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Chair of the Supervisory Committee:

Sumit Roy

Electrical and Computer Engineering

As public safety migrates from existing digital Land Mobile Radio (LMR) networks to Third

Generation Partnership Project (3GPP) based FirstNet, an issue of key concern is coverage.

To handle off-network scenarios, 3GPP has introduced Sidelink, a communication link that

facilitates direct communication between user equipment (UE). In this thesis, we analyze and

propose improvements to the two standards which constitute the Sidelink, Fourth Generation

(4G) Long Term Evolution (LTE) Proximity Services (ProSe) and Fifth Generation (5G) New

Radio (NR) Cellular Vehicle-to-Anything (C-V2X).

As both standards are relatively new and poorly understood, we attempt to model them

in terms of their Key Performance Indicators (KPIs). These models allow us to validate the

performance of the network simulator 3 (ns-3) implementations of these standards and to

determine how best to set the Physical (PHY) and Medium Access Control (MAC) layer pa-

rameters to optimize the KPIs. The challenge in any real-world scenario is that some number

of PHY parameters that contribute to the performance of a KPI (e.g., the number of UE

participating in the ad hoc network) are hidden from UEs, hindering the optimal setting of

PHY/MAC parameters. To deal with this challenge, we use the previously developed models

to aid in learning the hidden parameters during operation and set PHY/MAC parameters

according to those approximations, thereby improving performance.



In ProSe, we examine the performance of the ProSe Device-to-Device (D2D) direct dis-

covery process in out-of-coverage scenarios. We model individual discovery periods as a

slotted random access protocol with half-duplex (HD) UE and the entire discovery process

as a modified coupon collectors problem. We use the open-source network simulator 3 (ns-3)

to validate our model and evaluate the discovery process’s performance as a function of the

size of the resource pool, UE density, and transmission probability. We establish there exists

an optimal transmission probability that minimizes discovery time for a given network con-

figuration and develop a method to allow UEs to learn the optimal transmission probability

during discovery by estimating the hidden parameters.

For C-V2X, we present a novel distributed blind retransmission algorithm in out-of-

coverage (mode 2) scenarios. Our contribution is intended as an enhancement to standard

(3GPP) specified sensing-based Semi-Persistent Scheduling (SPS) resource re-allocation by

opportunistically reusing blind retransmissions to improve average per-user throughput for

UE-to-UE transmissions. We initially develop a detailed cross-layer model for (per user)

throughput of 5G NR mode 2, supported by simulations using the reputable open-source

ns-3 (www.nsnam.org) network simulator. This model and simulation analysis provided

important insights into the underlying causative trends and led to two novel distributed

adaptive algorithms for resource selection: an initial standards-compliant Dynamic Retrans-

mission (D-Re) and a final standards non-compliant Opportunistic Retransmission (O-Re)

algorithm. We show that both D-Re and O-Re render average per-UE throughput robust

even in the absence of direct knowledge of 5G network parameters, while O-Re significantly

improves the averaged per-UE throughput at high UE densities.
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Chapter 1

INTRODUCTION

1.1 Background

Release 12 of the 3rd Generation Partnership Project (3GPP) defined the concepts of Sidelink

(SL) for direct device-to-device (D2D) communications, underpinning Proximity Services

(ProSe) to support public safety applications, [2]. Public safety users have ultra-high-

reliability requirements and are often called into situations with no or degraded network

coverage. ProSe addressed this by creating mechanisms for D2D communications and user

equipment (UE) relaying (a single hop patching off-network UE onto the network through

an on-network UE). However, given the small market share of public safety users, ProSe-

enabled chips are scarce [3]. The recent more promising development is a 3GPP proposal

to adapt ProSE features for vehicular communications, which started with LTE-V (Rel-14)

and has now matured into Fifth Generation (5G) New Radio (NR) based Cellular Vehicle-

to-Anything (C-V2X).

Aside from economic issues, LTE ProSe also suffered from latency and throughput issues,

see Tab. 2.1, caused by the channel only being accessible periodically and in sequence

(control then data) in LTE modes 1 and 2. NR C-V2X, needing higher performance, elected

to use what were originally LTE modes 3 and 41 to enable the simultaneous transmission

of control and data to reduce latency and increase throughput. However, even with these

improvements, C-V2X does not support all of the features from ProSe, most importantly

relaying and its required discovery mechanism. A key concern with the transition to cellular

technologies is reducing coverage relative to existing Land Mobile Radio (LMR) networks.

1Note that in NR C-V2X, and in Chapter 3, these transmission modes are referred to as modes 1 and 2
respectively.
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From [4], “3GPP systems deliver less coverage area when compared to LMRs. Furthermore,

they can also experience relatively low data rates and dropped communications at the cell

edge”. This lack of cellular coverage is especially noticeable in low-population or remote

areas where existing cellular coverage is minimal. This leads explorations into the ProSe

discovery mechanism to be of continuing relevance, as some sort of analogous feature needs

to be built into C-V2X to ensure full functionality for public safety users.

Prior work on off-network ProSe discovery can be broadly divided into several cate-

gories; 1) modeling ProSe discovery has included [5–7] which include both mathematical and

simulation-focused studies into the effects of various aspects of the discovery mechanism,

and 2) proposed improved discovery algorithms, [8–10], including piggybacking discovery on

another preexisting signal (in this case the demodulation reference signal (DMRS)) [8], ap-

plying spread spectrum like techniques to improve decode probabilities [9], and modulating

discovery parameters during runtime to minimize discovery completion time, [10].

Use Case
Payload

(bytes)

Tx Rate

(messages/s)

Maximum End-to-

End Latency (ms)

Reliability

%

Data Rate

(Mbps)

Required Communications

Range (m)

Vehicle

Platooning
50-6000 2-5 10-25 >90 ≤65 80-350

Advanced

Driving

SL:300-12000

UL: 450

SL: 10-100

UL: 50
10-100 >90

SL: 10-50

UL: .25-10

DL: 50

360-700

Extended

Sensors
1600 10 3-100 >90 10-1000 50-1000

Remote

Driving
16000-41700 33-200 5 99.999

UL: 25

DL: 1
≥ 1000

Table 1.1: NR C-V2X Use Cases and Requirements, [1]

Although NR C-V2X may, by its nature, have naturally lower latency and higher through-

put than LTE ProSe, that does not mean it can yet achieve the required metrics for its

imagined use cases. Tab. 1.1 shows the use cases as originally presented in [1]. Although

these use cases are of a vehicular nature, they provide insights into the goals for various
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metrics, which are also of relevance to public safety users; for the purposes of this thesis,

the most relevant being reliability and data rate. The greatest challenge in off-network com-

munications is the distributed nature of channel access, potentially causing collisions, see

Fig. 3.2. NR C-V2X attempts to address this by introducing a distributed channel access

mechanism called semi-persistent scheduling (SPS). The SPS scheme is used to monitor the

channel and transmit only where the device perceives it to be available, similar in concept,

but not execution, to carrier sense multiple access.

Studies of the C-V2X generally focus on the SPS scheme and can be categorized as; 1)

efforts to model SPS throughput or latency through a variety of means [11–13], 2) simulation

focused campaigns that attempt to understand the same trends as modeling, [14–17], through

the creation of novel simulation frameworks [14,15,17], or through the use of preexisting ns-

3 implementations ( [18]) like [16], 3) or algorithmic improvements to the SPS algorithm,

[11, 19–24], including modulating the resource reservation rate, [11, 21, 23], through the use

of reinforcement learning, [19,24], or through the use of the zone ID to partition the channel

in some way based on a spatial aspect, [20, 22].

Despite the prior work on both LTE ProSe discovery and NR C-V2X SPS, there are

still important unexplored problems. Although both technologies have separate problems,

a lack of accurate and feature encompassing modeling limits our ability to understand the

process and properly improve it. In both cases, existing modeling tends to oversimplify the

process, thus precluding certain insights be gained from them. Further, previously proposed

algorithms tend to rely on either significant changes to the standards2 or not work in practice

because of some restrictive assumptions3. These deficiencies lead to the desire to improve 1)

modeling of and 2) algorithms for both LTE ProSe discovery and NR C-V2X SPS.

Our work on both LTE ProSe and NR C-V2X are linked through their goals of minimizing

latency. For Prose, the connection to latency is quite direct. The goal of Chapter 2 is to

2Introducing spread spectrum, [9], modifications to the DMRS, [8].

3foreknowledge of some hidden parameters, [6, 20, 22], additional features not present in off-network
contexts, [19, 24], lack of control of certain parameters by the MAC [11,21,23].
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minimize the discovery process completion time. This is an overt form of latency (the time

between beginning discovery and decoding the last discovery message) minimization. My

work in Chapter 3’s relation to throughput is more circuitous. As We will show in Chapter

3 the key method of improving NR C-V2X throughput is by improving the packet reception

ratio. The key latency metric in NR C-V2X is packet inter-reception time, or the time

taken between receiving unique packets4 Increasing the packet reception ratio, in addition

to improving throughput, has the added effect of reducing the packet inter-reception time

because new packets are more often received, thus minimizing latency.

1.2 Summary of Research Contributions

As part of studying cellular public safety communications, we evaluate two key technologies,

Discovery in LTE ProSe and SPS in NR C-V2X. In LTE ProSe discovery, the objective is to

minimize the discovery completion time, that is, the time taken to decode discovery messages

from all nearby UEs. For NR C-V2X, our explorations of SPS are focused on improving the

KPIs presented in [25], specifically packet reception ratio and throughput.

In Chapter 2, we consider the LTE ProSe discovery problem. To analyze the discovery

completion time, that is, the number of discovery periods for a reference UE to decode

packets at least once from all other UEs in the local region, we begin with a multinomial

model of packet decodes based on a simple MAC collision assumption (packets using time-

frequency resources exclusively are decoded with probability 1, and 0 otherwise). This model

of a single discovery period allows us to extend this model to the entire discovery process

using a modified coupon collectors problem. We then use our model to discover 1) the effects

of the duplexing assumption on LTE ProSe discovery, specifically by how much relaxing the

half-duplex effect (the ability for UEs to transmit and decode packets simultaneously) to a

frequency division duplex effect (UEs can transmit and decode at the same time, so long at

the other UE does not use the same frequency) affects the discovery completion time, and 2)

4This is because there is no HARQ and no repeated packets in broadcast mode.
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how the choice of underlying “set-and-forget” discovery parameters can be used to optimize

the discovery process, given certain hidden PHY parameters (chiefly UE density) are known.

We show that there exists a parameter θ, which governs the probability of transmission in

a discovery period for a given UE density, that minimizes the discovery completion time.

An algorithm is presented using the stochastic gradient descent method, which is capable of

learning the underlying unknown UE density using our model of discovery completion time

after a training phase. With this, we can adjust θ during run time to minimize discovery

completion time under any circumstances. We use both Matlab and ns-3 to validate the

modeling work and test the performance of our proposed algorithm, comparing it to both

the standards algorithm and one proposed in [10]. We show that the proposed algorithm

improves performance over both the standards algorithm with poorly set θ (a challenge given

unknown UE density) and over the algorithm presented in [10].

In Chapter 3, we consider the problem of maximizing throughput and packet reception

ratio, which has the effect of minimizing latency. The focus of this model is on the ways

in which packets fail to be decoded; through half-duplex effects, UEs are assumed to be

half-duplex and can’t transmit and receive simultaneously, through finite transmission range

error, UEs must perform a form of energy detection before packet decoding, low receive power

results in a form of energy detection error, and collisions, when two or more UEs transmit

using the same time-frequency resources another listening UE can fail to decode any if the

SINR fall too low. The majority of the modeling is focused on collision errors, an issue of high

importance in off-network communications. With the model of throughput, we learn that

the parameter NSe, which controls how many duplicate copies of a packet are transmitted

at each transmission opportunity, can be used to affect the packet reception ratio through

repetition coding gains and further that an optimal value exists for NSe for a known UE

density. We propose an algorithm called dynamic retransmission (D-Re) to tune NSe during

runtime. The procedure and premise are similar to the algorithm proposed for LTE ProSe

discovery. By learning the underlying UE density, we can tune a parameter that affects the

density of packets in the channel. The primary innovation over our discovery algorithm is
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the elimination of the training phase, with the D-Re algorithm training continuously during

operation. Going beyond the D-Re algorithm, we propose a second, non-standards-compliant

algorithm called opportunistic retransmissions (O-Re). The O-Re algorithm involves selec-

tively overwriting the packets of UEs at the edge of a given UE’s ability to decode packets

under certain circumstances. The goal of this overwriting is to, over the entire sequence of

packets transmitted in the same resource, reduce the probability of collisions by forcing the

time-frequency resource to have a continuous occupant. We use both Matlab and ns-3 to

validate the modeling work and test the performance of our proposed algorithm, comparing

it to the standards algorithm. We show that the D-Re algorithm improves performance

over a poorly chosen NSe but can never exceed the standards algorithms performance with

a perfectly set NSe while we further show that the O-Re algorithm maintains the robustness

qualities of the D-Re algorithm it can exceed the throughput of the standards algorithm at

high UE densities where the probability of overwriting UEs at the edge is higher.

1.3 Thesis Outline

The remainder of this thesis is organized as follows. In Chapter 2, we model and analyze the

ProSe discovery process, proposing robusitification techniques and evaluating the effects of

certain receiver assumptions. In Chapter 3, we model and analyze NR C-V2X throughput,

proposing two algorithms to improve throughput. This thesis includes the materials from

the author’s previously published paper, [26–28], and one accepted paper, [29].
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Chapter 2

4G LTE PROXIMITY SERVICES DEVICE-TO-DEVICE
DIRECT DISCOVERY: ANALYSIS AND ENHANCEMENTS

2.1 Motivation

A key component of ad-hoc network formation is the device discovery process in Fourth Gen-

eration (4G) Long Term Evolution (LTE), wherein a user equipment (UE) learns about the

presence of other UEs in the vicinity and their capabilities. LTE Sidelink discovery occurs

over many “discovery periods” with periodicity discPeriod [30] which can take values in bi-

nary multiples of 0.32 s (i.e., 0.32, 0.64, 1.28, 2.56, 5.12, and 10.24 s). LTE device-to-device

(D2D) is composed of three steps: synchronization, discovery, and data communications.

Synchronization occurs over the Physical Sidelink Broadcast Channel (PSBCH) via broad-

cast signals. Discovery messages use the Physical Sidelink Discovery Channel (PSDCH).

Finally, control messages and data transmissions using the Physical Sidelink Control Chan-

nel (PSCCH) and the Physical Sidelink Shared Channel (PSSCH), respectively. Control

messages and data transmissions repeat periodically with periods 40, 80, 160, or 320 ms [31].

The number of 1 ms sub-frames and pairs of twelve 15 kHz wide sub-carriers, called resource

blocks, devoted to each transmission type is defined before off-network sidelink transmission

begins by the network administrator. We show an example of this in Fig. 2.1.

During synchronization, UEs in a local area come to a consensus over timing to enable

subsequent transmission of data and control packets. They accomplish this by using synchro-

nization reference signals transmitted by the UEs themselves [32]. During discovery, UEs

announce their capabilities and discover those of other UEs in the vicinity. This information

is used during the subsequent communications phase to determine what content to send to

the other UEs.
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Figure 2.1: The Structure of the Sidelink Physical Channels (© 2021 IEEE)

Because the sidelink channels use the same frequency resources as the uplink, it is reason-

able to assume that network providers would disable the sidelink while UEs are connected to

the network1. Thus for a set of out-of-coverage UEs, they must first perform synchronization

and then discovery before data transmission can begin. We assume in this Chapter that UEs

have completed the synchronization step.

The key performance metric for the discovery process is discovery completion time, the

time required for a reference UE to discover all other nearby UEs. Typically, completing

1This is with the possible exception of relaying, i.e., an in-network UE acting as a relay for an out-of-
coverage UE, which is outside the scope of this Chapter.
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discovery on the order of minutes is reasonable, which corresponds to 187.5 discovery periods

during a one-minute duration with the shortest discPeriod.

