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Abstract

Millimeter-wave (mmWave) communications offer abundant bandwidth for vehicular

networks, however it is prone to blockages due to buildings, topology, and other environ-

mental factors. To address these challenges, we propose a novel unmanned aerial vehicle

(UAV)-aided two-way relaying system to enhance vehicular connectivity and coverage.

We formulate a joint optimization problem for relay selection and transmission schedul-

ing to minimize transmission time while ensuring throughput requirements. Proximal

policy optimization, deep Q network and constraint programming models are employed

to solve the optimization problem. Extensive evaluations reveal that the proximal policy

optimization model achieves 100% accuracy with respect to the constraint programming

model. In the dynamic scenario, the PPO model outperforms the JRDS model when the

number of flows are greater than 40.

Keywords − Concurrent scheduling, deep Q-network, proximal policy optimization,

relay selection, vehicular networks.
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Chapter 1

Introduction

1.1 Introduction

The increasing data demands in vehicular networks have driven the need to utilize mmWave

frequency bands, which offer higher bandwidths for next-generation communication sys-

tems. Despite the advantages, mmWave V2V communication encounters significant chal-

lenges due to high path loss, susceptibility to obstacles, and frequent signal blockages,

all of which can severely degrade link quality and affect overall network performance. To

mitigate these issues, incorporating relay-aided transmission systems using UAVs and ter-

restrial vehicles has emerged as a promising solution. UAVs, in particular, offer a flexible

and dynamic deployment capability that can enhance coverage, boost throughput, and

increase communication reliability, especially in fast-changing environments like urban

landscapes [1]. This adaptability allows UAVs to act as aerial relays, swiftly repositioning

themselves to establish or maintain LoS connections, thereby overcoming the inherent

limitations of traditional terrestrial communication infrastructure.

However, optimizing the deployment of UAV resources and the scheduling of commu-

nication tasks presents several challenges. These challenges stem from the dynamic nature

of the environment, the high relative mobility of vehicles, constraints on UAV power and

payload capacity, and varying QoS requirements. Traditional optimization techniques

often fall short in handling the inherent unpredictability of vehicular networks and the

rapidly changing conditions they entail [2, 3]. In this context, RL methods have shown

considerable promise. Techniques like DQN and PPO are well-suited for these complex

environments, as they can learn optimal scheduling and resource allocation strategies

through iterative interactions and feedback from the environment [4, 5]. DQN models

are adept at estimating long-term rewards for various scheduling actions, making them



effective in discrete action spaces, while PPO models excel in optimizing policies within

continuous action domains, which is crucial for the nuanced and fine-grained control re-

quired in managing mmWave V2V communications [6, 7].

1.2 Motivation for BTP and Problem Statement

Reliability continues to be a significant challenge in mmWave vehicular communication

systems, particularly when relying solely on terrestrial relays. These relays can fail in V2V

scenarios involving distant transceivers due to obstructions, adverse weather, or network

congestion. Additionally, while UAVs present a promising alternative as relays, they

are constrained by limited battery capacity, which can be particularly problematic under

conditions of high traffic demand. To address these issues, the concept of two-way relaying

using UAVs has been proposed, allowing simultaneous bidirectional communication to

enhance the efficiency and reliability of the network. This approach has the potential to

mitigate some of the inherent limitations of single-directional relay methods, making it

more suitable for high-density vehicular environments.

In this work, we focus on implementing two-way relaying with UAVs to enhance the

robustness of mmWave vehicular communications. To evaluate the effectiveness of dif-

ferent strategies, we developed and tested three models: DQN, PPO, and Constraint

Programming. These models were benchmarked against a traditional TDMA algorithm

to provide a comprehensive comparison of their ability to optimize network performance

and maintain reliability under challenging conditions. The aim is to determine how well

these advanced scheduling methods can adapt to dynamic vehicular environments, opti-

mize resource allocation, and ensure reliable communication links, especially when dealing

with the high path loss and frequent blockages typical of mmWave bands.

