the set of vertices represents potential transmissions consisting
of a transmitter, receiver, and data, and the set of edges represents pairs of trans-
missions that cannot be performed at the same time. The authors of [78] proved
that optimal scheduling can be obtained by solving the MWIS problem for a gen-
erated graph. However, because the algorithm in [78] assumes omnidirectional
antennas, interference calculations must be extended for mmWave communica-
tions, where narrow-beam directional antennas are utilized. Additionally, there
is still room to improve the efficiency of data transmissions for cooperative per-
ception by leveraging the geographical information in perceptual data. Thus, a
data-sharing algorithm in mmWave vehicular networks that increases perceivable
regions should be developed for traffic safety, especially when data-sharing time
is limited.

5.3 System Model

The system model of data sharing with mmWave concurrent transmissions is
shown in Figure 5.1. At an intersection, there are vehicles equipped with mmWave
communication devices for data transmission via V2V channels and microwave
communication devices for control signal transmission via V2I channels. Vehicles
participating in cooperative perception are selected among vehicles within tens
of meters from the center of the intersection considering stopping distance. The
number of participants is also limited to Nv vehicles because it is difficult to
complete data sharing owing to the time limit when the number of participants is
large. The vehicles perceive the surrounding environment utilizing their sensors,
such as LiDARs or cameras. It is assumed that the vehicle sensors cover a
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Figure 5.1: System model of data sharing with mmWave concurrent transmissions
(Top view). ©2019 IEICE

surrounding rectangular region (on road segments) or cross-shaped region (at the
intersection), bounded by the buildings along the roads and their sensor range rs.
The data generated by vehicle vi is denoted as di. The sizes of di are assumed to be
approximately the same among vehicles for simplicity. The vehicles share the data
with each other to obtain information regarding the intersection and then perform
cooperative perception.

Data are transmitted through mmWave V2V channels to reduce the pressure
on V2I channels. However, control signals, which must be broadcasted to all
vehicles, are transmitted through microwave V2I channels. There is an RSU (or an
eNodeB) that covers all vehicles near the intersection on the microwave channel and
performs scheduling based on vehicle positions and mmWave V2V link topology.
While a large amount of sensor data are transmitted over the mmWave V2V
channels, control signals and position information, which are relatively small, can
be broadcasted by the RSU utilizing DSRC or C-V2X.

The time frame for data sharing is shown in Figure 5.2. The vehicles perform
sensing at an interval of T and generate di. The data update interval consists of the
scheduling period and data-sharing period. In the scheduling period, data-sharing
scheduling is determined by the RSU. Vehicle position information obtained from
global positioning system (GPS) is sent to the RSU, which then estimates the
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Figure 5.2: Time frame for data sharing. All vehicles generate their perceptual
data at the beginning of each data update interval. They transmit their data during
the data-sharing period. ©2019 IEICE

mmWave connectivity between vehicles and determines the preferred data to be
shared.

In the data-sharing period, vehicles share their data through mmWave V2V
channels. The data-sharing period consists of τmax time slots, each of which is
sufficiently long to transmit one datum. Let τ ∈ {0,1, . . . , τmax} denote the index
of a time slot. τmax is limited by the transmitted data volume and data rate.

By sharing data di, the perceivable region is enlarged. Let di,τ and Ri,τ denote
the dataset possessed by vehicle vi and the perceivable region of the dataset di,τ,
respectively. Ri,τ is defined as Ri,τ B

∪
d∈di,τ R(d), where R(d) denotes the

perceivable region of d (i.e., the region covered by the sensor of a single vehicle).
At the beginning of the data-sharing period, the datasets are initialized as di,0 ←
{di}. When vehicle vi transmits dk ∈ di,τ to vehicle v j , v j updates its dataset d j,τ

as follows:

d j,τ+1 ← d j,τ ∪ {dk}. (5.1)

Subsequently, the area of region Rj,τ is enlarged. System performance is evaluated
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based on the normalized perceivable area, which is defined as follows:

Ŝτ B S(Ri,τ)/S(Rall), (5.2)

where S(R) and Rall denote the area of region R and the area covered by all data,
defined as Rall B

∪Nv
i=1 R(di), respectively.