In this chapter, we first analyze the efficiency of the D2D discovery process using mathe-

matical modeling and extensive network simulations. This modeling allows us to gain insights

into the discovery process and how best to set θ if all parameters (including NUE) are known

to minimize discovery completion time.

This chapter’s primary contribution is an improved discovery algorithm to select θ after

a training phase - rather than using a pre-selected θ. This training phase allows each UE to

learn the optimal θ when all parameters (most notably NUE) are unknown. We will show

that our algorithm improves upon the existing 3rd Generation Partnership Project (3GPP)

algorithm by being more robust to a lack of foreknowledge of NUE and improves upon other

attempts to optimize θ during discovery by providing for a better scaling with NUE. We will

show that by using our algorithm to select θ, discovery completion time scales as if NUE was

known for highly congested systems.

Major materials from this chapter are presented in the author’s previous publication [26],

[27]2.

2.2 Modeling Discovery

2.2.1 Modeling One Discovery Period

The D2D discovery process in mode 2 consists of individual discovery periods. During

each period, all UEs attempt to transmit on a set of shared resources called the discovery

pool. In wired local area networks, it is assumed that collision information is available upon

transmission. However, wireless UEs cannot detect collisions. Thus, no mechanism exists

to modify subsequent behavior based on collisions. Instead, UEs transmit with probability

θ ≤ 1 determined before beginning the process, as a preemptive means of collision avoidance,

since setting θ < 1 reduces the effective number of contending UEs in any period. In

2© 2019 - 2022 IEEE. Reprinted, with permission, from [26], [27].
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principle, θ can be varied period-to-period to optimize the end-to-end discovery process; this

is discussed later in Section 2.5. The discovery pool is a set of Nr = NfNt physical resource

blocks (PRB) represented as a matrix of Nf rows (a pair of twelve 15 kHz sub-carriers, each

of which is called a resource block) and Nt columns (1 ms sub-frames). Resource pool sizes

are pre-configured by the network administrator. At the beginning of each period, each

UE determines whether it will transmit with probability θ. The active UEs then randomly

choose one of the available Nr to transmit once per discovery period. Two or more UEs

selecting the same PRB leads to interference at every receiver.

(a) Example Discoveries- HD UE and

MCM; Nt = 4, Nf = 3

(b) Example Physical Distribution of UE in

Figs. 2.2a

Figure 2.2: Example Discoveries for a Given Physical Distribution (© 2021 IEEE)

All UEs are assumed to be placed randomly (distributed uniformly) on a disk of radius

R that represents a single ‘collision’ domain. If one UE transmits to another in a ‘collision’

domain, the message is assumed decodable with probability one assuming no interference. If

two or more UEs select the same PRB for transmission, we model discovery message decode
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probability using the typical legacy assumption, the MAC Collision Model (MCM). The

MCM assumes that whenever multiple simultaneous messages collide, none are decodable at

any receiving UE. Further, the Half-Duplex (HD) nature of UEs [33] implies that all UEs

which select the same sub-frame to transmit cannot decode each other’s discovery messages.

Fig. 2.2a shows the potential discoveries made based on the MCM with HD UE from the

perspective of UE 1 (shown in blue) based on the physical distribution in Fig. 2.2b. The

discovered UEs are marked in green, and undiscovered UEs are marked in red. Under the

MCM, UE 1 is incapable of discovering any UE in a multiply occupied PRB regardless of

the physical distribution of the UEs.

An alternative to HD UEs would be to enhance them by allowing them to be Frequency

Division Duplex (FDD) devices. The effects of this are shown in Fig. 2.3, which provides an

example of the differences between HD and FDD UEs.

(a) HD assumption (b) FDD assumption

Figure 2.3: Example Discoveries, HD vs. FDD (© 2019 IEEE)

Fig. 2.3a shows the resulting discoveries assuming MCM and HD from the perspective

of UE 1, shown in blue. UEs shown in green have their discovery message correctly decoded

by UE 1, while those in red have their discovery messages collide. In Fig. 2.3b, we show the
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effects of FDD on the same PRB selections; UE 7 would be discovered in this case, while

under the HD assumption, it remains undiscovered.

After each discovery period, UEs log all new UEs3 discovered in that period. Each period

is identical and memoryless since no parameters are changed based on prior results. Since

UEs have no way of confirming that other UEs have discovered them, they never cease to

transmit with probability θ, and the process repeats indefinitely.

Probability of k Discoveries in one Discovery Period

The number of discoveries made by a randomly chosen reference UE in a single discovery

period is given by the conditional probability PD(k|Np; NUE, Nr, θ) that represents the event

of k new UE discoveries by the reference UE conditioned on the current state: Np of them

being previously discovered, where the resource pool size Nr, NUE potential transmitters,

and transmit probability θ are key system parameters. We model the choice of PRB by a

transmitting UE - assuming FDD - as a set of two independent multinomial random variables

with occupancy matrices Xu,tx and Xp,tx that represent UEs which are undiscovered or

previously discovered by the reference UE, respectively.

Computation of PD(k|Np; NUE, Nr, θ) is facilitated by splitting into two primary sub-

events: (a) the event that the reference UE transmits and (b) the event that the reference

UE doesn’t transmit, denoted by TX and TX ′, respectively,

PD(k|Np; NUE, Nr, θ) = θPD(k|Np, TX; NUE, Nr, θ)

+ (1 − θ)PD(k|Np, TX
′; NUE, Nr, θ).

(2.1)

In the event (b) that the reference UE does not transmit, we can ignore the duplex

effect. Since in an individual period, all UEs transmit independently with probability θ.

It implies that (i) the number of undiscovered UEs that transmit, Nu,tx, is distributed as

Bin.(NUE−Np−1, θ) and (ii) the number of previously discovered UEs that transmit, Np,tx,

is distributed Bin.(Np, θ). We can now reformulate PD(k|Np, TX
′; NUE, Nr, θ) in terms of

3By implication, messages from UEs that are already discovered in prior periods are discarded.
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PD(k|Nu,tx, Np,tx; Nr), the probability of the reference UE discovering k other UEs given

Nu,tx undiscovered UEs and Np,tx previously discovered UEs transmit in a period is

PD(k|Np, TX
′; NUE, Nr, θ) =

NUE−Np−1∑
nu,tx=0

Np∑
np,tx=0

P (Nu,tx = nu,tx)·

P (Np,tx = np,tx)PD(k|Nu,tx = nu,tx, Np,tx = np,tx; Nr).

(2.2)

In the event (a) that the reference UE transmits, some of the other UEs may be undiscov-

erable by the reference UE due to the FDD effect. Specifically, this means that if any other

transmitting UE, undiscovered or previously discovered, select the same PRB as the reference

UE, they will be undiscoverable by the reference UE. We define the number of previously

undiscovered and previously discovered UEs which both transmit and select the same PRB

as the reference UE to be Nu,d, and Np,d, respectively. Because UEs select PRB uniformly

and independently, Nu,d is distributed Bin(Nu,tx,
1
Nr

) and Np,d is distributed Bin(Np,tx,
1
Nr

).

If we were to formulate this model using the HD assumption, these would be distributed

Bin(Nu,tx,
1
Nt

) and Bin(Np,tx,
1
Nt

) instead. Similar to PD(k|Np, TX
′; NUE, Nr, θ), we now

reformulate PD(k|Np, TX; NUE, Nr, θ) in terms of PD(k|Nu,tx, Np,tx; Nr) via

PD(k|Np, TX; NUE, Nr, θ) =

NUE−Np−1∑
nu,tx=0

Np∑
np,tx=0

P (Nu,tx = nu,tx)×

P (Np,tx = np,tx)

nu,tx∑
nu,d=0

np,tx∑
np,d=0

P (Nu,d = nu,d)P (Np,tx = np,tx)×

PD(k|Nu,tx = nu,tx − nu,d, Np,tx = np,tx − np,d; Nr − 1).

(2.3)

To determine PD(k|Nu,tx, Np,tx; Nr), we next consider how the Nu,tx +Np,tx transmitting

UEs distribute their messages into the available Nr PRB.

UE PRB Choices: Multinomial Model

The Nu,tx undiscovered transmitting UEs independently selecting one of Nr PRB randomly

can be considered sampling with replacement Nu,tx times from a set of size Nr. Let Xu,tx



14

be the occupancy vector of length Nr where the ith element of Xu,tx corresponds to the

number of undiscovered UEs which transmit using the ith PRB. Xu,tx is then a multinomial

random variable with a number of trials equal to Nu,tx, and Nr events each with probability

1/Nr, i.e., Xu,tx is distributed Mult.(Nu,tx, [1/Nr, ..., 1/Nr]). Similarly Xp,tx is distributed

Mult.(Np,tx, [1/Nr, ..., 1/Nr]). We separately account for the occupancy of undiscovered and

previously discovered UEs and rewrite PD(k|Nu,tx, Np,tx; Nr) by summing over all possible

Xu,tx and Xp,tx, shown as

PD(k|Nu,tx, Np,tx; Nr) =
∑
X1

P (Xu,tx)P (Xp,tx)P (k|Xu,tx,Xp,tx). (2.4)

In (2.4) X1 is the set of all Xu,tx and Xp,tx which can be formed with Nu,tx UEs selecting

from Nr PRB or Np,tx UEs selecting from Nr, respectively4 and P (k|Xu,tx,Xp,tx) is the

probability of k discoveries given a set of occupancy vectors Xu,tx and Xp,tx.

For the MAC collision model, the above implies that P (k|Xu,tx,Xp,tx) = 1 if and only if

there are exactly k entries in Xu,tx which have Xu,tx(i) = 1 and Xp,tx(i) = 0 (i.e. k PRBs are

occupied only by one undiscovered UE). If we used a physical (PHY) collision model, where

messages were not automatically discarded if the PRB contained more than one message,

we would need to consider all PRB occupied by at least one undiscovered UE as potential

discoveries.

Using (2.4) in (2.1), we arrive at a final computational algorithm after some simplification

as

4In actual computations Xu,tx and Xp,tx are unwieldy. The size of X1 grows rapidly with O(NNr

UE).
Hence, we use a simpler but equivalent variable formed by removing all of the entries of Xu,tx and Xp,tx

where both are equal to 0 that allows for much quicker computation.
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PD(k|Np; NUE, Nr, θ) =

NUE−Np−1∑
nu,tx=0

Np∑
np,tx=0

P (Nu,tx = nu,tx)P (Np,tx = np,tx)×

[
θ

nu,tx∑
nu,d=0

np,tx∑
np,d=0

P (Nu,d = nu,d)P (Np,d = np,d)
∑
X2

P (Xu,tx)P (Xp,tx)P (k|Xu,tx,Xp,tx)

+ (1 − θ)
∑
X1

P (Xu,tx)P (Xp,tx)P (k|Xu,tx,Xp,tx)
]
,

(2.5)

where X2 is the set of all Xu,tx and Xp,tx which can be formed with nu,tx−nu,d UEs selecting

from Nr − 1 PRB or np,tx − np,d UEs selecting from Nr − 1 PRBs, respectively.

2.2.2 Modeling the Entire Discovery Process

After each discovery period, UEs decode Nm discovery messages and log the K messages

which originate from previously undiscovered UEs5, then updates its cumulative list of dis-

covered UEs.

The probability of discovering K UEs, PD(K), and the probability of decoding Nm discov-

ery messages, Pdecode(Nm), are statistically identical if and only if the number of previously

discovered UEs, Np, is zero and all other system parameters (Nt, Nf , θ, etc.) remain con-

stant,

Pdecode(Nm|NUE, Nr, Nt, θ) = PD(K|Np = 0;NUE, Nr, Nt, θ). (2.6)

If the discovery process conforms to the standard, each period is memoryless and identical,

and no parameters are changed. Furthermore, because there is no feedback, UEs never cease

to transmit, and the process repeats indefinitely.

We focus on the discovery process for a single (randomly chosen) UE; the time (in numbers

of periods) to discover all other UEs, the discovery completion time, is NDCT . We model

the discovery process as a modified coupon collectors problem. The Markov chain describing

5By implication, UEs discard messages received from UEs that were previously discovered.
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this process is shown in Fig. 2.4. In each period, the reference UE can discover K, 0 ≤ K ≤

min(Nr, NUE − 1) new UEs.

Figure 2.4: Markov Chain Describing the Discovery Process, NUE = 8, Nr = 4 (© 2021

IEEE)

Since the 3GPP standard requires a constant θ across all discovery periods, we call this

the Fixed Transmission Algorithm to establish a baseline.

We define the state transition matrix as Φ with state transition probabilities Φi,j =

PD(i + j| i; NUE, Nr, Nt, θ) from Eq. (2.5). Note that a) UEs cannot discover more than

NUE − Np UEs (no more to discover) or b) more than Nr (only one UE can be discovered

per PRB). Because of this Φi,j = 0 for all j − i > min(NUE −Np, Nr). Additionally, once a

UE has discovered other UEs, it can not undiscover them, so Φi,j = 0 for j < i. An example

Φ is shown when NUE = 3 in Eq. (2.7),

Φ =


PD(0| 0; NUE, Nr, Nt, θ) PD(1| 0; NUE, Nr, Nt, θ) PD(2| 0; NUE, Nr, Nt, θ)

0 PD(0| 1; NUE, Nr, Nt, θ) PD(1| 1; NUE, Nr, Nt, θ)

0 0 1

 . (2.7)

The discovery completion process ends with the Markov model’s first entry into the

absorbing state. Hence, determining the mean discovery completion time is equivalent to de-

termining the mean time to absorption. Assuming we begin at state Np = 0, the Cumulative

Distribution Function (CDF) of NDCT is given by
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P (NDCT < n) = (Φn)0,NUE−1. (2.8)

Because Φ contains a single absorbing state, we can partition it into the following sub-

matrices [34],

Φ =

 Q r

0NUE−1 1

 , (2.9)

where Q is an (NUE − 1) × (NUE − 1) matrix representing the transient state transitions, r

is a length (NUE − 1) column vector representing the probability of entering the absorbing

state, and 0NUE−1 is a length (NUE − 1) row vector of zeroes. The fundamental matrix is

then

N = (I−Q)−1, (2.10)

where I is the identity matrix. The individual elements of N, ni,j, represent the mean number

of times state j is visited, given the chain began at state i. So, the mean number of periods

until discovery completion time is

E[NDCT ] =

NUE−1∑
j=0

n0,j. (2.11)

2.2.3 Model Insights

Given that the resource pool configuration Nr, and Nt is pre-determined, and NUE is outside

the network designers control, the only controllable parameter during discovery is θ; hence,

the design of algorithms for learning the optimal θ during discovery is of key interest. Using

Eq. (2.11), we can a priori calculate the optimal θ which minimizes E[NDCT ], θ∗, provided

NUE is known. We will show that in addition to minimizing E[NDCT ], θ∗ also maximizes

the per-period E[K] independent of Np, implying that constant θ∗ achieves our design goal.
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We then seek an iterative algorithm that learns θ∗ using information gained during each

discovery period for the scenarios where NUE is unknown.