Through these evaluations, our goal is to identify the strengths and weaknesses of each

model, offering insights into the most effective techniques for enhancing communication

in next-generation vehicular networks. This research has the potential to contribute to

the development of robust mmWave V2V communication systems that can support the

growing data demands of intelligent transportation systems, smart cities, and autonomous

vehicles.
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1.3 Organization of the Report

The paper is organized as follows: Chapter 2 contains the literature review. Chapter 3

introduces the system model. Chapter 4 formulates the joint scheduling problem. Chapter

5 details the data processing and proposed schemes. Chapter 6 presents simulation results.

Finally, Chapter 7 concludes the paper and discusses future research directions.
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Chapter 2

Literature Review

2.1 Introduction

Relay-aided mmWave communications have demonstrated significant potential to enhance

system performance in various aspects, such as coverage, spectral efficiency, and energy

savings. Wu et al. [8] conducted a study revealing that two-hop device-to-device relaying

can substantially expand coverage and improve spectral efficiency in mmWave networks,

making it a promising solution for densely populated urban areas where direct LoS paths

are often blocked. Similarly, Ruiz et al. [9] explored optimal relay positioning for 5G net-

works, emphasizing that strategically placed relays can bridge coverage gaps and provide

more consistent data rates, particularly in environments with severe shadowing effects.

Eltayeb [10] further contributed to the field by proposing relay-aided techniques to mit-

igate channel estimation errors, which are a common issue in mmWave communication

due to the high frequency and narrow beams involved. These techniques enhance the

accuracy of channel estimation, leading to more reliable communication links.

In addition, Xiao et al. [11] focused on energy efficiency, presenting a study on effec-

tive relay selection strategies in complex scenarios involving multiple sources and relays.

Their results demonstrated that appropriate relay selection could lead to considerable

energy savings, reducing the operational costs of mmWave networks without sacrificing

performance. Furthermore, the use of UAVs as flexible and mobile relays has been a game-

changer in the field, particularly for vehicular communication. Jing et al. [12] optimized

UAV-assisted communication systems through a combination of joint resource allocation

and scheduling, successfully reducing latency and maximizing throughput in dynamic

vehicular environments. These UAV-based solutions are particularly advantageous in sce-

narios where infrastructure-based relays are not feasible or when rapid deployment is



necessary.

Efficient scheduling remains a critical factor in maximizing the potential of mmWave

communication systems. Hadded et al. [13] demonstrated the effectiveness of TDMA

techniques for vehicular applications, showing that TDMA can significantly reduce inter-

ference and improve communication reliability in high-mobility scenarios. Additionally,

Qiao et al. [14] developed a multi-hop concurrent transmission scheme that leverages the

spatial capacity of mmWave relay systems. This approach enables multiple data streams

to be transmitted simultaneously over different relays, significantly outperforming tradi-

tional single-hop methods in terms of throughput and spectral efficiency. However, while

these strategies represent significant progress, challenges remain in adapting them to real-

world environments where factors such as mobility, channel variability, and interference

are less predictable and harder to manage.

2.2 Conclusions

In conclusion, while relay-aided mmWave communications and advanced scheduling tech-

niques have pushed the boundaries of what is possible in next-generation networks, on-

going research is essential to overcome the practical challenges that come with their real-

world deployment. Solutions that address environmental dynamics, user mobility, and

real-time resource allocation will be crucial to fully unlocking the potential of mmWave

technology in future wireless communication systems.
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Chapter 3

System Model

This chapter provides a detailed description of the system model utilized for the UAV-

aided mmWave vehicular network. The model includes specifications on the mobility

behavior of vehicles and UAVs, the communication patterns adopted, and the channel

characteristics that influence the network’s performance. The primary goal is to create a

realistic environment for evaluating the performance of UAV-assisted vehicular communi-

cation.