At the end of the data-sharing period, the vehicles regenerate di by sensing.
Then, the RSU collects vehicle position information and determines scheduling
for sharing new perceptual data in the following scheduling period.

5.4 Data-Sharing Algorithm

In the scheduling period, the RSU selects transmitters, receivers, and data to be
transmitted during each time slot. First, the RSU constructs a vehicular network
graph that represents the network topology of the mmWave vehicular network
by estimating the connectivity between vehicles based on their positions and a
propagation loss model. Second, a graph that is utilized to determine concurrent
transmission behavior is constructed from the vehicular network graph for each
time slot. Because the vertices of the graph represent transmissions, each of which
consists of a transmitter, receiver, and data to be transmitted, and the edges of the
graph represent conflicts between two transmissions, independent sets in the graph
represent sets of transmissions that do not conflict with each other. Therefore, by
solving the MWIS problem for the graph, referred to as a scheduling graph, the
optimal concurrent transmission can be found for each time slot.

Although the proposed algorithm is based on that in [78], considered system
model in this chapter is quite different from that in [78]. First, quite a short period
(i.e., 100 ms) is considered, while long-span dissemination was discussed in [78].
Because [78] designed a prioritization based on vehicle mobility over a long period,
the prioritization design is modified to enlarge perceivable regions within a short
period. Second, objective of the proposed algorithm is to share data generated by
vehicles with each other, while [78] assumed that each vehicle requests data that
is stored in the RSU. This chapter proves that data sharing can be completed by
the proposed algorithm if the vehicular network graph is connected and there are
enough time slots. Third, a scheduling graph construction scheme is redesigned in
order to apply mmWave communications for data transmission. Especially, conflict
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rules between two potential transmissions are modified to reflect the mmWave
propagation characteristics. Finally, data are transmitted through V2V channels
to reduce the pressure on V2I channels, while [78] utilized both V2I and V2V
channels for data transmission. The following subsections describe the details of
constructing a vehicular network graph and scheduling graph.

5.4.1 Vehicular Network Graphs

The RSU estimates the connectivity between each pair of vehicles and defines the
vehicular network graph Gv as follows:

Gv B (V,L) , (5.3)

L B {{vi, v j} | vi, v j ∈ V,LOSS(vi, v j) ≤ θ}, (5.4)

whereV, L, LOSS(vi, v j), and θ denote the set of vehicles, set of vehicle connec-
tions, mmWave propagation loss between vi and v j , and a threshold that indicates
that mmWave communications are possible, respectively. The mmWave propaga-
tion loss can be obtained from the path loss models proposed in [22]. The authors
of [22] measured the propagation loss of 60-GHz mmWave channels when there
were one, two, or three vehicles between the transmitter and receiver. For scenarios
with more than three blockers, [13] provided an extension to the path loss model.
Another approach for predicting mmWave propagation loss was proposed in [70],
where the authors predicted received signal power based on perceptual data. The
threshold θ is calculated based on the Shannon capacity as follows:

B log2

(
1 +

PtGtGr/LOSS(vi, v j)
BN

)
≥ Rate, (5.5)

θ B
PtGtGr

BN
(
2Rate/B − 1

) , (5.6)

where B, Pt, Gt, Gr, N , and Rate denote the bandwidth, transmission power,
transmitter and receiver antenna gain, thermal noise power spectral density, and
rate requirements, respectively. When calculating the vehicle connectivity, the
antenna directions of the transmitter and receiver point at each other. It is also
assumed that Gv does not change within the data update interval because the
interval is very short (less than 100 ms), meaning the mobility of the vehicles is
negligible.
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Figure 5.3: Example of scheduling graph. ti j k represents a transmission in which
vehicle vi sends dk to vehicle v j . ©2019 IEICE

5.4.2 Scheduling Graph and Data-Sharing Scheduling

For every time slot τ, the RSU selects transmitter and receiver vehicles from V,
as well as data dk ∈ di,τ to send for each transmitter vehicle vi. This selection
is calculated by solving the MWIS problem for the scheduling graphs, which are
constructed as follows:

Algorithm 5.1 is utilized to construct scheduling graphs for each time slot
Gs,τ B (Tτ,Cτ,W) from Gv, where Tτ, Cτ, and W denote the set of vertices, set
of edges, and vertex weighting function such that W : Tτ → R+, respectively. R+

is the set of positive real numbers. A transmission ti j k ∈ Tτ represents a set
containing transmitter vi, receiver v j , and data dk , meaning vi transmits dk to v j .
Each element in Cτ represents a conflict between two transmissions, meaning they
cannot be performed concurrently. Further details are explained in Section 5.4.4.
The weight of vertex W(ti j k) represents the priority of each transmission, and
its definition is described in Section 5.4.3. Figure 5.3b presents an example
of a scheduling graph constructed from the vehicular network graph shown in
Figure 5.3a. From Lines 2–10 in Algorithm 5.1, a set of transmissions Tτ is
obtained by listing all directly connected pairs of vehicles (i.e., neighbors in Gv)
and data not possessed by receivers. Next, the conflict between each pair of
transmissions is calculated in Lines 11–15.

A scheduling algorithm utilizing Gs,τ is shown in Algorithm 5.2. In each
time slot, a set of transmissions tτ ⊂ Tτ is selected. After the transmissions are
performed, the datasets di,τ+1 are updated utilizing (5.1), and Gs is recalculated
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Algorithm 5.1 Constructing a scheduling graph
Input: Gv = (V,L) , di,τ

Output: Gs,τ

1: Initialize Tτ ← ∅,Cτ ← ∅
2: for all vi ∈ V do
3: for all v j in neighbors of vi do
4: for all dk ∈ di,τ do
5: if dk < d j,τ then
6: Tτ ← Tτ ∪ {ti j k}
7: end if
8: end for
9: end for

10: end for
11: for all ti j k, ti′ j ′k ′ ∈ Tτ do
12: if ti j k and ti′ j ′k ′ conflict with each other then
13: Cτ ← Cτ ∪ {{ti j k, ti′ j ′k ′}}
14: end if
15: end for
16: Gs,τ ← (Tτ,Cτ,W)
17: return Gs,τ

Algorithm 5.2 Data-sharing scheduling
Input: Gv = (V,L).

1: Initialize di ← {di} for all i
2: Obtain Gs,0 from Algorithm 5.1 with Gv, di,0

3: τ ← 0
4: while Tτ , ∅ ∧ τ ≤ τmax do
5: tτ ← MWIS of Gs,τ

6: Perform tτ and update di,τ+1

7: Obtain Gs,τ+1 from Algorithm 5.1 with Gv, di,τ+1

8: τ ← τ + 1
9: end while
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based on the updated di,τ+1. How to select transmissions in the proposed scheme is
described in the following subsection. After the scheduling for all time slots in the
data update interval is completed, each vehicle follows the determined schedule
during the data-sharing period.

5.4.3 Priority of Transmissions

To perform scheduling, the controller calculates the MWIS of Gs,τ to increase the
number of transmissions performed in each time slot. Independent sets of Gs,τ

represent sets of non-conflicting transmissions and thus, maximum transmissions
that can be performed concurrently can be obtained by solving the maximum
independent set (MIS) problem. The MIS problem is a special case of MWIS,
where the weight function W is a constant function (i.e., W(ti j k) = 1,∀ti j k ∈ Tτ).
The data-sharing algorithm with MIS is referred to as max transmission scheduling.
Although max transmission scheduling maximizes the number of transmissions,
it does not consider the perceivable region represented by the perceptual data.
When τmax is small due to the limit of the data-sharing period, the algorithm stops
before all data are shared with all vehicles. In such cases, vehicles perceive their
environments based on limited information that covers only a limited area of the
intersection.

To increase the perceivable area in such cases, prioritization for transmitted
data can be implemented. Data from near the intersection tend to overlap with each
other, because the vehicle density near intersections is higher than that far from
intersections. Therefore, it is inefficient to forward data representing areas near
intersections. In order to improve efficiency of data sharing another prioritization
scheme is proposed, where a high priority is assigned to data that represent areas
far from the intersection and lower priority is assigned to data that represent areas
near the intersection. The algorithm with this prioritization is referred to as max
distance scheduling. Distance priority can be represented as a weight function W
of transmissions ti j k as follows:

W(ti j k) B dist(pk, pc), (5.7)

where pk , pc, and dist(a, b) denote the position of vk , center of the intersection,
and distance between positions a and b, respectively.
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Although the MIS and MWIS problem are NP-hard problems, it has been
proven that a simple greedy algorithm can approximately solve these problems
with a guaranteed performance ratio of greater than or equal to 1/∆, where ∆
denotes the maximum degree of any vertex in the graph [81]. Thus, a greedy
approach is applied to the proposed scheduling algorithm.