Figure 2.5: E[NDCT ] as a Function of θ, MCM, Calculated, NUE = 10, Nr = 4, Nt = 4 (©

2021 IEEE)

Fig. 2.5 shows the behavior of E[NDCT ] as a function of θ for NUE = 10, Nr = 4, and

Nt = 4 with the MCM calculated using Eq. (2.11). For this parameter combination, the

minimum E[NDCT ] occurs at θ∗ = 0.4, a unique value in 0.25 ≤ θ ≤ 1 regardless of the

parameters NUE, Nr, or Nt. The existence of a minimizing θ∗ is understood as follows:

for θ > θ∗ the system will be overloaded, leading to more collisions, while for θ < θ∗ the

system will be underloaded, leading to unused PRB. This is confirmed in Fig. 2.6 that shows

individual period E[K] as a function of Np for various θ. These are found by iteratively

computing Eq. (2.5) for different θ and computing expectations of the resulting Probability

Mass Function (PMF). For this parameter combination, the max occurs at θ = 0.4 for all

values of Np, i.e., the optimal θ does not change with Np.
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Figure 2.6: E[K] as a Function of θ, MCM, Calculated, NUE = 10, Nr = 4, Nt = 4 (©

2021 IEEE)

That the θ∗ maximizing E[K] does not change with Np can be understood by breaking the

discovery process into two parts; decoding discovery messages and identifying new (previously

undiscovered) UEs from those discovery messages. Because the transmission of discovery

messages is both decentralized and memoryless, the number of messages decoded at a node

is random. So, the only way to increase the number of discoveries is to increase the number of

discovery messages decoded. The number of discovery messages decoded in a single discovery

period, Nm, is independent of the number of previously discovered UEs. This means that

choosing the value of θ myopically (for a given Nr, Nt, and NUE) that maximizes E[K] in a

period will also lead to minimizing E[NDCT ].

Selecting θ∗ relies on knowledge of NUE, Nr, and Nt. In Section 2.5.1, we explore the

solution when NUE is known to provide a lower bound. While in Section 2.5.2, we propose a

solution when NUE is unknown and show that our algorithm converges to the same solution

as when NUE is known.
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2.3 Simulation Methods to Cross Validate Mathematical Modeling and ns-3
Implementation of D2D Discovery

2.3.1 Discovery Process with Constant θ: Simulation Overview

Our mathematical model provides practical insights for small systems; for any other reason-

able scenario, we must rely on simulations of the D2D process. While Eq. (2.5) applies in

principle for systems of any scale, the number of summands scale as O(NUE!). This scaling

makes computation for large values of NUE practically impossible.

Simulations of LTE D2D sidelink use its implementation in the network simulator ns-

3 [35]6. ns-3 is increasingly adopted by industry and federal labs for wireless network perfor-

mance evaluation, primarily due to the leading-edge implementations of new network proto-

col stacks unavailable in other network simulators. The LTE Sidelink extension is a work-in-

progress supported by the US National Institute of Standards and Technology (NIST) [36].

In conjunction with the Centre Tecnològic Telecomunicacions Catalunya (CTTC) Barcelona

and U. Washington, the current effort builds on the original LTE-LENA Evolved Packet Core

(EPC) and Radio Access Network (RAN) stack features [37] in ns-3 to integrate sidelink ca-

pabilities. The NIST code provides a full implementation of the discovery process, placing

UEs, determining transmitters and their PRB, resolving collisions, and all other aspects of

LTE transmission. We modified the code to allow for parameter changes via scripting and

altered the end condition from a set timer to completion after all UEs have discovered all

other UEs7.

The ns-3 simulation output data is extracted and processed using Matlab. The ns-3 sim-

ulation traces reports all event timestamps, which UEs are transmitting, the corresponding

PRB used, and which UEs have decoded the discovery message. For all resource pool sizes

used for this Chapter, the resource pool ends well before the beginning of the next discovery

period. Because of this, there are large gaps between timestamps, which indicate breaks be-

6ns-3 is the leading open-source network simulator funded by the US National Science Foundation (NSF)
for academic researchers.

7All code required to generate and analyze the data found can be found at https://git.io/JvTDZ.
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tween periods. Using this trace information and simulation meta-data, we count the number

of periods taken for discovery completion time for each UE in each trial.

Our ns-3 simulation scenario is comprised of UEs placed over a circular disc with no

hidden nodes, i.e., any transmission by a UE can be heard by all other UEs. Further,

• UEs are distributed randomly (uniformly),

• All UE transmissions are assumed to be perfectly synchronized with slot boundaries,

• UEs transmit using LTE band 14.

We set each UEs transmit power to Pt = −10 dBm, and we assumed the noise figure on

receive to be F = 0 dB. This setting results in the coverage range for UE transmission to

have a radius R = 5000 m, so any two UEs within a separation distance R will be able to

decode each other’s discovery message with probability 1 in the absence of interference.

During simulation, we varied NUE from ⌊Nr/4⌋ to NUE = 3Nr to evaluate the system

under low and high loads. We set the number of trials N for averaging to N = ⌈10000/NUE⌉

as a function of NUE. For each (NUE, Nr, Nt) triplet (Fig. 2.7a), UEs are placed randomly

on a disk of radius 5000 m, (Fig. 2.7b).

The simulator conducts a discovery period as follows: each UE generates a standard U[0,1]

random variable independently and compares it to θ. If the randomly generated number is

less than θ, the UE is considered ‘active,’ meaning it seeks to transmit (Fig. 2.7c). Each

active UE selects one of the Nr PRBs uniformly and then transmits with Pt = −10 dBm

(Fig. 2.7d). All UE receivers scan the PRB pool to decode the discovery message using the

MCM (Fig. 2.7e). After each period, all UEs compile a list of successfully received discovery

messages and their associated PRB. The simulation ends after all UEs have successfully

received a discovery message from all other UEs at least once (Fig. 2.7f). Currently, UEs

in NS-3 are HD devices. To emulate the behavior of FDD UEs, we map all resource pools

of size (Nf , Nt) to pools of size (1, Nf ×Nt) with contiguous sub-frames. By doing this, we
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Figure 2.7: Simulation Flowchart: Constant θ Simulations (© 2021 IEEE)

eliminate the possibility of two UEs selecting the same subframe but not the same resource

block.

We reposition the UEs and repeat steps (Fig. 2.7c - 2.7f). After N trials are completed,

(Fig. 2.7g), we move to the next values of (NUE, Nr, Nt) triplet (Fig. 2.7h) to obtain the full

suite of results (Fig. 2.7i).

Tab. 2.1 contains the time taken to complete an individual trial for the simulations. Trial

completion times were found by running 10000 trials and dividing the total time taken by

the number of trials to find the per-trial average duration.

For trial completion time, the resource pool size and structure have some impact. Larger
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(NUE, Nr, Nt, θ)
Trial Completion

Time (µs)
(NUE, Nr, Nt, θ)

Trial Completion

Time (µs)

(10,10,10,1) 12.96 (20,10,10,1) 25.37

(10,20,10,1) 12.48 (30,10,10,1) 58.78

(10,30,10,1) 12.47 (40,10,10,1) 162.04

(10,40,10,1) 12.70 (20,10,10,0.75) 18.98

(10,20,20,1) 10.05 (20,10,10,0.5) 15.78

(10,30,30,1) 9.07 (20,10,10,0.25) 14.50

(10,40,40,1) 8.64

Table 2.1: Simulation Trial Completion Time, Constant θ Simulations (© 2021 IEEE)

resource pool sizes lower the trial completion time as Nt (the number of sub-frames) increases

while increasing the number of resource blocks Nf has a marginal effect. We conclude that

increasing the resource pool size and changing the configuration reduces the trial completion

time as O( 1
Nt

). The main driver of complexity is the value of NUE. Increasing NUE increases

the trial completion time at rate O(N2
UE).

From Tab. 2.1, we can also observe that the trial completion time scales quadratically

with θ. This scaling occurs because values of θ below one act to effectively reduce NUE in

a discovery period. For the parameters in Tab. 2.1, reducing θ reduces the simulation time

because the system is congested and the optimal θ is small. In general, the trial completion

time grows with O((1 + |θ−θ∗|
θ∗

)2), the distance between the chosen θ and optimal θ∗.

Overall the MCM model has complexity,

TM(NUE, Nt, θ) ∈ O


(
c + |θ−θ∗|

θ∗

)2
N2

UE

Nt

 , (2.12)

where c is some constant.
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From the output logs, we can extract period-by-period discovery data when a particular

UE was discovered, along with data for the whole discovery process, to determine how many

periods elapse until a UE has discovered every other UE. Next, we focus on the number of

periods, NDCT , until a reference UE has discovered all other UEs, the discovery completion

time. In the results section, we examine CDFs of NDCT and the impact of varying Nr and

NUE.

2.3.2 Discovery Process with Variable θ: Simulation Overview

To simulate the discovery process while varying θ period-to-period, we recreated the key

elements of the ns-3 simulation in Matlab.

Figure 2.8: Simulation Flowchart: Adaptive θ Simulations (© 2021 IEEE)



25

The Matlab implementation follows The same steps of the ns-3 implementation of dis-

covery (UE placement, Fig. 2.8b, transmitting with probability θ, Fig. 2.8c, selection of a

PRB randomly, Fig. 2.8d, resolving discoveries according to the MCM, Fig. 2.8e) along with

making the same structural assumptions as the ns-3 model (UEs are synchronized, UEs are

half-duplex, etc.) with three key differences.

Firstly the Matlab simulation iterates over many more variables (Fig. 2.8a) than the ns-3

simulation (Fig. 2.7a). The added variables (the stochastic gradient descent (SGD) initial-

ization parameters p1[1], p2[1], θ[1], and the algorithms tuning parameters aη, bη, aµ, bµ)

are all related to Alg. 1 and naturally would not appear in an implementation without the

adaptive algorithm. The large number of variables can result in simulations that take an un-

acceptably long time to complete. So, in practice, we limited ourselves to exploring subsets

of those parameters for individual simulation runs.

Secondly, we changed the terminating condition on individual simulation trials. In ns-3,

the simulation terminates when all UEs have discovered all other UEs (Fig. 2.7f). While in

Matlab, the simulation terminates when NPeriod discovery periods have passed (Fig. 2.9g).

We made this change because, for specific combinations of simulation variables, discovery

can conclude before the adaptive algorithm’s training concludes. As our goal in the Matlab

simulation was to evaluate the adaptive algorithm’s performance, especially its convergence

properties, concluding the simulation before training was complete was not acceptable. One

could construct an ending condition that relied upon ending when both UEs’ training was

complete, and all UEs had discovered all other UEs. However, we chose the condition in Fig.

2.8 to facilitate a more straightforward analysis.

Finally and most importantly, the Matlab simulation includes a block that implements

Alg. 1, Fig. 2.8f. The contents of that block are summarized in Alg. 1 and in Fig. 2.9

Tab. 2.2 contains the time taken to complete an individual trial for the variable θ sim-

ulations. Similar to the constant θ simulations, the trial completion times were found by
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Figure 2.9: Simulation Flowchart: Algorithm 1 Matlab Implementation (© 2021 IEEE)

running 10000 trials with 1000 periods8 and dividing the total time taken by the number of

trials to find the per-trial average duration.

In the case of the variable θ simulations, the trial completion time is much less influenced

by any of the parameters under test. That is because the primary driver becomes the

number of periods the simulation is run rather than the simulation parameters. Overall the

trial completion time grows linearly with both Nr and NUE.

Any real-world implementation of this algorithm would also include a condition to re-enter

8This number was chosen to guarantee convergence of the adaptive algorithm.
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(NUE, Nr, Nt, θ)
Trial Completion

Time (µs)
(NUE, Nr, Nt, θ)

Trial Completion

Time (µs)

(10,10,10) 1.98 (10,30,30) 3.12

(10,20,10) 2.86 (10,40,40) 3.42

(10,30,10) 3.31 (20,10,10) 2.37

(10,40,10) 3.62 (30,10,10) 2.79

(10,20,20) 2.75 (40,10,10) 3.40

Table 2.2: Simulation Trial Completion Time, variable θ Simulations (© 2021 IEEE)

the training phase, likely through conditions on the performance of discovery9. However, as

this Chapter’s focus was the performance of the algorithm in terms of convergence and

discovery completion time in a static environment, such a condition is outside of the scope

of this Chapter.

2.3.3 Validating The Mathematical Model

Before evaluating our adaptive algorithm’s performance, we first sought to validate the per-

formance of our Matlab simulation environment as shown in Fig. 2.10. To accomplish this,

we compared the results for the discovery process with constant θ obtained from Matlab

simulation with those obtained from both ns-3 simulations and our analytical modeling in

Section 2.2.

9For instance, if Nm/Nr fell x% below the same value when training completed for y of discovery periods
then training should be restarted.
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Figure 2.10: PD(K|Np = 0;Nu = 15, Nr = 10, Nt = 10, θ = 1) (© 2021 IEEE)

2.4 Comparison of HD to FDD

Fig. 2.11 compares the expected value of NDCT for a resource pool size of (Nt = 6, Nf = 4)

as we vary NUE
10. The results are plotted in terms of the number of discovery periods that

can be converted to time by assuming that each period corresponds to 0.32s. As expected,

E[NDCT ] for FDD begins to noticeably differ from HD for large NUE relative to Nr = 24.

The difference between the two assumptions (HD vs. FDD) on E[NDCT ] is initially

negligible; at NUE = 6, the difference is only .6 periods. When NUE > 37, however, the

difference grows to more than 3 periods (1 sec.) on average. When NUE = 96, the difference

of averages grows to 41.4 periods.

The differences between HD and FDD are starker when Nt < Nf . In Fig. 2.12 we show

simulation results for the PMF of NDCT when Nt = 3, Nf = 6, and NUE = 40.

10When comparing HD to FDD, note that the resource pool configuration for fixed Nr is irrelevant for
FDD but makes a difference for HD. For instance, (Nt = 6, Nf = 4) and (Nt = 4, Nf = 6) are equivalent
for FDD, but not so for HD.
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Figure 2.11: Mean Discovery Completion Time E[NDCT ], HD vs. FDD, Nt = 6, Nf = 4,

from Simulation (© 2019 IEEE)

In Fig. 2.12, both PMFs are non-symmetric, having longer tails, with the FDD case

having significant gains over the HD. In Fig. 2.13, the evolution of the CCDF vs. dis-

covery periods (P{NDCT} > nDCT ) as we increase NUE while holding the resource pool

configuration fixed, is shown. The corresponding PMFs are not symmetric, tending towards

completing discovery in shorter numbers of periods but with long tails. The tail behavior

can be seen in 2.13 to be quite different between the two assumptions.

2.4.1 Trends in FDD

We next examined the trends for NDCT as a function of both NUE and Nr for θ = 1. Fig. 2.14

shows both E[NDCT ] and the 95th percentile of NDCT as a function of Nr for NUE = 10, 50,

and 100. We see that at roughly NUE/Nr = 1.5, both metrics change at a much faster

rate than for NUE/Nr < 1.5. Fig. 2.14 also demonstrates the consequences of selecting a

resource pool size that is inappropriate for the number of UEs expected. For example, if the
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Figure 2.12: Comparison of the PMF of NDCT , HD vs. FDD, from Simulation (© 2019

IEEE)

designer selects a resource pool appropriate for NUE = 10, like Nr = 20, the system would

take on average about 5 discovery periods to complete if NUE = 20 or 50 discovery periods

if NUE = 50. This translates to (using the shortest discovery period allowed in the standard

of 0.32 s) 1.6 or 16 seconds lost, respectively.

However, from Fig. 2.13, the distribution of NDCT is such that the 95th percentile of

the discovery completion time is significantly greater than the mean. Accordingly, in Table

2.3, we have collected a set of minimum Nr to meet performance criterion based both on

E[NDCT ] and 95th percentile.

For completing discovery in under 3 seconds on average, we see that selecting Nr to be
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Figure 2.13: CCDF of NDCT , HD vs. FDD, Nt = 6, Nf = 4, From Simulation (© 2019

IEEE)

NUE

<3 s

on average

<10 s

on average

<3 s 95%

of the time

<10 s 95 %

of the time

10 8 5 13 6

20 18 10 31 12

30 29 15 49 18

40 42 20 72 25

50 55 26 89 32

60 68 31 116 39

70 81 37 132 45

80 94 43 160 53

90 110 48 185 59

100 112 53 210 67

Table 2.3: Recommended Minimum Nr Given an Expected NUE for Several Design Criteria

for FDD (© 2019 IEEE)
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Figure 2.14: E[NDCT ] for Various NUE as a function of Nr, FDD Only, From Simulation

(© 2019 IEEE)

slightly greater than NUE suffices. But when trying to ensure that discovery takes less than

3 seconds 95% of the time, Nr must be set to slightly more than twice NUE. For a more

lenient performance metric: < 10 seconds on average - Nr must be set to roughly NUE/2. To

achieve discovery in under 10 seconds 95% of the time, we recommend setting Nr to 2NUE/3.