3.1 Mobility Models

Mobility models play a crucial role in accurately representing the movement and position-

ing of vehicles and UAVs in a dynamic environment. This section describes the models

adopted for simulating both vehicle and UAV mobility within the network.

3.1.1 Vehicle Mobility Model

Vehicles are positioned along a three-laned road, with each lane allowing traffic in a

single direction. A minimum separation of two meters is maintained between consecu-

tive vehicles to avoid potential collisions, simulating realistic traffic behavior in urban

and highway scenarios. Each vehicle is equipped with a dedicated V2V communication

module, enabling them to share data, such as safety warnings and traffic updates. This

communication capability allows for dynamic routing and load balancing in the network,

improving overall reliability and coverage.

Vehicle mobility follows a predefined speed profile, accounting for acceleration and

deceleration due to traffic conditions, obstacles, and the behavior of surrounding vehicles.



3.1.2 UAV Mobility Model

To support V2V communication, multiple UAVs are deployed as relay nodes in the net-

work. Each UAV is programmed to maintain a fixed altitude, denoted by hu, providing

a stable LoS communication channel to ground vehicles. The UAVs operate within a

coverage radius of 500 meters, ensuring seamless connectivity between distant vehicles.

The deployment of UAVs enhances communication reliability, particularly in areas with

dense vehicular traffic or obstacles that obstruct direct V2V communication.

3.2 Antenna Pattern

The communication efficiency between vehicles and UAVs is significantly influenced by the

antenna characteristics of the devices. This section discusses the antenna configurations

employed in the system, focusing on the modes of operation and associated parameters.

Vehicles are equipped with FD antennas, enabling them to transmit and receive signals

simultaneously. This capability allows for uninterrupted data exchange, improving latency

and throughput in V2V communication. The FD antennas are designed to handle high

data rates and minimize interference using advanced signal processing techniques.

In contrast, UAVs utilize HD communication, where they alternate between trans-

mitting and receiving modes. This operational strategy reduces complexity and power

consumption in UAVs, which are constrained by weight and battery capacity. The UAVs

employ directional antennas with a maximum antenna gain G0, optimizing signal strength

and focusing the beam towards target vehicles. The directional nature of UAV antennas

helps in reducing interference with other nodes and enhancing the overall SNR in the

communication links.

The choice of antenna modes ensures a balanced trade-off between communication

efficiency and power consumption, aligning with the system’s goals of achieving reliable

and high-capacity V2V communication facilitated by UAV relays.

3.3 Channel Models

This section discusses the various channel models used in the UAV-aided mmWave ve-

hicular network, focusing on V2V, U2V, and V2U communication links. These models

account for the unique propagation characteristics of mmWave communication, including

path loss, fading, and interference.
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3.3.1 V2V Links

In the V2V communication scenario, the channel is influenced by the urban or highway

environment, where both LoS and NLoS conditions may exist. The channel power gain

G for V2V links is modeled as a Gamma distribution with a shape parameter m, which

reflects the multipath fading conditions commonly experienced in vehicular environments

[15].

The received signal power Pr(si, ri) at a receiver ri from a transmitter si is affected

by path loss, fading, and interference from other concurrent transmissions. SINR for the

V2V link between transmitter si and receiver ri is expressed as:

SINRsi,ri =
Pr(si, ri)

N0W +
∑

j∈{1,...,N}\{i}
(
ajiPr(sj, ri) + bjiβPt

) ,
The achievable data rate Rsi,ri for the V2V link is determined using the Shannon

capacity formula [16], which provides an upper bound on the data rate given the SINR:

Rsi,ri = ηW log2 (1 + SNRsi,ri) , (3.1)

where η is the efficiency factor that accounts for imperfections in the transceiver hard-

ware, such as modulation, coding, and hardware non-linearities.