5.4.4 Conflict Rule of Interference

When constructing Gs,τ, conflicts between transmissions ti j k ∈ Tτ must be deter-
mined to obtain the set of edges Cτ. The rules used to determine the conflicts are
referred to as conflict rules. The basic conflict rules are defined as follows:

(a) A transmitter cannot transmit different data at the same time or transmit
data to different receivers because of the use of a narrow-beam directional
antenna: ti j k conflicts with ti′ j ′k ′ if i = i′.

(b) A receiver cannot receive data from multiple transmitters: ti j k conflicts with
ti′ j ′k ′ if j = j′.

(c) A vehicle cannot transmit and receive data simultaneously because of half-
duplex communication: ti j k conflicts with ti′ j ′k ′ if i = j′ ∨ j = i′.

Because the original algorithm proposed in [78] assumed a DSRC channel and
omnidirectional antennas, the following conflict rule was added to the basic rules:

(d) A receiver near a transmitter cannot receive data from other transmitters: ti j k

conflicts with ti′ j ′k ′ if v j ∈ NGv(v′i ) ∨ v′j ∈ NGv(vi), where NGv(vi) denotes
the neighborhood of vi.

However, the conflict rule (d) does not match the considered problem because
mmWave V2V communications are utilized.

Considering the narrow beam width and high attenuation of mmWave com-
munications, it seems that the radio interference between two transmissions is
negligible. In this case, the conflict set Cτ is defined only by the basic rules: (a),
(b), and (c). However, interference sometimes occurs when an interferer is near
a receiver or the transmission direction of the desired and interfering signal are
nearly parallel.
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In order to overcome interference, a conflict rule that reflects mmWave radio
characteristics should be designed. However, it is difficult to estimate SINR during
scheduling because interference cannot be calculated before all the transmitters and
their antenna directions are determined. This section proposes an approximation
method that can be adopted for the redesigned conflict rules, which are defined for
only two transmissions and utilized when constructing the scheduling graphs.

Considering the narrow beam width and high attenuation of mmWave radio
signals, it can be assumed that the largest interference signal is the main factor of
SINR. Therefore, SINR can be approximated as follows:

SINRi,j B
P(i,j)r

BN +
∑
k,i,j

Ik

(5.8)

≈ P(i,j)r
BN +max

k,i,j
{Ik}
, (5.9)

where SINRi,j , P(i,j)r , and Ik denote the SINR at vehicle vi, whose desired signal
comes from v j , received signal strength of desired signals from v j at vehicle vi, and
interference power from vehicle vk , respectively. Although knowledge regarding
all interference signals seems to be required when calculating maxk,i,j{Ik}, a
conflict rule can be designed between pairs of transmissions by assuming that
the currently considered interferer is the largest one. The conflict rule reflecting
interference is designed as follows:

(d’) A receiver cannot receive data when interfering signals are large: ti j k

conflicts with ti′ j ′k ′ if sinr(ti j k, ti′ j ′k ′) ≤ Θ ∨ sinr(ti′ j ′k ′, ti j k) ≤ Θ, where
sinr(ti j k, ti′ j ′k ′) B P( j,i)r /(BN + Ii′) and Θ B 2Rate/B − 1.

Consider the interfering signals from v jt and vkt to vir , where I jt < Ikt . v jt and
vkt attempt to transmit signals to v jr and vkr , respectively, and vir receives signals
from vit . If sinr(titira, tktkrb) ≤ Θ, then the concurrent transmission of titira and tktkrb

cannot be scheduled by the proposed algorithm. Therefore, when calculating the
interference from v jt to vir , there is no need to consider interference from vkt , and
the interference from v jt is assumed to be the largest. This assumption can be
extended inductively for more than three transmitters.