These recommendations serve as a lower bound on the required resource pool sizes using HD

UEs.

For the remainder of this Chapter, UEs will be assumed to be HD.

2.5 Optimizing Discovery

2.5.1 Optimization with Perfect Information

If the value of NUE is known, any UE could determine θ∗ via computing argmax of Eq.

(2.5) or argmin Eq. (2.11) over 0.25 ≤ θ ≤ 1. Table 2.4 shows the values of θ∗ for various
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combination of NUE, Nr, and Nt. Determining an exact relationship between θ∗ and (NUE,

Nr, Nt) is not tractable, however we can see from Table 2.4 that when Nr > NUE, θ∗ → 1

except for low values of Nt and NUE must be much greater than Nr (e.g. NUE = 20, Nr = 4)

before θ∗ = 0.25. This approach is not implementable in practice and only serves to show a

lower bound on the discovery completion time.

NUE NUE

Nr Nt 5 10 20 Nr Nt 5 10 20

4 2 0.62 0.36 0.25 16 2 0.9 0.75 0.54

4 4 0.8 0.4 0.25 16 4 1 1 0.68

8 2 0.8 0.56 0.34 16 8 1 1 0.76

8 4 1 0.71 0.38 16 16 1 1 0.8

8 8 1 0.8 0.4 20 2 0.90 0.8 0.61

12 2 0.87 0.68 0.45 20 4 1 1 0.8

12 3 1 0.85 0.51 20 5 1 1 0.85

12 4 1 0.95 0.54 20 10 1 1 0.95

12 6 1 1 0.57 20 20 1 1 1

12 12 1 1 0.6

Table 2.4: θ∗ for various combinations of NUE, Nr, and Nt (© 2021 IEEE)

2.5.2 Optimization with Hidden Features

In the case of unknown NUE, it must be a) either estimated and the value of θ∗ computed

based on that estimate or b) the value of θ∗ directly estimated from simulated data. We

have chosen the strategy of directly estimating θ∗ through the use of an SGD algorithm.

Setup: During discovery period n, a UE transmits with probability θ[n] and decodes

Nm[n] discovery messages. These data, when normalized by Nr, are used to drive an SGD
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algorithm with parameters p1[n], p2[n], and α, which approximates a normalized version of

the curve shown in Fig. 2.6 by the use of an initial training phase. Because the exact function

which describes the curve in Fig. 2.6 for Np = 0 is not tractable, we propose to approximate

it via

T [n] = p1[n]θ[n]e−p2[n](θ[n]−α). (2.13)

Note that the parameter p1[n] acts like a scale parameter, reflecting how often discovery

messages are decoded, while the p2[n] acts like a location parameter, as the max of T [n]

occurs at 1/p2[n].

The structure of Eq. (2.13) is apropos for several reasons. First, E[k] increases more

quickly before the peak than its rate of decrease after, as can be seen in Fig. 2.6. Note

that E[k] is roughly equal at θ = .25 and θ = .6 for all values of Np. This behavior is

present regardless of the specific values of NUE, Nr, or Nt. Second, using Matlab’s curve

fitting tool, a good fit was computed for E[K|Np = 0]/Nr vs. θ for many combinations

of parameters (NUE, Nr, Nt)
11. Third, it has a unique global maximum at θ = 1

p2
, which

will prove convenient during training. And finally, the function has partial derivatives with

respect to p1, p2, which changes sign over the domain of θ.

While the first and second conditions are relatively easy to meet (and are met by other

functions), the third is a key property for successfully finding the value of θ∗. Because θ is

bounded by 0.25 ≤ θ ≤ 1, it follows that p1 > 0, p2 > 0. This is because any reasonable fit

of E[K|Np = 0] as a function of θ will have a global maximum only when the above holds.

To estimate the parameters of T [n], we selected the least squares objective function

Q(p1, p2)[n] =

(
T [n] − Nm[n]

Nr

)2

=

(
p1[n]θ[n]e−p2[n](θ[n]−α) − Nm[n]

Nr

)2

. (2.14)

With Eq. (2.14), the updates for (p1, p2) are given by

11Although the function need only approximate E[k] for Np = 0, Eq. (2.13) also approximates E[k] for
all other values of Np.
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p1[n + 1] = p1[n] − η1
∂

∂p1
Q(p1, p2)[n]

= p1[n] − η1

(
2θ[n]e−p2[n](θ[n]−α)

(
T [n] − Nm[n]

Nr

))
,

(2.15)

and

p2[n + 1] = p2[n] − η2
∂

∂p2
Q(p1, p2)[n]

= p2[n] − η2

(
−2p1[n]θ[n](θ[n] − α)e−p2[n](θ[n]−α)

(
T [n] − Nm[n]

Nr

))
,

(2.16)

where η1, η2 are the learning rates for p1, p2 respectively. Normalizing Nm by Nr sets a

bound on the number of messages received (Nm/Nr ∈ [0, 1]), which makes the initialization

of p1 easier.

Discussion: By examining Eqs. (2.15) and (2.16), the significance of the term (θ[n] − α)

term in Eq. (2.13) becomes apparent. When θ > α, the parameters can only move in

either the (p̂1,−p̂2) or the (−p̂1, p̂2) direction (opposite direction), whereas when θ < α the

parameters can only move in either the (p̂1, p̂2) or the (−p̂1,−p̂2) direction (same direction).

If Eq. (2.13) lacked the (θ[n] − α) term, then the updates for p1, p2 could only move in the

opposite direction because of the bounds on θ, p1, p2.

This means that for initial conditions at (1, 1), the minimum of the objective function

was achieved at (.5, .5); absent the (θ[n] − α) term, the minimum number of steps to reach

the minimum would be 212. The value of α can be chosen within the bounds of θ and

affects the subsequent training. Training is performed by setting θ to any sequence of values

comprised of point pairs, where the pairs are evenly spaced both above and below α13 and

then repeating until the training phase is complete.

12In practice, it would take more as ∂
∂p2

T [n] = (−p1[n](θ[n] − α)) ∂
∂p1

T [n] if one update is non-zero the

other tends to be as well, which results in slow movement along the (−p̂1,−p̂2) and (p̂1, p̂2) directions.

13For example, if α = 0.5 a valid training sequence might be θ = [0.25, 0.4, 0.6, 0.75. The sequence contains
two pairs, (0.25, 0.5) and (0.4, 0.6), which are respectively 0.25 and 0.1 below and 0.25 and 0.1 above.
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After some experimentation, it was determined that 1) the best training sequences were

ones that switched above and below α quickly, and 2) the best training sequences spanned

the entire domain of θ. As long as these conditions are met, the length of the training

sequence was not particularly impactful. Hence, for simulations, we used α = 0.625 and the

training sequence θ = [1, 0.75, 0.5, 0.25], since α = 0.625 lies at the midpoint of the domain

of θ, making training sequences easy to generate.

During training, the learning rate η2 is adjusted each period to enable quick convergence

to the general location of the minimum of the objective function, then to tune in on the

correct solution. Overall η2[n] is:

η2[n] = η2,i erfc((n− aη)/bη) + η2,f , (2.17)

where η2,i is the initial value of η2, η2,f is the final value of η2, and aη, bη are scaling param-

eters. η1 is not tuned in the same way for several reasons: first, the lack of a θ2 term makes

the p1 update naturally larger in size than the p2 update. Second, the range of values p1 is

smaller than p2, implying that the initial guess of p1[1] is likelier to be closer to optimal p1

than p2[1]. Note that the initial value of p1[1] represents an apriori guess of NUE. Hence,

larger initial values of p1[1] closer to true NUE implies that the algorithm will converge more

quickly. Similarly, the initial value p2[1] represents a guess on θ∗; when p2[n] is initialized

such that 1/p2[1] is close to θ∗, the algorithm converges more quickly.

In a real implementation of Alg. 1 after each discovery period, each UE would perform

a single step of the stochastic gradient descent algorithm. Because the minimal value dis-

cPeriod can take is .32 seconds, and because an individual step of Alg. 1 is computationally

simple, it is safe to assume that all UEs will have completed calculating θ for the next

discovery period before that discovery period begins.

The SGD algorithm is known to converge to the local minimum of the objective function

Eq. (2.14) in the vicinity of the initialization. While we cannot claim that this is the global

minimum, we show through numerous simulations that Alg. 1 converges to the optimal values

in Tab. 2.4 regardless of the initial conditions p1[1], p2[1]. Tab. 2.5 shows the values of θA,
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Algorithm 1: SGD based θ∗ Determination (© 2021 IEEE)
Input : θ[n], Nm[n]

Initialize: p1[1], p2[1], trainingSequence = [1, 0.5, 0.75, 0.25], Lts = length(trainingSequence), stableCount = 0,

Training = True

for Each UEi performing discovery do

if Training then

%perform SGD step based on Nm[n]

p1[n+ 1] =max(p1[n]− η1
∂

∂p1
(T [n]− Nm[n]

Nr
)2, 0);

p2[n+ 1] =max(p2[n]− η2[n]
∂

∂p2
(T [n]− Nm[n]

Nr
)2, 0);

p̄2[n] = mean([p2[n− aµLts + 2], ..., p2[n+ 1]]);

if |p̄2[n]− p̄2[n− 1]| < ϵ then

stableCount ++;

if stableCount = bµLts then

θ = min
(
max

(
1

p̄2[n]
, 0.25

)
, 1

)
;

Training = False;

else

θ[n+ 1]=trainingSequence[(n mod Lts) + 1];

end

else

stableCount = 0;

θ[n+ 1]=trainingSequence[(n mod Lts) + 1];

end

else

%Continue to use the θ learned during training

θ[n+ 1] = θ[n];

end

end

the average value of θ once training is complete, for various initial conditions over the range

of possible solutions when θ∗ = 0.5 and confirms the claim14.

Finally, training is deemed complete when the change in p2 is sufficiently small such that

the objective function has reached the minimum. Algorithm convergence may be determined

in practice by a robust heuristic. We compute the average of the last aµLts values of p2,

where Lts is the length of the training sequence, and aµ is a scalar multiple. We then check if

14This table can be recreated using any values for Nr, Nt, NUE , or initial conditions using our code found
at https://git.io/JvTDZ.
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the change is lower than a threshold ϵ for bµLts discovery periods, where bµ is another scalar

multiple. Once training has been completed, θ is set based on the average of the last aµLts

parameter values.

p1[1] p2[1] θA p1[1] p2[1] θA p1[1] p2[1] θA

0.33 1 0.5065 0.66 1 0.5014 1 1 0.4935

0.33 2 0.4959 0.66 2 0.4965 1 2 0.5007

0.33 3 0.5056 0.66 3 0.5036 1 3 0.4938

0.33 4 0.4917 0.66 4 0.5004 1 4 0.4975

Table 2.5: Convergence Values for Alg. 1 when Nr = 10, Nt = 10, NUE = 20, 1000 trials

(© 2021 IEEE)

2.5.3 Results

Selection of Algorithm Parameters

We examine the effects of the simulation parameters, aη, bη, aµ, and bµ on the performance

of the algorithm by evaluating two metrics; the error |θ∗ − θA|, and the average number of

periods to complete training, E[NTCT ]. Fig. 2.15 Shows the effect of aη on these metrics.

By increasing aη we extend the duration where η2 is large, effectively extending the

training. This reduces the error between θ∗ and θA exponentially and increases E[NTCT ]

linearly. This pattern will become common among many other parameters. This trade-off is

demonstrated in Fig. 2.16 by comparing E[NDCT ] vs NUE for various values of aη.

When aη is too low, the high error between θ∗ and θA causes delays in discovery com-

pletion. While high values of aη cause delays in discovery completion by extending training

beyond what is needed. We found a good point that balanced these competing factors to be

aη = 30. For our subsequent simulations, we have chosen to use aη = 30.
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(a) (b)

Figure 2.15: Effects of aη on |θA − θ∗| and E[NTCT ], Simulated,

NUE = 20, Nr = 4, Nt = 4, , bη = aη/2, , aµ = 4, , bµ = 1, with 95% Confidence Intervals

(© 2021 IEEE)

We next examined the effects of changing both aµ and bµ, shown in Figs. 2.17 and 2.18.

We determined that when bµ > aµ E[NTCT ] was intolerably large (E[NTCT ] ≥ 2000), thus

our evaluation is limited to bµ ≤ aµ.

When increasing aµ and holding bµ constant as in Fig. 2.17, both the error and E[NTCT ]

decrease rapidly to their asymptote. E[NTCT ] follows this pattern because increasing aµ

implies more averaging, thus making p̄2[n] smoother. However, as can be seen in Fig. 2.18

bµ is the primary driver of error, and so long as aµ is sufficiently greater than bmu, the error

will be minimized.

As a function of bµ, the error increases linearly with bµ. This pattern may seem counter-

intuitive as one would expect that tighter bounds on the end condition would result in more

accurate estimates. This pattern results from the fact that when the SGD algorithm is at

the minimum, it fluctuates rather than being stable. In contrast, when the parameters are

approaching the minimum, they are more stable. Thus, by forcing the period of stability to

be longer, the only instances where the algorithm can meet the stopping condition are away

from the minimum.

Based upon the results in Figs. 2.17 and 2.18, we selected aµ = 3 and bµ = 1 for the
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Figure 2.16: E[NDCT ] vs NUE for Various Values of aη (© 2021 IEEE)

remainder of our simulations. Using the selected parameters, we sought to replicate the

results of the genie-aided algorithm from Tab. 2.4. The adaptive θ algorithms results are

shown in Tab. 2.6

For all parameter combinations in Tabs. 2.4 and 2.6 the difference is within a couple

percentage points. The parameters for which our algorithm performs the worst are when

θ∗ is close to or exactly θ∗ = 1. This occurs because when θ∗ is near 1 p2 converges to a

distribution with E[p2[∞]] = 1/θ∗, however, because all values of p2 that are below 1 are

truncated to 1 E[θA] <= 1/E[p2[∞]]. This effect is present when θ∗ ≈ 0.25 but is less

pronounced because there is no upper bound on p2 where there is a lower bound p2 > 0.

Algorithm Performance

To measure the performance of the algorithm, we varied NUE and measured the effects on

the expected number of periods to complete discovery, E[NDCT ]. For all simulations in this



41

(a) (b)

Figure 2.17: Effects of aµ on |θA − θ∗| and E[NTCT ], Simulated,

NUE = 20, , Nr = 4, , Nt = 4, , aη = 100, , bη = 50, , bµ = 1, with 95% Confidence Intervals

(© 2021 IEEE)

section, we used the parameter values listed in Tab. 2.7

Fig. 2.19 shows the performance of both the standards based constant θ algorithm (θ = 1,

and θ = 0.25), along with our adaptive algorithm as a function of NUE. Although we

cannot calculate the value of θ∗ for large values of NUE it is clear from table 2.4 that when

NUE >> Nr θ → 0.25, as such we assume that the performance of the standards based

constant θ = 0.25 algorithm is optimal as NUE → ∞.

Fig. 2.19 shows that for low values of θ, our adaptive algorithm performs worse than the

constant θ = 1 algorithm, however not significantly so. This is because, during training, UEs

are participating in discovery at an effective constant θ = 0.625. Although this is clearly

sub-optimal when NUE is low, the difference between the best and worst case is minimal

when NUE = 10 E[NDCT ] ≈ 2 for θ = 1 and E[NDCT ] ≈ 9 for θ = 0.25.