3.3.2 U2V Links

In the U2V communication scenario, UAVs provide a relay link from an aerial position

at a fixed altitude hu. Due to the elevated position, U2V links often benefit from LoS

conditions, but they are still subject to path loss and fading. The path loss in U2V com-

munication includes a combination of large-scale attenuation and small-scale fading, with

the latter being modeled using a Rician distribution, which accounts for the dominance

of the LoS component over multipath components.

The SINR for the communication link from UAV u to vehicle rk is given by:

SINRu,rk =
kuPuG0d

−αu
u,rk

Ωu,rk

N0W +
∑

w∈{1,...,N}\{k}(a
w
k Pr(sw, rk)+bwk βPt)

,

The probability density function (PDF) of the small-scale fading Ωu,rk is expressed

as [17]:

8



fΩu,rk
(ω) =

(K + 1)

Ωu,rk

exp

(
−K + 1

Ωu,rk

ω

)
× I0

(√
2K(K + 1)ω

Ωu,rk

)
,

(3.2)

3.3.3 V2U Links

V2U communication is characterized by minimal interference due to the aerial vantage

point of the UAVs. This results in a cleaner channel compared to V2V links, with LoS

conditions being more dominant.

The SINR for V2U communication, where the vehicle sk communicates with UAV u,

is described as :

SINRsk,u =
kvPtG0 d−αv

sk,u
Ωsk,u

N0 W
,

Due to the reduced interference, V2U communication often achieves higher SINR,

contributing to more reliable and faster data transmission.

3.4 Dynamic Scheduling

DS optimizes communication by adapting to network conditions through two phases:

scheduling and transmission (see Figure 3.1). In the scheduling phase, time slots and

channels are allocated based on current conditions and traffic demands, minimizing con-

flicts. During transmission, data is sent over the allocated slots, enabling simultaneous

non-conflicting transmissions, thus improving throughput. DS factors in quality of ser-

vice and channel conditions to adapt to traffic changes, optimizing resource allocation

and reducing idle times, which enhances system performance and reliability. Figure 3.1

illustrates this with five flows: non-adjacent flows (e.g., T1, T2) share time slots, while

adjacent flows (e.g., T1, T4) require separate slots.

9



Figure 3.1: Illustration of dynamic scheduling.
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Chapter 4

Problem Formulation

This chapter presents the formulation of the joint scheduling problem in a UAV-aided

mmWave vehicular network environment. The goal is to efficiently manage data trans-

mission for vehicles on a two-lane highway using UAVs as relay nodes. Effective scheduling

is critical to ensure minimal transmission time while meeting quality requirements, such

as data throughput and latency constraints, in a highly dynamic and interference-prone

communication environment.

4.1 Problem Definition

The problem involves scheduling n data flows, each representing a data transmission

request between a source and destination within a three-lane highway setting. In this

scenario, UAVs provide relay services to support vehicular communication by acting as

intermediary nodes. The primary objective is to minimize the total transmission time for

all data flows, which is crucial for real-time vehicular applications and minimizing network

congestion. Simultaneously, the solution must adhere to several constraints to maintain

the quality and efficiency of the communication, including interference mitigation and

throughput guarantees.

Let each flow fi be characterized by the parameters (si, ri, di, Qi).

The scheduling challenge is to determine the optimal transmission slots for each

flow while considering potential interferences, limited communication resources, and con-

straints related to data delivery quality.

11



4.2 Constraints

The problem is subject to the following constraints to ensure the reliability and efficiency

of communication in the UAV-aided mmWave vehicular network:

4.2.1 Adjacent Flows Constraint

Adjacent flows that share either a transmitter or receiver must not transmit simultane-

ously. This constraint is necessary to prevent interference caused by overlapping commu-

nication resources. Interference can lead to degraded performance, higher latency, and

packet loss, which are critical factors in maintaining the quality of service in vehicular

networks.

This constraint is formally represented by:

T (fi) ∩ T (fj) = ∅, for adjacent flows fi, fj. (4.1)

The non-overlapping condition ensures that when two adjacent flows are active, they

are assigned to separate time slots to avoid simultaneous transmissions that could cause

interference.