88



Section 5.4

5.4.5 Required Time Slot for Complete Data Sharing

In this subsection, the situation where sufficient time slots are available to complete
data sharing is discussed. First, it is proven that the proposed scheduling algorithm
terminates in finite time and that all data are shared with all vehicles if the data-
sharing time is not limited and the vehicular network graph Gv is connected. Then,
the bounds for the required number of time slots are discussed.

Theorem 5.1. If Gv is connected, the proposed data-sharing algorithm terminates
in finite time, and all the data initially possessed by vehicles are shared with all
vehicles when the algorithm terminates, which can be expressed as follows:

∀i, di,τend = {d1, . . . , dNv}, (5.10)

where τend denotes the step count at the end of Algorithm 5.2.

Proof. First, the proposed algorithm is proven to terminate in finite time and then,
is is proven that all vehicles possess all data at the end of the algorithm.

Let nτ denote the total size of the dataset di,τ, defined as nτ B
∑Nv

i=1 |di,τ |, where
| · | represents the cardinality of a set. When ti j k is performed, meaning vehicle
v j receives data dk , nτ is updated as nτ+1 ← nτ + 1 because Tτ is constructed
from all elements in ti j k that satisfy dk < d j,τ (Lines 5–7 in Algorithm 5.1). Let
mτ B | tτ | denote the number of transmissions selected by the RSU. Then, nτ is
updated as nτ+1 ← nτ + mτ in each time slot. Meanwhile, the maximum value of
nτ is bounded by N2

v . Therefore, the algorithm terminates in finite time if at least
one transmission is selected in each time slot.

Next, it is proven that if there exists a vehicle that does not possess all data, at
least one transmission can be performed. Assume vi does not possess d j , which
means d j < di. Then, there exists a connected pair {vα, vβ} ∈ L on the paths
between vi and v j that satisfies d j ∈ dα ∧ d j < dβ because at least v j possesses
d j . Note that the paths between vi and v j exist because Gv is connected. Hence,
tαβ j ∈ Tτ because vα possesses d j and vβ does not possess d j , meaning Tτ , ∅. An
independent set of a graph is not ∅ if a vertex set of the graph is not ∅. Therefore,
Gs,τ has an independent set whose size is greater than zero.

If not all vehicles possess all data, a transmission can be performed and thus,
the algorithm does not terminate. When the algorithm terminates, all vehicles
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possess all data. Because it is guaranteed that the algorithm always terminates in
finite time, all data can be shared with all vehicles in finite time. □

Now, the bounds of τend satisfies the following corollary:

Corollary 5.1. If the vehicular network graph Gv is connected, τend is bounded
as,

N2
v − Nv

⌊Nv/2⌋
≤ τend ≤ N2

v − Nv, (5.11)

where ⌊·⌋ represents the floor function.

Proof. At the beginning of the algorithm, it is clear that n0 = Nv. From (5.10),
nτend = N2

v . Meanwhile, nτend is also written as nτend = n0+
∑τend−1
τ=0 mτ. Because ve-

hicles cannot transmit and receive data simultaneously, mτ satisfies mτ ≤ ⌊Nv/2⌋.
Additionally, mτ also satisfies mτ ≥ 1 because at least one transmission is per-
formed in each time slot. Therefore, τend satisfies (5.11). □

On one hand, τend is equal to the upper bound if only one vehicle transmits
data in every time slot. On the other hand, τend achieves the lower bound if
half of the vehicles send data in every time slot, which is the optimal case under
the constraint that each vehicle cannot send and receive data simultaneously. In
Section 5.5, simulation results demonstrate that τend is near the lower bound in
many cases.

5.5 Simulation Evaluations

This section evaluates the proposed algorithm through simulations. The simulation
parameters are summarized in Table 5.1. In the simulations, the distribution
of inter-vehicle distance followed an exponential distribution. This assumption
was confirmed in [82], where the authors demonstrated that the distribution of
inter-vehicle distance follows an exponential distribution based on empirical data
collected in a real environment. It was assumed the average distance between
vehicles lavg in each lane was approximately the same as the stopping distance for
traffic safety. In the evaluated situations, lavg = 20 m and 40 m, which are slightly
larger than the stopping distances when the velocity is 40 km/h and 60 km/h,
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Table 5.1: Parameters of mmWave concurrent transmission simulations.