As NUE grows and θ = 1 becomes the sub-optimal case, the adaptive algorithm begins

to track more closely to the θ = 0.25 algorithm. At first, this is because, during training,

the effective constant θ is lower than 1, so it tends to perform better. Indeed it can be seen

that from 40 ≤ NUE ≤ 70, the curves for the adaptive algorithm and the constant θ = 0.25
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(a) (b)

Figure 2.18: Effects of bµ on |θA − θ∗| and E[NTCT ], Simulated,

NUE = 20, , Nr = 4, , Nt = 4, , aη = 100, , bη = 50, , aµ = 12, with 95% Confidence

Intervals (© 2021 IEEE)

algorithm are divergent, as θ∗ = 0.25. However, at NUE ≈ 70, the adaptive algorithm begins

to turn back to and become parallel with the constant θ = 0.25 algorithm’s curve. This

occurs because at NUE = 70 E[NDCT ] ≈ 200, this is approximately the same as E[NTCT ]

for our algorithm parameters. For NUE > 70, the adaptive algorithm acts identically to the

constant θ algorithm with θ = θ∗ with a constant additive factor from training.

Compared to the existing adaptive algorithm from [10] (henceforth the Mosbah algo-

rithm), our algorithm shows significant improvements. As stated in the previous section, the

Mosbah algorithm sets θ high and slowly reduces it as it discovers new UEs. This behavior

results in an algorithm that works well for low NUE and scales poorly as NUE grows. When

NUE is high, the Mosbah algorithm only sets θ to low values once the discovery process is

almost done, whereas our algorithm always does this after training, regardless of NUE.

Overall our algorithm performs slightly worse in regions where the Mosbah algorithm

performs best. The most significant discrepancy is for NUE = 75 when on average, discovery

completes in 62.92 periods when using the Mosbah algorithm while taking 76.41 periods



43

NUE NUE

Nr Nt 5 10 20 Nr Nt 5 10 20

4 2 .6475 .3946 .3513 16 2 .8367 .7894 .5259

4 4 .7970 .4275 .3232 16 4 .9881 .9726 .7273

8 2 .8119 .5675 .3558 16 8 .9976 .9915 .8310

8 4 .9547 .7603 .3842 16 16 .9991 .9952 .8659

8 8 .9793 .8271 .4054 20 2 .8155 .8292 .6081

12 2 .8442 .7107 .4341 20 4 .9847 .9886 .8704

12 3 .9615 .8705 .5003 20 5 .9928 .9947 .8973

12 4 .9842 .9219 .5445 20 10 .9985 .9991 .9559

12 6 .9936 .9542 .5938 20 20 .9993 .9993 .9691

12 12 .9974 .9762 .6363

Table 2.6: θA for various combinations of NUE, Nr, and Nt (© 2021 IEEE)

when using our algorithm, a difference of 4.32 seconds15. While at the highest NUE we tested,

NUE = 200, discovery completes in 3062 periods on average when using the Mosbah algorithm

while taking 417.9 periods when using our algorithm, a difference of 846.1 seconds15.

2.5.4 Effects of Relaxing Simultaneity Assumption

Throughout this Chapter, we have assumed that all UEs begin discovery simultaneously due

to a sudden power outage. This assumption has the effect of causing all UEs to perform

training in unison (each UE transmits with the same θ during each period of training) until

some UEs complete training. We feel this assumption is reasonable because discovery periods

are periodic with relatively large periods (minimally .32 s). For our simultaneity assumption

to hold, all UEs are required to initiate sidelink discovery after a network outage within a

15 Assuming a discovery period of .32 seconds.
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Parameter Value Used

Nf 2

Nt 10

aη 100

bη 50

aµ 4

bµ 1

ϵ .001

trainingSequence [1,.05,0.75,0.25]

Table 2.7: Parameter Values used During Performance Evaluation (© 2021 IEEE)

block of time equal to discPeriod.

However, if that assumption were relaxed (not all UEs begin discovery at the same time),

this would have implications for the adaptive algorithm’s performance. To test these effects,

we introduced one of two random shifts, S, to each UE’s training sequence. Meaning that

in Alg. 1 instead of θ[n + 1] = trainingSequence[(nmodLts) + 1] during training θ[n + 1] =

trainingSequence[(nmodLts) + 1 + S].

We selected two distributions for S, uniform and Poisson with mean .1. These two

distributions represented a worst-case scenario, UEs are completely out-of-sync, and a milder

scenario, where only a small number of UEs are out-of-sync. The results of these experiments

are shown in Fig. 2.20.

In both cases adding a random shift reduces the performance of the adaptive algorithm,

although in both cases, it still performs better than the algorithm presented in [10]. The

results with random shifts appear similar to those in Fig. 2.16 where the poor choice of aη

resulted in high error between θ∗ and θA. This behavior makes sense as the shift introduces

errors into the measurements taken during training, resulting in selecting poor values of θA.



45

Figure 2.19: Performance Comparison of Algorithm to Constant θ, Simulated,

Nr = 20Nt = 10, with 95% Confidence Intervals (© 2021 IEEE)

To correct for the effect of random shifts, one would need to have knowledge of θ̄[n], the

average transmission probability of all UEs participating in discovery during period n, and

replace θ[n] with θ̄[n] in Eq. 2.13.

2.6 Summary

We presented an analytical simulation study (using ns-3 and Matlab) examining the LTE

sidelink discovery process. We validated the mathematical model for the discovery process

using the ns-3 simulations. We used the simulations to examine the difference between the

HD and FDD assumptions and the effects of resource pool size and the number of UEs on

the discovery completion time. Further, we explored the impact of resource pool size and

the number of UEs on the discovery completion time. We used insights gained from our

mathematical models to develop a stochastic gradient descent-based algorithm to adapt the

transmission probability θ based on measurements during a training phase.
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Figure 2.20: Effects of Shift Type (© 2021 IEEE)

Through Matlab simulations, we determined that our proposed algorithm converged to

the correct transmission probability regardless of initialization parameters. We determined

that our algorithm performs comparably to the algorithm in [10] for NUE < E[NTCT ] and

significantly better for NUE > E[NTCT ]. We found that our algorithm scales well with NUE,

with E[NDCT ] increasing at the same rate as the lower bound, plus a constant offset of

E[NTCT ] discovery periods.

2.7 Concluding Remarks

The key enhancement made by our algorithm is to provide a method of estimating the UE

density during operation so as to avoid a poor selection of discovery algorithm parameters.

With the estimated UE density we can select the optimal transmission probability θ for

that UE density. This is important, especially for large UE densities, because the difference

between the best and worst transmission probabilities (for a given UE density) results in
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increases in the discovery completion time of up to approximately 100 minutes for the highest

tested UE density.

We importantly found that Setting the transmission probability myopically (that is, the

same at the beginning of the discovery process at the end) is optimal, rather than changing

it over time. This is because the primary driver of discovery completion time is decoding

new discovery messages, whose primary driver is in turn decoding packets. The reason that

decoding new discovery messages is primarily driven by decoding new packets is that there

is no mechanism to tell other UEs that you have already decoded their discovery message,

so they will continue to participate in discovery regardless of if you have decoded their

packet16. The only real way to control packet decode probability in discovery is to tune

the transmission probability, thus reducing collisions. This is also convenient because it is

difficult to know how far through the discovery process you are.

Other proposed algorithms, like those in [10], fail to achieve the same level of results

as ours because they are worse at estimating UE density. The proposed algorithm in [10]

effectively tunes θ over time by estimating the total number of UE to be the number of

discovery messages decoded, thus, the algorithm only converges to the correct value once

most UEs are already discovered.

16Even if there was, the goal of that other UE is for all other UE to decode their packets which it cannot
know it has done just through a positive ACK by one UE.
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Chapter 3

5G NR CELLULAR VEHICLES-TO-ANYTHING
THROUGHPUT: ANALYSIS AND ENHANCEMENTS

3.1 Motivation

3rd Generation Partnership Project (3GPP) Rel-12 defines communications modes 1 (on-

network) and 2 (off-network) for Sidelink (SL). In this Chapter, we will focus on mode

2, which enables distributed packet transmission. Cellular Vehicle-to-Anything (C-V2X)

introduced a sensing-based Semi-Persistent Scheduling (SPS) Scheme based on distributed

channel sensing that requires UEs to independently monitor the shared channel to determine

which resources were in use and avoid transmitting using those resources in the near future.

A key original application was to support periodic status messages with low latency require-

ments like Basic Safety Messages (BSMs). In Fifth Generation (5G) New Radio (NR), this

has expanded to non-periodic packets (called dynamic transmissions), but for this Chapter,

we limit packet transmissions to periodic data types such as BSMs.

Mode 2 resource allocation relies on sensing-based SPS to determine the available Physical

Resource Blocks (PRBs) for transmission. This determination is based on a selection window

spanning a number of subframes, defined by parameters T1 and T2 (see Fig. 3.1). The set

of candidate PRBs is chosen based on the SPS algorithm detailed in Sec. III, incorporating

“blind retransmission”, or duplicates of the original packet1 to exploit repetition coding

gains.

The primary contribution of this Chapter is to introduce two new distributed adaptive

algorithms for mode 2 SL operation. The first - Dynamic Retransmissions (D-Re) - is de-

signed to make PHY packet reception more robust to lack of foreknowledge of user equipment

1The number of retransmissions is determined before operation.
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(UE) density ρUE and is standards compliant. The second - Opportunistic Retransmissions

(O-Re) - exploits knowledge of reselection counter values2 and zone IDs as an alternative

non-standards compliant algorithm to the 3GPP defined baseline SPS reselection algorithm.

These algorithms are designed to improve throughput via joint PHY/MAC design to achieve

more robust communications in the absence of foreknowledge of ρUE. The O-Re algorithm

improves throughput over the standards specified SPS at high ρUE. To support these claims,

we conduct the first publicly reported network simulations of SPS using the open-source

ns-3 simulator’s (www.nsnam.org) 5G stack implementations and validate results against

analytical models for Packet Reception Rate (PRR) as a function of transmitter-receiver dis-

tance dt,r, the number of retransmissions NSe
3, the UE density ρUE, and the average per-UE

throughput Λ(dt,r, NSe.). This is done first for the 3GPP-specified SPS reselection algorithm

to set a performance baseline that subsequently allows us to determine values of NSe that

maximize throughput as a function of ρUE.

Major materials from this Chapter are presented in the author’s previous publication [28],

[29]4.

3.2 Model for C-V2X Sidelink

3.2.1 Channel Modeling & Resource Allocation in Mode 2

As shown in Fig. 3.1, the NR C-V2X SL mode 2 allocates resources in time-frequency,

consisting of Nsc sub-channels (frequency) and slots (time), respectively. Each sub-channel

is composed of 10, 15, 20, 25, 50, 75, or 100 contiguous resource blocks (RBs) or a set of

twelve contiguous sub-carriers. A combination of one sub-channel and one slot constitutes a

Physical Resource Block (PRB). 5G NR system resources are configured depending on the

choice of numerology µ ≥ 0 that determines both the subcarrier spacing and the length of

2This is a proposed addition to the 3GPP standards.

3For the standards algorithm, the retransmission parameter NSe is set blindly. Our proposed algorithms,
in contrast, exploit channel information to select NSe

4© 2022 - 2023 IEEE. Reprinted, with permission, from [28], [29].
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Figure 3.1: Channel Structure of NR C-V2X Mode 2

a slot. C-V2X supports numerologies µ = 0, 1 or 2, we set µ = 0 throughout this Chapter.

Mode 2 packet transmission is comprised of stage 1 Sidelink Control Information (SCI)

which uses 2 RBs, and the Physical Sidelink Shared Channel (PSSCH) plus stage 2 SCI,

which takes up the remainder of the subchannel. The Stage 1 SCI contains information on

the packet’s priority, location in time, and frequency of the stage 2 SCI, Resource Reservation

Interval (RRI), and what Modulation and Coding Scheme (MCS) is used by the second

stage SCI [38]. In this Chapter, we propose that the stage 1 SCI also contain the resource

reservation counter value Rc. PSSCH data is sent using allowable MCSs defined in [39]. The

second stage SCI contains the MCS of the PSSCH, source, and destination ID (for unicast

and groupcast), the new data indicator, and Hybrid Automatic Repeat Request (HARQ)

process ID [38]. NR C-V2X allows for the Time Division Duplex (TDD) of the slots between
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the sidelink and uplink. Because we are modeling off-network NR C-V2X only, we will

assume that all PRBs are devoted to sidelink.

We consider NR C-V2X mode 2 for periodic transmissions of BSMs during infrastructure-

less (i.e., in the absence of gNB) operations that are generated and transmitted by each

UE once every RRI, using one PRB. UE scheduling fundamentally relies on 3GPP-defined

sensing-based Semi Persistent Scheduling (SPS), wherein UEs self-select PRB candidates for

use based on sensing results over a window of duration T0 s. In this Chapter, we set T0 = .1s

(RRI duration). Upon access, a UE transmits NSe duplicates of BSM in every RRI (TRRI)

s interval5, using PRBs selected during the previous reselection window. If the UE decodes

any number of duplicate packets, then the packet is considered decoded. For simplicity, we

assume no recombining is performed. The UE is allowed a reservation of the PRBs selected

for a number of consecutive bursts equal to the reselection counter value Rc, also chosen

during the previous reselection.

Fig. 3.1 shows an illustrative example of the channel structure of NR C-V2X mode 2

supporting SPS, with Nsc = 4 sub-channels, µ = 0 (hence each slot equals a sub-frame of

duration .001 s), TRRI = .005 s, T0 = RRI s, T1 = 1 slots, and T2 = 5 slots. Once a UE

has transmitted Rc consecutive packet bursts, it must initiate reselection. For the example

in Fig. 3.1, the UE whose packets are marked in blue initiates reselection in the window

shown in yellow. This duration is defined by the boundary parameters T2 > T1 slots after

the packet, which caused reselection to be triggered, was generated. The SPS reselection

algorithm aims to identify candidate PRBs for subsequent use that are determined to be not

currently in use by other UEs. To accomplish this, the UE measures the Reference Signal

Received Power (RSRP) one RRI before the slot in question in the sensing window (the

salmon region). Based on the RSRP, the UE first eliminates all PRBs as potential selections

via the condition

5RRI can take values from [.001, .1] s or in multiples of .1 s thereafter, between .2 to 1 s. For the
remainder of this Chapter, we fix TRRI = .1 s.
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RSRP > γSPS = γbaseSPS + γX . (3.1)

In the sensing window (yellow region) in Fig. 3.1, we see three PRBs with red Xs that

have been excluded due to Eq. (3.1) being met. In Eq. (3.1), γSPS is the SPS threshold

determined after exclusions have been finalized and equals γbaseSPS, the base SPS threshold

preset based on 3GPP recommendations, enhanced by γX , where the increase is required to

ensure that the proportion of PRBs remaining for selection in the reselection window is no

less than a proportion X6. If γbaseSPS is initialized to a low value, it can result in potentially

denying PRBs for use that could have led to successful data transmission by reference UEt,

even in the presence of secondary transmission. The role of γX is to correct this by ratcheting

up the threshold as needed in denser environments to allow more resources to be potentially

available. To determine γSPS, a UE first determines the number of exclusions with γX = 0;

then, if the proportion of resources remaining for selection relative to the original # is less

than X, the UE increases γX by 3 dB and repeats the process, until the proportion is above

X. For instance, the selection window in Fig. 3.1 contains 16 PRB, so for X = .2, the UE

would increase γX until at least 4 PRB were available for selection.

In addition, the UE also excludes all PRBs which are in slots that the UE previously

transmitted in due to the Half Duplex (HD) effect, [1]. In Fig. 3.1, the PRBs that have been

eliminated because of the HD effect are shown as a column with a red X in the selection

window (yellow region).

After the exclusions are finalized, the UE selects NSe of the remaining PRBs at random

for transmission, along with a new (random) value for the reselection counter Rc, chosen

as a discrete random variable with limits determined by RRI value. For RRI = .1 s, Rc is

selected uniformly between [5, 15].

6X can take values .1, .2, or .5; we assume X = .2.
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3.2.2 PHY Layer - Channel Model and UE Layout

Our network topology is an infinite highway, as shown in Fig. 3.2, with ℓ lanes in each

direction, populated by nodes placed with density ρUE per unit distance in each lane. In

simulations, we assume that the channel is modeled according to the 3GPP Vehicle-to-Vehicle

(V2V) Highway model [25] that incorporates distance-dependant deterministic path loss and

a random shadow-fading component.

Figure 3.2: Example of Hidden Nodes Causing Collisions

UEs are assumed to perform energy detection to determine if there exist packet(s) in

PRBs to decode. This is performed by checking if the RSRP in a PRB is above a threshold

γFTR; if the RSRP exceeds the threshold, the UE attempts to decode the packet(s). If one

packet occupies the PRB exclusively, it is decoded with near probability one in the absence

of collision or HD errors. The consequence of the detection threshold is the existence of

hidden nodes and resulting collisions, as shown in Fig. 3.2.

In Fig. 3.2, we can see three transmission ranges highlighted along with their channels
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synchronized beginning at t = 0. Note that everything is color-coded, so the blue UE

corresponds to the blue transmission range and the blue PRB in the channels. In the example,

the red UE performs reselection and randomly selects one of the 4 PRBs it believes to be

empty based on the sensing window. However, as we can see from the blue UE’s perspective,

the PRB it selects is actually occupied by the green UE, causing a collision shown as a red

X.

3.3 Per-UE Average Throughput, (Λ(dt,r, NSe))

The average per-UE throughput at a transmit-receive distance dt,r with NSe blind retrans-

missions is given by

Λ(dt,r, NSe) =
1 − (1 − PPRR(dt,r, NSe))

NSe

TRRI

. (3.2)

Λ(dt,r, NSe) is a function of the average packet generation rate 1/TRRI and the probability

of decoding one of the NSe packets, PPRR(dt,r, NSe). The exponent in the numerator of

(3.2) represents the diversity gain from blind retransmissions. While the event probabilities

of subsequent unique packet receptions are correlated, the receptions are approximately

conditionally uncorrelated once reselection occurs.

3.3.1 PRR, PPRR(dt,r, NSe)

PPRR(dt,r, NSe) represents the probability that one of the NSe duplicate packets is correctly

decoded. This is expressed in terms of three types of errors that exist in NR-CV2X:

i. Half-Duplex (HD) errors (EHD) occur because UEs are incapable of transmitting and

receiving simultaneously in a slot. So, when all NSe packets transmitted by UEt and UEr

use the same slot, UEr cannot detect UEt’s packet.

ii. Finite Transmission Range (FTR) errors (EFTR) occur when UEs are unable to detect

packets because the receive power falls below the detection threshold γFTR. This occurs

because the UEs are too far apart or channel conditions are poor.
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iii. Collision errors (ECOL) occur when one or more secondary UEs select the same NSe

PRBs used by UEt to transmit, causing decode failure at intended UEr. This scenario occurs

when UEs are outside the FTR of UEt (hidden nodes) but can also happen if another UE

performs reselection simultaneously with UEt. We define the three error probabilities as

follows:

δHD(NSe) = P (EHD), (3.3)

δFTR(dt,r, γFTR) = P (EFTR| ĒHD), (3.4)

δCOL(dt,r, NSe) = P (ECOL| ĒHD, ĒFTR), (3.5)

where dt,r is the distance between UEt and UEr and γFTR is the detection threshold.

Hence PPRR is obtained as

PPRR(dt,r, NSe) = (1 − δHD(NSe))(1 − δFTR(dt,r, γFTR))(1 − δCOL(dt,r, NSe)), (3.6)

Half-Duplex Errors, δHD(NSe)

This error represents the probability that the packet sent by UEt occupies the same slot as

one of the NSe packets sent by UEr for its transmission. If NSe = 1, then this probability

would simply be 1/(1000 · TRRI), where TRRI is specified in ms. More generally, δHD(NSe)

is defined in Eq. (3.7), with the first term representing the probability of selecting the same

slot as one of UEr’s transmissions while the second term represents the average number of

slots occupied by UEr’s transmissions. The second term is less than NSe because UEr can

transmit multiple (up to Nsc) times in one slot.

δHD(NSe) =

(
1

1000TRRI

)(
NSe −

(NSe − 1)(T2 − T1 + 1)

1000TRRI

)
. (3.7)
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Finite Transmission Range Errors, δFTR(dt,r, γFTR)

This error represents the probability that the receive power of a packet sent by UEt to UEr at

distance dt,r falls below the detection threshold γFTR. We assume that the channel between

UEt and UEr is identical for all NSe copies of the packet. We define the receive power in

dBm as

Pr(dt,r) = Pt − L(dt,r) − SF , (3.8)

where Pt is the transmit power in dBm in one PRB, L is the distance-dependant path

loss component, and SF is the additive shadowing loss. As we assume that the channel is

modeled according to the 3GPP V2V Highway model [25], with log-normal shadow fading

with standard deviation σsf , δFTR(dt,r, γFTR) is given by

δFTR(dt,r, γFTR) =
1

2
erfc

(
Pt − L(dt,r) − γFTR)

σsf

√
2

)
. (3.9)

If Pr < γFTR, the packet is not detectable, and the transmitting UE is said to be hidden

from the receiver.

Collision Errors, δCOL(dt,r, NSe)

This term represents the probability that when UEr attempts to decode the packet from

UEt, all NSe PRB are occupied by at least one interfering transmission. Multiple UEs can

occupy the same PRB for several reasons, the most common being that UEt cannot detect

interfering UEs denoted by UEint when selecting PRBs during reselection (akin to the hidden

node problem). This error can also occur because UEt and UEint both initiate reselection

simultaneously and select the same PRB.

We thus decompose collision error into two parts; pSIM(dt,int, NSe) is the probability that

UEt and UEint select the same PRB to transmit while pINT (dt,r, dint,r) is the probability that

given that UEt and UEint select same PRBs, the interference from UEint results in block
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decoding error for UEt packet. Overall, the probability of all NSe packets experiencing a

collision error is

δCOL(dt,r, NSe) = 1 −
∏
i

(1 − pSIM(dt,int, NSe)pINT (dt,r, dint,r), (3.10)

pINT (dt,r, dint,r)

To determine pINT (dt,r, dint,r), we first define the Signal to Interference and Noise Ratio

(SINR) in dB as

SINR(dt,r, dint,r) = Pr(dt,r) − PI(dint,r) −N0, (3.11)

where PI(dint,r) is the receive power of the packet from UEint at UEr and N0 is the noise

power. The probability that the receiver experiences a decode error is

pINT (dt,r, dint,r) =
∞∑

s=−∞

BL(s)fSINR(dt,r,dint,r)(s), (3.12)

where BL(s) is the BLER for SINR = s7, and fSINR(dt,r,dint,r)(s) is the probability density

function for SINR.

pSIM(dt,int, NSe)

Packets can simultaneously select the same PRB under the following conditions; (i) both

UEt and UEint have overlapping selection windows, and (ii) both select the same PRB from

that overlap, defined as PO and PSh|O as the first and second terms in Eq. (3.13) respectively.

In the example in Fig. 3.2, the red and green UEs have PO = 1 because 1000TRRI = T0 and

PSh|O = 4/5 because 4 of the 5 slots overlap.

Next, UEt and UEint must fail to take each other’s transmissions into account during

reselection. This can occur because UEt cannot detect any of the packets sent by UEint with

7Obtained by invoking the error model from [40].
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probability δFTR(dt,int, γSPS)NSe , or if they can, both reselect simultaneously with probability

1− TRRI(1−PKeep). The probability of either of these events occurring is 1− (1− TRRI(1−

PKeep))(1 − δFTR(dt,int, γSPS)NSe). In the example in Fig. 3.2, the first probability is 1 for

the red and green UEs (they cannot detect each other’s packets) and equals 0.1 for the

probability they both reselect simultaneously.

Finally, if both UEs have overlapping selection windows, and both either reselect si-

multaneously or are hidden from each other, then the probability of selecting the same

PRB simultaneously is the probability that the transmitter randomly selects one of the

CCa(NSe, γSPS) common candidate PRBs8 from among their NCa(NSe, γSPS) total candi-

date PRBs (CCa(NSe, γSPS)/NCa(NSe, γSPS)) times the probability that the interferer se-

lects the same PRB (1/NCa(NSe, γSPS)). In the example in Fig. 3.2, for the red and green

UEs, this equals 2/52 because there are CCa(NSe, γSPS) = 2 common candidates among the

NCa(NSe, γSPS) = 2 total candidates in the selection window. Hence the final expression for

pSIM(dt,int, NSe) is given by Eq. (3.13)

pSIM(dt,int, NSe) = POPSh|O

(
1 − (1 − TRRI(1 − PKeep)) ·

(
1 − δFTR(dt,int, γSPS)NSe

)) CCa(NSe, γSPS)

NCa(NSe, γSPS)2
.

(3.13)

P0 is calculated assuming UE transmissions are uniformly distributed in time. Thus the

probability of overlap is the total number of slots they (UEt and UEint) both occupy divided

by the number of slots in a resource reservation interval. Therefore PO is given by

PO =
2(T2 − T1 + 1) − 1

1000tRRI

. (3.14)

PSh|O is the probability that both choose one of the NscNSh overlapping PRB out of the

total Nr they have available to choose from. Therefore PSh|O is given by

8Common candidates being those PRBs which would remain after SPS exclusions for both UEs.
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PSh|O =

(
NscNSh

Nr

)2

, (3.15)

where Nsc is the number of sub-channels, NSh is the average number of shared resources

given the selection windows overlap and is given by

NSh =
(T2 − T1 + 1)2

2(T2 − T1) + 1
. (3.16)

Note that γX impacts γSPS in Eq. (3.13) as an internal parameter that effectively shrinks

the FTR exclusively for the purposes of ensuring a minimum target value for the ‘candidate’

PRB set. Hence if γFTR < Pr(dt,r) < γSPS, the packet can still be decoded in the absence of

half duplex or collision errors. Further, because γX is the increase in γSPS required to limit

the ratio of occupied to total PRB to X, we can select γX via

γX = argmin
γ

∣∣∣∣NCa(NSe, γSPS = γbaseSPS + γ)

NscNSh

−X

∣∣∣∣ , (3.17)

where NSh is the average number of overlapping PRB in the selection windows of UEt

and UEint. As will be seen further, due to NCa(NSe) dependence on γX , the latter can’t be

obtained in closed form.

The average number of common candidate PRBs, CCa(NSe, γSPS), is the total number of

PRBs NscNSh, minus the average number of common exclusions, CEx(NSe, γSPS).

CCa(NSe, γSPS) = NscNSh − CEx(NSe, γSPS) (3.18)

UEt and UEint can both exclude the same PRBs for two reasons: a) The PRB selected

by the NB(NSe, γSPS) UEs fall within the FTR or b) Some of the NExc(NSe, γSPS) UEs that

fall within the FTR of each exclusively happen to select the same PRB for transmission.

In general NB(NSe, γSPS) and NEx(NSe, γSPS) are
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NB(NSe, γSPS) =

∫∫
dt,r,dint,r∈R

ℓρUENSe(1 − δFTR(dt,r, γSPS))·

(1 − δFTR(dint,r, γSPS))ddt,rddint,r,

(3.19)

and

NExc(NSe, γSPS) =

∫∫
dt,r,dint,r∈R

ℓρUENSe(1 − δFTR(dt,r, γSPS))·

(δFTR(dint,r, γSPS))ddt,rddint,r.

(3.20)

To determine NCa(NSe, γSPS) and CEx(NSe, γSPS), we assume that if any UE successfully

transmits using a PRB, then the selected PRBs will be excluded during SPS.

Finally, the state of any UE performing reselection (the total number of occupied PRBs)

is represented by the Markov chain shown in Fig. 3.3 with accompanying transition matrix

T .

Figure 3.3: Markov Chain representing PRB occupancy, states representing the number of

occupied PRB

The probability that the number of excluded PRBs, Ex equals k, given that N UEs are

selecting PRBs, there are M PRBs to select from, and S UEs have already chosen PRBs, is

given by
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PEx(k|N,M,S) = [TN
M ]{S,k}, (3.21)

which represents the {S, k}th element of transition matrix TN
M . Taking the expectation

of Eq. (3.21) we know that CEx,B(NSe, γSPS), the expected number of PRBs excluded due

to the NB(NSe, γSPS) UEs, is

CEx,B(NSe, γSPS) = E[Ex|N = NB(NSe, γSPS),M = NscNSh, S = 0], (3.22)

so overall CEx(NSe)

CEx(NSe, γSPS) = CEx,B(NSe, γSPS) +
1

Nr − CEx,B(NSe, γSPS)
·(

E[Ex|N = NExc(NSe, γSPS),M = NscNSh, S = CEx,B(NSe, γSPS)]−

CEx,B(NSe, γSPS))2Nr − CEx,B(NSe, γSPS)

)
,

(3.23)

where Nr is the total number of PRBs in the sensing window and is equal to Nsc(T2 −

T1 + 1). Similarly NCa(NSe, γSPS) is

NCa(NSe, γSPS) = NscNSh − E[Ex|N = NB(NSe, γSPS)+

NExc(NSe, γSPS),M = NscNSh, S = 0].
(3.24)

3.4 Model Insights

During C-V2X mode 2 simulation runtime, the channel parameters (Nsc) are assumed fixed

at a pre-agreed set known to all UEs. Consequently, only the SPS parameters (T2/T1, NSe)

are candidates for online optimization. As T2/T1 were previously investigated in [28] and

found not to significantly impact throughput. We focus instead on the impact of NSe for

various UE densities here. For the evaluation, we first computed throughput estimates from
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our mathematical model for Λ(dt,r, NSe) in Matlab and thereafter used the NR sidelink

implementation in ns-3 [18] to estimate ΛSim(dt,r, NSe) via simulation9.

(a) ρUE = .1

(b) ρUE = .4

Figure 3.4: Effects of NSe and ρUE on Λ(dt,r, NSe) - Calculated and Simulated, with 95%

Confidence Intervals

In Figs. 3.4a and 3.4b, we show the effects of varying NSe on Λ(dt,r, NSe) for ρUE = .1

and .4 respectively. In this case, the parameter under test shows a greater variation of PRR

at the different UE densities. In Fig. 3.4a, the lowest density, NSe = 4 performs best while in

Fig. 3.4b, the highest density, NSe = 2 produces the highest throughput averaged over dt,r.

9A detailed description of simulation procedure follows in Section 3.7.
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This corroborates with initial intuition since at higher ρUE, the resultant increase in NSE

causes more congestion, increasing the probability of collision. In contrast, at low ρUE where

congestion is low, using higher NSe introduces diversity gains. This behavior implies that by

tuning NSe during operation, throughput gains can be achieved relative to setting fixed NSe

at the beginning. However, as can be seen in Fig. 3.4b, which value of NSe is optimal is not

always apparent; here NSe = 4 results in slightly higher throughput below dt,r ≈ 40, while

NSe = 1 results in slightly higher throughput elsewhere.