Parameters Values

Number of lanes 4
Lane width 3.5 m

Sidewalk width 4 m
Sensor range rs 50 m
Bandwidth B 2.16 GHz

Thermal noise N -174 dBm/Hz
Data rate Rate 1 Gbit/s

Transmission power Pt 10 dBm
Antenna beam width 15◦, 30◦

respectively [83]. An intersection with two roads and four buildings was evaluated
assuming an urban area. Each road had four lanes and sidewalks on both sides.
Each vehicle was modeled as a rectangle with a size of 1.7 m × 4.4 m. The Nv

vehicles closest to the center of the intersection shared their data with each other.
The number of participants Nv was fixed to 20 and 40 when lavg was 20 m and Nv

was fixed to 10 and 20 when lavg was 40 m. If
(
lavg,Nv

)
= (20 m,20) and (40 m,10),

the perceivable region with shared data covers (25 m + rs/2) from the center of
the intersection, because vehicles within approximately 25 m of the center of the
intersection participate in data sharing. When the number of vehicles is doubled,
perceivable region covers (50 m + rs/2) from the center of the intersection. The
achievable coverage is sufficient for some applications, e.g., accident or congestion
detection system with which a driver or self-driving system gets alerts and stops
or slows down the vehicle when an accident or congestion is detected at the
intersection. The number of blocking vehicles was decided by drawing lines from
the transmitter to the receiver vehicles and counting the vehicles on the line as
in [13]. The number of blockers was used to calculate the pass loss based on
the model proposed in [22] and construct vehicular network graph Gv from (5.3)
and (5.4). Threshold is calculated by (5.6) based on the Shannon capacity when
deciding connectivity between two vehicles. Therefore, links that do not have
enough capacity are never used to transmit data by the proposed algorithm. In
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Figure 5.4: Normalized perceivable area as a function of the number of time slots
when

(
lavg,Nv

)
= (40 m,20) and beam width is 15◦. The normalized perceivable

area is enlarged by utilizing the conflict rule (d’). ©2019 IEICE

the simulations, transmission succeeds when the data rate is less than the Shannon
capacity calculated using SINR. It is also assumed that if the buildings blocked their
LOS path, vehicles could not communicate with each other because of blockage
effects. The antenna gain was calculated from the reference model in [84], which
is originally developed for the IEEE 802.15.3c standard and adopted in the channel
model measurements of the IEEE 802.11ad in [85]. Sensor range is decided to
50 m as typical value of spatial sensors, e.g., cameras and LiDARs.

In the simulations, the RSU first determined the scheduling. Next, vehicles
transmitted data based on the scheduling. When interference occurred, a receiver
failed to receive data. If a transmitter was scheduled to transmit data that it did not
possess, it did not transmit any data during that time slot.

Figure 5.4 presents the normalized perceivable area Ŝτ defined in Section 5.3
as a function of the number of time slots τ when

(
lavg,Nv

)
= (40 m,20). When

the proposed data-sharing algorithm was used, the perceivable areas Ŝτ were
enlarged by data sharing at first. Then, Ŝτ saturated when τ ≥ 40 because the
entire region Rall was covered by the shared perceptual data. In other words,
transmitted data after τ ≥ 40 did not contribute to enlarging the perceivable area
because of overlap. Finally, the algorithm terminated at τ = 61 when all scheduled

92



Section 5.5

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 1.1
Normalized perceivable area Ŝτ
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Figure 5.5: Empirical CDF of normalized perceivable area when
(
lavg,Nv

)
=

(40 m,20). Nearly all vehicles achieve 90% of the perceivable area at τ = 40 when
the conflict rule (d’) is utilized. ©2019 IEICE

transmissions were completed. The proposed algorithm achieved approximately
twice the perceivable area compared with the conventional algorithm at τ = 40.
This is because the conventional algorithm assumed microwave communications
and thus, few vehicles could transmit data concurrently because of the conflict
rule (d), which was designed for microwave communications. In contrast, the
proposed method achieved efficient concurrent transmission because its conflict
rules reflect mmWave radio characteristics. Additionally, adopting the conflict rule
(d’) enlarged the perceivable area because when this rule is not adopted, certain
interferences cannot be avoided and data sharing cannot be completed owing to
transmission failure.