To determine an optimal NSe for the linear network topology, we define the distance

averaged throughput as

ΛSim(NSe) =
1

x

∫ x

dt,r=0

ΛSim(dt,r, NSe)ddt,r, (3.25)

where x is the domain of the averaging. In practice, the choice of x has no effect as long

as ΛSim(x, SSe) is very small for all NSe. Consequently, we used x = 160 m. Hence the

optimal values N∗
Se are given by

N∗
Se = argmax

NSe

ΛSim(NSe), (3.26)

for a known value of ρUE. Since foreknowledge of ρUE is infeasible, and poor setting of

NSe can lead to throughput degradation, we propose a standards-compliant algorithm to

allow UEs to independently and dynamically select NSe based on estimation of ρUE during

simulation runtime in Section 3.5, called Dynamic Retransmission. Dynamic Retransmission

renders throughput robust to the lack of foreknowledge of ρUE but is performance sub-optimal

relative to pre-selecting optimal N∗
Se based on full knowledge. We then propose a standards

non-compliant algorithm, called Opportunistic Retransmission in Section 3.6, which causes

UE to independently and opportunistically select occupied PRBs based on spatial informa-

tion provided by the Zone ID. This algorithm is also robust to lack of foreknowledge of ρUE

but increases throughput beyond what is possible with the standards-based SPS algorithm.
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3.5 Dynamic Retransmissions - A Standards Compliant Robustification Al-
gorithm

Sections 3.5 and 3.6 describe algorithms implemented using ns-3 implementations of C-

V2X [18] (available: https://5g-lena.cttc.es/) to explore the effects of the algorithms on

average throughput. ns-3 throughput is measured by determining if any of the NSe Physical

Sidelink Control Channel (PSCCH) packet copies are correctly decoded by all other UEs

through ns-3 tracing. ns-3 implementation details are covered in depth in Section 3.7, and

the ns-3 code used to generate and process data is found at http://bit.ly/3SjWuAt. Both

algorithms in Sections 3.5 and 3.6 are implemented in ns-3 with the help of ns3-ai [41].

3.5.1 Overview of Dynamic Retransmissions

The Dynamic Retransmission (D-Re) algorithm is designed to enhance the existing 3GPP

proposed constant-NSe algorithm by having UEs independently estimate ρUE during oper-

ation and select NSe dynamically based on that estimate. Each UE estimates ρUE during

transmission n, to obtain ρ̂UE[n] as covered in depth in Section 3.5.2. Based on ρ̂UE[n],

each UE then determines N∗
Se(ρ̂UE[n]) from a precomputed table using Eq. (3.26) with other

known MAC/PHY parameters (T1/T2, RRI, etc.). The precomputed table performs the task

of computing ΛSim(NSe) for ρUE = ρ̂UE[n] and a set of NSe using Eq. (3.25), then determin-

ing N∗
Se using Eq. (3.26). Thereafter UE selects PRBs randomly from those remaining as

conformal to the SPS algorithm. It is important to note that the D-Re algorithm will perform

only slightly worse than a theoretical genie algorithm, where N∗
Se is always selected for every

ρUE, without requiring any changes to the SPS standards. To evaluate D-Re performance,

we estimate ΛSim (Eq. (3.25)) via ns-3 simulation.

3.5.2 Estimation of ρUE, ρ̂UE[n]

During reselection event n, UEt will exclude Ex[n] PRB from contention based on the

SPS scheme. For a single reselection event, ρUE can be estimated using the probability
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of excluding Ex[n] UE. As such, we used an experimentally derived probability of exclusion

PEEx(Ex[n], γX [n]|Nr)
10, where γX [n] is the increase in the SPS threshold during reselection

event n.

ρ̂UE[n] can then be computed by passing the single period estimate through a moving

average filter with coefficient α. If Nr is known and a PHY model is assumed, then

ρ̂UE[n] = (1 − α)ρ̂UE[n− 1] + α argmax
ρ

PEEx(Ex[n], γX [n]|Nr). (3.27)

Overall the D-Re algorithm is summarized in Alg. 2

Algorithm 2: Dynamic Retransmission Algorithm
Input : Sensing Information from SPS Sensing: Ex[n], and γX [n], and list of “empty” PRB for random selection

for Each retransmission event n do

Estimate ρ̂UE [n] (Eq. (3.27));

Select N∗
Se(ρ̂UE [n]) PRB randomly from empty PRB and conclude;

end

3.6 Opportunistic Retransmissions - A Standards Non-Compliant Through-
put Enhancing Algorithm

3.6.1 Overview of Opportunistic Retransmissions

Our final algorithm to improve C-V2X mode 2 throughput is Opportunistic Retransmissions

(O-Re); it combines ρUE estimation, dynamic NSe selection, and opportunistically overwrit-

ing PRB selections of other UEs in physically distant zones, akin to spatially reusing PRBs.

O-Re uses the Zone ID (ZID), which is transmitted as part of the 2nd stage SCI [42], to

estimate distance and identify common PRBs occupied by UEs at the edge of UEt’s trans-

mission range with low values of Rc and overwrites them to improve throughput (noticeably

effective at high ρUE). The ZID partitions the network spatially into a set of discrete zones

of edge length dZ ; we assume that ZID is derived based on GPS-equipped UE locations.

10The formation of PEEx(Ex[n], γX [n]|Nr) is covered in Section 3.7.1
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Like the D-Re algorithm, the O-Re algorithm also estimates ρUE as ρ̂UE
11, and the edge

region defined below, in terms of parameter dedge
12. ρ̂UE is then fed into the settings table13

which is a precomputed table, used to determine the numbers of overwritten PRB NSe,O,

and corresponding values of the reselection counter of the overwritten PRB NRc . Once these

values are obtained, the UE uses its sensing information via the SPS algorithm to identify if a

sufficient number of candidate resources exist. NSe,O is always at least 2, and the UE searches

for an equal number of PRB on each side of the edge region. If these PRBs exist, then the

UE transmits using the identified resources. Otherwise, the UE uses ρ̂UE to determine N∗
Se

from a lookup table and transmits N∗
Se duplicate packets on randomly selected empty PRBs.

Figure 3.5: Simplified Physical Layout

Illustrative Example: Consider the UEs shown in Fig. 3.5 along with the selection windows

in Fig. 3.6. Here we assume that all UEs cannot detect packets from sources further than

dFTR = 3dZ (measured center to center) deterministically. For instance, in Fig. 3.5, UE 7 can

detect packets from UE 4 but not UE 3 or 17. Observe UEs 4, 7, and 10, shown in Fig. 3.6 in

11Estimating ρUE is covered in depth in Section 3.5.2.

12Estimating dedge is covered in depth in Section 3.6.2.

13How the settings table is formed is covered in Section 3.6.3.
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(a) Sensing Window of UE 4 During Reselection Performed by UE 7

(b) Sensing Window of UE 7 During Reselection Performed by UE 7

(c) Sensing Window of UE 10 During Reselection Performed by UE 7

Figure 3.6: Sensing Windows for Key UEs
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Figure 3.7: Example Effects of O-Re Over Time from the Perspective of UE 5 in Fig. 3.5

orange, green, and blue, respectively, along with respective transmission ranges of the same

color. If in Fig. 3.5, UE 7 performs SPS reselection, then its sensing window at that time,

along with that of UEs 4 and 10, are shown in Figs. 3.6b, 3.6a, and 3.6c respectively.

After initial SPS sensing step, UE 7 determines that NSe,O = 2, NRc = 1, and dedge = 2dZ .

After identifying available PRBs, UE 7 randomly selects NSe PRBs from these available

PRBs. Under our proposed O-Re selection scheme, UE 7 determines if any UE in zones 4

or 18 or in zones 10 or 22 have Rc at most equal to 1. In the example in Figs 3.5-3.6, UE 7

has decoded packets from UEs 4 (zone 4) and 10 (zone 10), and both have Rc = 1.

Assume UE 7 selects those PRBs; it implies that for UE 4 and all other UE in every

zone that could have detected both packets (the zones in orange in Fig. 3.5, called “shared

zones”), the first packet UE 7 sends in UE 4’s PRB is guaranteed to collide with UE 4’s packet

(similar for every UE in the ‘shared zones’), Fig. 3.7b. However, after the first transmission,

UE 4 reselects and does not collide with any UE in the shared zones, see Fig. 3.7c14. A

symmetrical argument holds for UE 10 (and all other UEs) in their shared zones (the zones

in blue in Fig. 3.5).

Overwriting packets in PRBs creates a trade-off where the first NRc UE transmissions

have reduced diversity gains compared to the standard. However, it also effectively reduces

the probability of interference for some packets for subsequent transmissions while regaining

the diversity gains, as shown in Fig. 3.7. In Fig. 3.7b, UE 7’s 1st packet (3rd-row 2nd-column)

14A collision would require the interferer to be outside the FTR or for reselection to co-occur, neither of
which can happen within their shared zones.
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is not decoded by UE 5 due to guaranteed collisions. Meanwhile, UE 7’s 2nd packet (1st-row,

4th-column) is decodable. After NRc transmissions, UE 4 reselects, and in Fig. 3.7c, UE 7’s

1st packet is decoded.

Although it may seem that only transmitting the 2nd packet works just as well for UE

7, the 2nd packet has a higher likelihood of collision in Fig. 3.7c; during the transition from

Fig. 3.7a to 3.7b that PRB had no occupant, the PRB used by UE 7’s 1st packet did. If any

UEs in the orange zones of Fig. 3.5 had performed reselection at the same time as UE 7,

they could have selected the PRB occupied by UE 7’s 2nd packet but not the PRB used by

its 1st packet. We will show that, on average, this provides throughput gains over the entire

Rc packets sent using the same PRB over just performing dynamic NSe selection. The above

principle holds for higher values of NSe,O. In the case of even (odd) NSe,O, the UE searches

for NSe,O/2 (⌊NSe,O/2⌋) PRB on each side of the edge region and selects one PRB randomly

from the set that the SPS scheme has determined is empty.

3.6.2 Estimation of dedge[n]

Algorithm 3: Estimation of dedge[n]
Input : Nrx[ZID], β, γ

Initialize: dedge[0] = 100, d = 0, N = 0

for Each ZIDi from closest to furthest do
d = dist between ZIDi and own ZID;

N = N +Nrx[ZIDi];

if N/
∑

i(Nrx[ZIDi]) ≥ γ then
d = dist between ZIDi−1 and own ZID;

exit;

end

end

dedge[n] = (1− β)dedge[n− 1] + βd

During reselection event n, reference UE decodes Nrx[ZID] unique packets from other

UEs in each ZID, since the prior reselection event n − 1; this can be used to order the

ZIDs from closest to farthest for the reference UE, producing an initial estimate for dedge[n]
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and cumulatively summing until it exceeds the threshold γ. Similar to ρ̂UE[n], the initial

estimate is passed through a moving average filter with coefficient β to compute final dedge[n]

as summarized in Alg. 3.

3.6.3 Construction of the Settings Table

We compute the average per-UE throughput, ΛO−Re(dt,r, NSe,O, NRc), when overwriting NSe,O

PRB with Rc value NRc in Eq. (3.28). Because the right-hand side of Eq. (3.28) assumes

that PRBs are overwritten every reselection event, it constitutes an upper bound for the

performance of the O-Re scheme.

Eq. (3.28) represents the averaging (over 1/E[Rc] total transmissions) of the two different

PRRs which occur over the Rc packet transmissions before reselection times the transmission

rate 1/TRRI . The first term inside the brackets represents the PRR for the first NRc transmis-

sions during which UEt and the overwritten UE are guaranteed to collide (Fig. 3.7b). In this

case, only half of the NSe,O packets sent can be decoded, the (1 − PPRR(dt,r, NSe,O))⌈NSe,O/2⌉

term. The second term then represents the remaining E[Rc] − NRc transmissions after the

overwritten UE gives up its resource (Fig. 3.7c). In this case, all packets sent by UEt can be

decoded, so the PRR becomes (1−PPRR(dt,r,

⌈
NSe,O

2

⌉
))⌊NSe,O/2⌋(1−PPRR(dt,r, NSe,O))⌈NSe,O/2⌉.

In general ΛO−Re(dt,r, NSe,O, NRc) satisfies

ΛO−Re(dt,r, NSe,O, NRc) ≤
1

TRRIE[Rc]
·[

NRc

(
1 − (1 − PPRR(dt,r, NSe,O))⌈NSe,O/2⌉

)
+ (E[Rc] −NRc)

(
1−

(1 − PPRR(dt,r,

⌈
NSe,O

2

⌉
))⌊NSe,O/2⌋(1 − PPRR(dt,r, NSe,O))⌈NSe,O/2⌉

)]
.

(3.28)

When the UE does not find NSe,O UEs in zones farther than dedge with Rc = NRc , it

defaults to the 3GPP reselection scheme with NSe = N∗
Se as calculated by Eq. (3.26), which

implies a lower bound given by



71

ΛO−Re(dt,r, NSe,O, NRc) ≥ Λ(dt,r, N
∗
Se). (3.29)

The upper bound of ΛO−Re(dt,r, NSe,O, NRc) computed using Eq. (3.28) then averaged

like in Eq. (3.25) to form ΛO−Re(NSe,O, NRc). To form the settings table for a given value of

ρUE all values of NSe,O and NRc which cause ΛO−Re(NSe,O, NRc) > ΛSim(N∗
Se) are ranked in

descending order according to how much greater ΛO−Re(NSe,O, NRc) is until random selection

with NSe = N∗
Se performs best15, terminating the table.

This results in our O-Re settings table for ρUE = .4 as seen in Tab. 3.1.

Parameter Combination # NSe,O NRc NSe

1 4 0 -

2 2 0 -

3 4 1 -

4 2 1 -

5 3 0 -

6 4 2 -

7 2 2 -

8 3 1 -

9 - - 2

Table 3.1: O-Re Settings Table for ρUE = 0.4

Overall the O-Re algorithm is summarized in Alg. 4

3.7 Simulation Methods to Cross Validate Mathematical Modeling and ns-3
Implementation of C-V2X Protocol

3.7.1 Model Validation

To explore the proposed D-Re and O-Re algorithms, we use the ns-3 NR C-V2X simulator

from [18]. To ensure the simulator performed as expected, we began with tests on baseline

15Because our model of Λ is not perfect, we limit the settings table to include only values which are at
least .1 packets/(UE · s) better than ΛSim(N∗

Se).
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Algorithm 4: Opportunistic Retransmission Algorithm
Input : Sensing Information from SPS Sensing: Ex[n], Nrx[ZID], Rc and ZID of decoded packets, and list of

“empty” PRB for random selection

for Each retransmission event n do

Estimate ρ̂UE [n] (Eq. (3.27));

Estimate dedge[n] (Alg. 3);

for Each choice i in the settings table corresponding to ρ̂UE [n] do

if ⌊NSe,O[i]/2⌋ PRB with Rc = NRc [i] on each side of the edge region are decoded in the sensing window

then

if NSe,O[i] even then

Select identified PRB for transmission and conclude;

else

Select identified PRB + 1 random PRB from empty PRB for transmission and conclude;

end

else if i is the last setting in the settings table then

Select N∗
Se PRB randomly from empty PRB and conclude;

end

end

examples that validate performance in Sec. V16. Two enhancements to the ns-3 NR C-

V2X code in [18] were implemented to conform to our PHY model assumptions: a) SNR

threshold-based packet detection, as discussed in Sec. III.B and b) enabling UE in ns-3 to

use the observed RSRP for PRBs during SPS reselection as per Sec. III (by editing the

object containing the sensing results in ns-3 called sensingData). These enhancements are

shown as part of a flowchart describing the simulation in Fig. 3.8 in red.

The ns-3 simulation topology mimics Fig. 3.2 by placing 150 UEs each in ℓ = 2 lanes

separated by distance dL = 4 m. All parameters used for simulation can be found in Table

3.2.

For the values in Table 3.2, we found that on average, 40.36 PRBs were excluded, and

no increase in γSPS was required for ρUE = .1 and NSe = 1, the lowest tested packet density.

Whereas for the highest packet density tested ρUE = .4 and NSe = 4, an average of 93.60

16All code required to generate and analyze the data for both model validation and D-Re/O-Re testing
can be found at http://bit.ly/3SjWuAt.
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Figure 3.8: ns-3 NR C-V2X Simulator Operation with Enhancements in Red

PRBs were excluded after a required increase in γSPS of 14.41 dBm.

The ns-3 simulations produce database files that contain information on PSCCH and

PSSCH transmission and reception, which are processed in Matlab to produce traces of

PRR. Two sets of data need to be excised to avoid initialization and edge effects. First, even

though our initialization procedure theoretically provides uniform distribution in time, the

UEs do not perform any sensing, so they are more likely to collide early in the simulation.