The empirical CDF of the normalized perceivable area Ŝτ is shown in Fig-
ure 5.5. When utilizing the conflict rule (d’), nearly all vehicles achieved 90%
of the normalized perceivable area at τ = 40, whereas only 86% of the vehi-
cles achieved 90% of the normalized perceivable area where interference was not
considered when determining the scheduling.

The normalized perceivable areas with different inter-vehicle distances and
number of vehicles are shown in Figure 5.6. The beam width was 15◦. When
the vehicle average inter-vehicle distance was the same, the smaller the number of
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Figure 5.6: Normalized perceivable area when
(
lavg,Nv

)
= (20 m,40) , (20 m,20) ,

(40 m,20) , (40 m,10) and the beam width is 15◦. The differences between
the performances with and without the mmWave interference conflict rule are
smaller when the number of participants is small or inter-vehicle distance
is large. Averages of normalizing factors S(Rall) in (5.2) for

(
lavg,Nv

)
=

(20 m,40) , (20 m,20) , (40 m,20) , and (40 m,10) are 6,161 m2, 3,949 m2, 5,793 m2,
and 3,616 m2, respectively. ©2019 IEICE

vehicles, the faster the data sharing terminated. This is confirmed by (5.11). It is
also shown that the superiority of adopting conflict rule (d’) does not depend on
lavg and Nv. The performance gain of adopting conflict rule (d’) is larger when
the number of participants is large or the inter-vehicle distance is small because
interference is more likely to occur in these cases.

Figure 5.7 presents the normalized perceivable areas with beam widths of 15◦

and 30◦, when
(
lavg,Nv

)
= (40 m,20). The differences between the beam widths of

15◦ and 30◦ were larger when the conflict rule for mmWave interference was not
adopted compared with when the rule (d’) is adopted. This is because interferences
occur more frequently with a wider beam width, but the proposed conflict rule (d’)
can successfully avoid interference.

Differences between the two priority designs when
(
lavg,Nv

)
= (40 m,20)

is shown in Figure 5.8. The max distance scheduling design achieved a larger
perceivable area than the max transmission scheduling design when τ ≤ 36. Ŝτ of
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Figure 5.7: Normalized perceivable area when
(
lavg,Nv

)
= (40 m,20) and the beam

width is 15◦ and 30◦. The differences between the beam widths of 15◦ and 30◦ are
larger when the mmWave interference conflict rule is not adopted compared with
when the rule (d’) is adopted. ©2019 IEICE
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Ŝ τ

max transmission
max distance

Figure 5.8: Normalized perceivable area with the different priority designs, when(
lavg,Nv

)
= (40 m,20) and beam width is 15◦. The conflict rule (d’) is adopted.

The perceivable area can be enlarged by prioritizing data far from the intersection
when the number of time slot is limited. ©2019 IEICE
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Figure 5.9: Empirical CDF of the number of time slots required to share all data.
The conflict rule (d’) is adopted. The beam width is 15◦ and inter-vehicle distance
is 40 m. Black vertical lines represent lower bounds. The proposed algorithm
achieves near-optimal scheduling. ©2019 IEICE

the max distance design was 20% larger than that of the max transmission design
when τ = 8. Based on the max distance scheduling, data far from the center of
the intersection were transmitted at first and thus, the overlapping regions tended
to be smaller than those in the algorithm without such priority control. Therefore,
Ŝτ became larger than that in the max transmission scheduling design. When the
number of time slot was limited, such that τmax ≤ 36, the max distance scheduling
design provided a larger perceivable area during every data update interval.

Figure 5.9 shows empirical CDF of the number of time slots required to share
all data, denoted τend, when τmax is much larger than τend. Inter-vehicle distance
was assumed to be 40 m. From (5.11), the lower bounds of τend were calculated as
18, 30, and 38, for Nv = 10,15,20. The lower bounds are depicted as black vertical
lines in Figure 5.9. In most cases, τend were closer to the lower bounds than the
upper bounds of 90, 210, and 380. In very few cases, as shown in Figure 5.9,
the data-sharing algorithm terminated after fewer iterations than the lower bounds.
This is because the vehicular network graphs Gv were disconnected in such cases
and thus, the data-sharing algorithm terminated before all data were shared. The
differences between the protocols with and without prioritization can be observed
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when Nv = 20. The max transmission scheduling design achieved efficient data
sharing because it maximized the number of transmitted data at each time slot,
meaning the algorithm terminated faster than the max distance scheduling design
when data-sharing time was not limited.

5.6 Conclusions and Future Works

This chapter proposed a data-sharing scheduling method with concurrent trans-
mission for mmWave VANETs for cooperative perception. The algorithm in [78]
was modified by designing a conflict rule that represents mmWave communication
characteristics and a weight function that prioritizes data to be forwarded to enlarge
the perceivable area. Simulation results demonstrated that the proposed conflict
rule for scheduling graphs achieved a larger perceivable area compared with the
original rules, which did not consider directional antennas. Priority control meth-
ods also enlarged the perceivable region by sharing data that covered areas far from
an intersection at first. The priority control worked efficiently in situations where
the number of time slots was limited. This chapter also proved that the proposed
algorithms terminate in finite time and all data can be shared with all vehicles if a
vehicular network is represented as a connected graph and there are sufficient time
slots.

Future direction of this work is developing a data-aggregation and vehicle-
selection method for reducing redundant data transmissions. The algorithm pro-
posed in this chapter transmits data without considering overlapping regions cov-
ered by multiple data. To suppress the transmission of data representing overlap-
ping regions can reduce data traffic without reducing the perceivable area. The
data-aggregation method that aggregates some overlapping data to a single datum
also reduces the amount of data to be transmitted. When the vehicles densely
located, to select vehicles generating data considering their sensor coverage can
reduce data transmissions including the same regions.

Another interest is to develop a scalable distributed scheduling method. In
the proposed algorithm, an RSU, which act as a central controller, determines
the schedule based on information from all vehicles participating in cooperative
perception. When the number of vehicles is large, it is difficult for a central
controller to obtain accurate information from all vehicles and to perfectly control
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whole schedules because mmWave channels vary rapidly. Therefore, distributed
scheduling including hybrid schemes of centralized and distributed scheduling
should be developed to reduce the amount of vehicle information transmitted to
the RSU and to allow vehicles to decide scheduling autonomously using their own
information.

98



Chapter 6

Conclusions

This thesis presented high-throughput vehicular communications with cooperative
methods and applications in order to further improve traffic safety and efficiency
and to realize diverse services by sharing the large amount of data obtained from
vehicles. This thesis focused on cooperative MIMO, cooperative mmWave relay
expansion, and concurrent transmission for cooperative perception.

The first topic was a vehicular cooperative MIMO scheme, which increases the
channel capacity by coordinating multiple transmitters and multiple receivers and
forming a large virtual MIMO system. This thesis proposed a precoding scheme
with limited CSIT, which drastically reduced the amount of CSI feedback. An
iterative MIMO detector was also proposed to overcome the inter-receiver inter-
ference caused by the lack of CSIT. The iteration scheme updating log likelihood
ratio of transmitted signals and improves the BER performance.

The second topic was mmWave relay expansion for V2I. Although mmWave
communications realize high-throughput data transmission, the RSU coverage
tends to be small because of high attenuation by oxygen absorption and blockage
effects. To solve this problem, multihop relaying can be utilized, and enlarging the
relays increases the coverage. This thesis proposed a RL-based relay-expansion
algorithm, where vehicles cooperatively change their relative positions to expand
relays by avoiding blockages. The RL-based strategy achieved larger coverage
than when the vehicles are distributed randomly, even when half of the mmWave
vehicles employed the proposed RL algorithm. In addition, the RL-based strat-
egy increased coverage, even when the vehicle density and penetration ratio of
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mmWave vehicles differed from those of the learning phase.
The third topic was cooperative perception with mmWave concurrent transmis-

sion. In order to expand the areas that vehicles perceive at intersections with poor
visibility, vehicles share their perceptual sensor data with each other. A concur-
rent transmission scheduling was proposed to disseminate sensor data efficiently
considering antenna directionality. A conflict rule was utilized to realize mmWave
concurrent transmission and a weight function for prioritization was applied to
enlarge the perceivable area. The proposed algorithms were proven to terminate in
finite time, and all data can be shared with all vehicles participating in cooperative
perception.
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