Hence, we remove the first 40 seconds (out of a total of 90 seconds) of simulation time to

allow the system to achieve a steady state. Through evaluation of the traces, we found this

to be more than sufficient time for the UEs to distribute themselves evenly in time and

frequency. Secondly, because the UEs at the lane edge have half as many UEs to receive
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Parameter Value Parameter Value

T0 .1 s PKeep 0

T1 2 slots Pt 15 dBm

T2 33 slots ℓ 2

Nsc 4 subchannels dL 4 m

µ 0 RRI .1 s

γFTR -110 dBm γbaseSPS -110 dBm

Table 3.2: Constant Parameters for Simulation

packets compared to central UEs, their receptions are removed from the data set. In this case,

we determined the edge to be 150 meters based on the transmit power and channel model

resulting in a high probability of FTR error beyond 150 meters. To determine PEEx, we

created separate traces of γX [n] and Ex[n] during each reselection for each UE. We expunged

the same subsets of data as with our PRR analysis.

Simulation completion time is primarily influenced by the number of packets sent and

received and three key factors; a) the number of UEs, b) NSe, and c) UE density. While

the first two increase the number of packets in the system, lower densities mean greater

distance between UEs and more FTR errors. Because packets that experience FTR errors

are marked corrupt earlier in the simulation, they take less time to process later, as some

functions can be skipped. Simulations take on the order of hours to complete, with the

shortest (dV = 20, Nse = 1) taking approximately 4 hours while the longest (dV = 5,

Nse = 4) took approximately 12 hours.

3.7.2 NS-3 Enhancements Enabling D-Re and O-Re Algorithms

Because modifying 5G NR protocol stack parameters during runtime is challenging to im-

plement in ns-3, we used the ns3-ai application module [41]. This is an extension to the ns-3
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stack that allows networking researchers to avail of open-source AI/ML libraries, typically

in Python, via suitable message passing. Ns3-ai facilitates this information transfer through

the use of shared memory. Hence ns-3 simulation outputs are processed via ns-3-ai, and

updated parameters (in the case of D-Re and O-Re) or PRB selection (in the case of O-Re)

are passed back to ns-3, and the simulation continues. The overall flow is shown in Fig. 3.9,

with additions shown in red.

Figure 3.9: ns-3 NR C-V2X Simulator Operation with D-Re/O-Re Enhancements in Red

In addition to the ns-3 5G LENA enhancements in Sec. VIII, other necessary modifica-

tions include: 1) Added the ability for ns-3 nodes to record the Rc and ZID value of a packet

in sensingData. 2) Made changes to the reselection code, which allowed both the changing

of NSe during runtime and, 3) For O-Re specifically, the ability to control the PRB directly

used for transmission.

As with the standards-based algorithm, when analyzing the D-Re and O-Re data, the

first 40 (of 90) seconds of data are removed to ensure a steady state, and the UEs within 150

meters from the edge are removed to remove the edge effects. Additionally, because these
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UEs cannot estimate ρUE correctly, they are instead given the correct ρUE value rather than

estimating. The data output format by ns-3 is identical to the data produced for model

validation and is processed similarly. In addition to packet traces, we also created traces of

ρ̂UE[n] and dedge[n] to measure the effects of the tuning parameters α, β, and γ17.

Because storing setting tables for every ρUE is very memory intensive, two changes were

made to reduce complexity. First, rather than storing tables for discrete values of ρUE,

they were stored for ranges of ρUE, as minor changes to ρUE did not result in significant

changes. Secondly, some parameter sets are impossible and thus were purged. For instance,

in Table 3.1, if the UE could not find two PRBs for parameter combination 2, it also cannot

for parameter combination 5; thus, choices 5 and 8 were eliminated. In general, if a parameter

combination in a settings table has NSe,O greater than a previous parameter combination

but the same NRc , then it were eliminated as it is impossible.

The use of ns3-ai adds to the time needed to complete the simulation. Like with the

model validation, the primary driver is the number of packets sent, which in the case of

D-Re and O-Re is driven by ρUE. Both algorithms recommend using more duplicate packets

for transmission at low ρUE, causing simulations to take longer. D-Re took approximately 5.5

hours to complete in the shortest case (ρUE = .1) to 7.5 hours in the longest case (ρUE = .4).

Because of the greater complexity of the O-Re algorithm and the larger amount of data

passed by ns3-ai, simulations took approximately 6.5 hours to complete for ρUE = .1 and 8

hours in the longest case (ρUE = .4).

17α controls the moving average filtering of ρ̂UE , β controls the limits of the edge region, and γ controls
the moving average filtering of dedge
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3.8 Results and Analysis

3.8.1 Effects of Algorithm Parameters α, β, and γ

Learning Rate for ρ̂UE, α

To evaluate the effects of α on ρ̂UE, we examined ρ̂UE,AV G, the average of ρ̂UE across all UEs

in the data set as a function of time. Fig. 3.10 shows ρ̂UE,AV G for various values of α when

ρUE = .4. As can be expected with a 1st-order moving average, smaller values take longer

to converge, while larger values may lead to oscillatory convergence. We ultimately chose to

use α = .5 as a good balance between final accuracy and convergence time.

Figure 3.10: Effect of α on ρ̂UE,AV G
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Learning Rate for dedge, β and Threshold for dedge, γ

To evaluate the effects of β and γ, we use the metric dedge,AV G -the average of dedge across

all UEs in the data set as a function of time. Fig. 3.11 show the effects of γ on dedge,AV G

when ρUE = .4. Note that (averaged) dedge at convergence is controlled by γ used; smaller

values of γ resulting in UEs assuming the edge is closer and hence lower dedge,AV G. β serves

as a learning rate for dedge as can be seen in Fig 3.12 with lower values resulting in slower

convergence, while higher values produce quicker convergence but prone to oscillations as

already observed.

Figure 3.11: Effect of γ on dedge,AV G, β = .5

Since a good choice of dedge is very scenario dependant, it reflects on the selection of γ and

β. Higher values of γ result in lower dedge estimates, which allows more PRBs to be considered

as potential overwrites. However, if the UEs that are reusing these PRBs are not sufficiently

distant, it could cause performance degradation. Similarly, higher values of β mean that the
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Figure 3.12: Effect of β on dedge,AV G, γ = .1

current estimate is given more weight; thus, the set of “distant” UEs tend to be larger as the

current estimate is based on the distances of the current receptions. Alternatively, selecting

too small values for either parameter results in no PRB ever being overwritten; thus, O-Re

effectively acts like D-Re and shows no performance gains. In summary, to determine the

values of γ and β which best balance these considerations, we measured µΛ,O−Re for a variety

of γ and β values as shown in Table 3.3.

We see that the best combination of γ and β is γ = .5, β = .1, which we used for the

remainder of our experiments. We also see that throughput is not overly sensitive to the

choice of γ and β with many combinations of parameters performing better than the standard

(SPS) compliant algorithm, which resulted in ΛSim(N∗
Se = 2) = 4.74585 packets/(UE · s) as

a baseline.
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γ

.05 .1 .175 .25

β

.25 4.786 4.814 4.824 4.719

.5 4.80 4.838 4.828 4.752

.75 4.80 4.825 4.797 4.752

1 4.783 4.828 4.785 4.620

Table 3.3: µΛO−Re
for various γ and β with dV = 5

3.8.2 Algorithm Performance

Figure 3.13: Simulated ΛSim, µΛ,D−Re, and µΛ,O−Re as a Function of ρUE
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D-Re performance

As seen in Fig. 3.13, the D-Re algorithm’s goal of robustification is well met. In all tested

densities, the D-Re algorithm performs second best in terms of distance-averaged throughput.

As expected, there exist some losses because ρ̂UE is not a perfect estimator of ρ, causing some

UE to occasionally select a sub-optimal value for NSe.

Because in the standards-based algorithm, NSe has to be pre-selected due to lack of

foreknowledge of ρUE (or changes to ρUE over time), it can result in throughput degradation

due to mismatch. For ρUE = .1, .2 or .4 losses can be up to 23.6%, 14.2% or 19.4%

respectively. The D-Re algorithm only loses 0.53%, 0.83% or 0.16% for ρUE = .1, .2 or .4

respectively below the best NSe and can result in improvement gain of up to 30.14%, 15.61%

or 23.92% for ρUE = .1, .2 or .4 respectively below the worst NSe.

O-Re Performance

The O-Re algorithm met its goal of robustification and throughput improvements at high

ρUE. Because true network operators must select on NSe and use it at all densities, O-Re is

compared to an individual curve rather than a hypothetical “Genie,” which selects the best

NSe.

If a network provider selects NSe = 4, believing the UE density will be low, O-Re performs

.67% worse at ρUE = .1, a small degradation in performance. However, should the provider

be incorrect and the UE density increases, we see that the O-Re algorithm shows great

improvements, 4.038% and 26.67% at ρUE = .2 and .4 respectively. The O-Re algorithm also

shows modest improvements over the D-Re algorithm at high ρUE; for ρUE = .4, the O-Re

algorithm performs 2.22% better. The throughput improvements increase as a function of

ρUE because the O-Re algorithm attempts to exploit PRB reuse. At higher ρUE, there are

more transmitters leading to a greater diversity of Rc values even though each UE transmits

fewer packets optimally, so the O-Re algorithm has more opportunities to overwrite PRBs

and improve performance. In contrast, at lower ρUE values such as ρUE = .1 and .2, fewer
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UEs lead to a lower diversity of Rc values, and hence few PRBs are overwritten. This causes

the algorithm to perform about the same as the D-Re algorithm at low ρUE.

3.9 Summary

This chapter presented a full mathematical model of NR C-V2X throughput in mode 2. We

validated this model using ns-3 simulations and further explored the effects of select system

parameters on the throughput performance. Resulting insights were used to develop two

distributed adaptive algorithms - the standards-compliant D-Re algorithm and the standards-

non-compliant O-Re algorithm. Through ns-3 simulations, we demonstrated that the D-Re

algorithm that estimates UE density in simulation achieves throughput comparable to that

of a 3GPP algorithm that assumes perfect knowledge of the UE density. Further, the O-Re

algorithm improves the performance relative to the 3GPP SPS algorithm by making use

of the zone ID (currently part of SCI but unused) and value of the reselection counter (a

proposed addition to the SCI) to improve throughput for high UE densities while maintaining

the robustness of the D-Re algorithm at all other UE densities.

3.10 Concluding Remarks

The key contributions of this chapter were 1) to create a standards-compliant algorithm (D-

Re) that makes C-V2X communications robust to lack of foreknowledge of UE density and

2) to create a standards non-compliant algorithm (O-Re) which can exceed the throughput

of the standards SPS algorithm at high UE densities. These are important because SPS

algorithm parameters when set incorrectly can result in performance degradation of up to

30% and at high UE densities the the service requirements shown in Table 1.1 are the hardest

to meet.

Beyond The proposed algorithms shown here, there are other techniques that we did not

take advantage of and could be combined with D-Re or O-Re to further improve performance.

In addition to non-orthogonal multiple access (or successive interference cancellation) and

a variety of recombining methods which we did not consider in this thesis another SPS
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parameter that might be jointly tuned alongside NSe is the resource reservation interval

TRRI . TRRI variation has been explored by itself in [] but could in principle be combined

with blind retransmissions to boost performance beyond what either can provide separately.

It is important to note that C-V2X is a more rich environment for improvements than

ProSe. This is because the sensing present in C-V2X (which is absent from ProSe discovery)

makes estimating the underlying UE density much easier. The base algorithms, SPS vs dis-

covery, also provide a wider variety of ways to tune the process and thus more opportunities

for improvement. The additional inclusion of explicit positional information (in the form of

zone ID) is also helpful.
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Chapter 4

CONCLUSION

In this thesis, we considered two cellular protocols designed to enable communications

outside the coverage of an eNb, 4G LTE ProSe, and 5G NR C-V2X. The following are the

main takeaways for public safety device manufacturers and standardization bodies. Sidelink,

originally introduced for ProSe, provides an invaluable tool to achieve the coverage exten-

sion needs of public safety users in off-network scenarios. Issues, however, arise because the

original designs (Modes 1 and 2 in Chapter 2) had extremely high latency issues. Addition-

ally, economic issues have made it impossible to secure the chipsets required to manufacture

ProSe-enabled devices. This has pushed device manufacturers to use similar C-V2X stan-

dards (which also make use of the Sidelink) to enable coverage extensions for public safety

users. ProSe features not present in C-V2X are still important for public safety, especially

relaying, and should be adapted into C-V2X to support public safety use cases. Techniques

needed to modulate the discovery parameters during runtime exist, given that changes in

the underlying physical parameters (e.g., UE density) can have large effects on the discov-

ery completion time. The algorithm presented in Chapter 2 of this thesis provides a good

example of such an algorithm. In C-V2X, Throughput, the focus of this thesis, can poten-

tially be met, but techniques are needed to adapt to real-world conditions1. The optimal

MAC parameters are highly affected by the underlying physical layer, and algorithms like

those presented in Chapter 3 (D-Re and O-Re) are key to meeting throughput requirements.

Some additional changes ought to be made to the standards beyond those to enable O-Re;

the sensing assumption that only decoded packets can be excluded during SPS reselection is

damaging to throughput for no tangible benefit. The most difficult Metric to meet otherwise

1See Table 1.1 for C-V2X metric requirements in a variety of use cases.
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is the required communications range, which is the largest range at which PRR is equal to

the reliability metric. Throughput improvements benefit this at the margins as improving

the average throughput has the added effect of improving the required communication range,

see Fig. 3.4. Although not covered in this thesis, other potential enhancements to meet these

requirements are successive interference cancellation and similar technologies, [43], or simply

enabling the concept of high-powered UEs from the public safety domain.

The original contributions of this thesis include 1) evaluated the performance of 4G LTE

ProSe discovery and introduced a mathematical model of discovery completion time (the

time to discover all other nearby UEs); 2) demonstrated the effects of modifying UEs to

FDD rather than the standard assumption of HD and demonstrated that doing so provided

significant gains to discovery completion time without the need for algorithmic interventions;

3) introduced an algorithm to improve discovery by learning the underlying density of UE

and tuning discovery parameters to adapt to an underlying hidden parameter; 4) evaluated

the performance of 5G NR C-V2X packet transmission and developed a mathematical model

for throughput and PRR; 5) created an algorithm to improve throughput in NR C-V2X be-

yond the standards SPS algorithm for periodic transmissions by opportunistically reselecting

resources (akin to spatial reuse) through the estimation of underlying hidden parameters (UE

density) and the use of currently unused system information (Rc and zone ID).

Moving forward, there are several fruitful paths for future work. First, the O-Re algo-

rithm presented in Chapter 3 can likely be improved. One potential vector of improvement

would be to explore the effects of modifying the choice of the reselection counter (how many

transmissions the resource is used for). Under the semi-persistent scheduling scheme, Rc is

chosen randomly because the UE does not know how good the chosen resource truly is, but

in the O-Re scheme, you have some knowledge that the resource chosen is a good choice,

thus should naturally want to use it longer. Another possibility would be to push the work

in a more vehicular direction. Until now, although Chapter 3 uses the C-V2X standards,

mobility (UE movement during the simulation) is ignored due to the more low-speed nature

of pedestrian public safety UEs. If this direction were followed, mobility would be intro-
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duced, the effects studied, and algorithms developed, which improved performance under

those circumstances. Finally, if we continued our focus on public safety users, I believe

the most relevant direction would be to explore the effects of coexistence. Throughout the

thesis, we have assumed that the only users using the bandwidth devoted to sidelink are

other cellular UEs. With the advent of the unlicensed band NR (NR-U), there will be a

need to explore how to operate off-network C-V2X in an environment where packets do not

adhere to the periodic assumptions placed on the min in this thesis. Adjacent to this thrust

are considerations for dynamic transmissions (non-periodic NR C-V2X transmissions which

use the sidelink) and cellular communication in contested environments (jamming, spoofing,

interception, etc.), both of which share parallels to an NR-U environment.
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