4.2.2 Hops Constraint

To reduce latency and maintain efficient data delivery, the number of hops in the commu-

nication path for each flow is limited to a maximum of 2. This constraint is particularly

important in scenarios involving UAVs, as longer multi-hop paths can lead to increased

delays and reduced network performance.

The constraint is mathematically expressed as:

Hi,j ≤ 2. (4.2)

A two-hop limit ensures that data is relayed through at most one intermediate UAV,

balancing the trade-off between extended coverage and communication latency.

4.2.3 Throughput Threshold

To ensure that each data flow maintains a minimum quality of service, every flow fi must

meet a specified throughput threshold Qmin. This constraint guarantees that each flow

12



achieves a baseline data rate, which is essential for applications with stringent communi-

cation requirements, such as safety-critical alerts or high-resolution video streaming.

This requirement can be expressed as:

Qi ≥ Qmin, ∀ i. (4.3)

The throughput for each flow is influenced by factors such as the SINR, the allocated

bandwidth, and the modulation scheme. The scheduling algorithm must take into account

the channel conditions and dynamically adjust to maintain the desired throughput levels.

13



Chapter 5

Data Processing and Proposed Schemes

This chapter details the data processing approach and the proposed scheduling schemes.

It discusses the data flow handling process, including the computation of required trans-

mission times and throughput calculations, and outlines the reinforcement learning-based

scheduling models.

5.1 Data Processing

Data processing in this system involves acquiring the vehicle positions and computing the

required time for each data flow. This is done by taking into account various factors like

data rate, throughput, and time slot requirements:

ξa =
Qa ·M · T
Ra · T

,

After calculating the required time and data rate for each flow, the system filters the

flows based on throughput and LoS availability. Flows with LoS are retained for direct

communication, while others are routed through cars or UAVs to provide coverage. In case

both routing options are available, the one with the shortest completion time is chosen

for efficiency.

5.2 Proposed Schemes

We propose several schemes to optimize data flow assignment to address the joint schedul-

ing problem in the UAV-aided mmWave vehicular network. These schemes minimize the

total transmission time while meeting network constraints, including interference avoid-

14



ance and throughput requirements. The proposed solutions utilize both traditional opti-

mization methods and advanced reinforcement learning techniques to handle static and

dynamic network scenarios.

5.2.1 Constraint Programming Model

In a static scenario where vehicles are stationary and interference is ignored, we employ

a Constraint Programming model to optimize data flow scheduling. This model lever-

ages the OR-Tools library to define and solve the problem, aiming to minimize the total

transmission time by assigning time slots and resources efficiently.

Algorithm 1 Flow Scheduling using Constraint Programming

1: Input: Set of flows F = {f1, f2, . . . , fn}
2: Output: Optimized schedule
3: Step 1: Adjacency Matrix Creation
4: for each pair of flows (fi, fj) do
5: if fi and fj share the same transmitter or receiver then
6: Mark flows fi and fj as adjacent in the matrix
7: end if
8: end for
9: Step 2: Define Variables
10: Define start times[i] for each flow fi ∈ F
11: Define total time as the total number of time slots used
12: Step 3: Apply Constraints
13: for each pair of adjacent flows (fi, fj) do
14: Enforce non-overlapping schedule:
15: start times[i] + duration(fi) ≤ start times[j] OR
16: start times[j] + duration(fj) ≤ start times[i]
17: end for
18: total time ≥ max

fi∈F
(start times[i] + duration(fi))

19: Step 4: Objective Function
20: Minimize total time
21: Step 5: Solve the Model
22: Use OR-Tools CP-SAT solver to find the optimal schedule

5.2.2 Reinforcement Learning Models

Both DQN and PPO are evaluated for their ability to adapt to dynamic environments

and their scalability for large problem sizes. These models are chosen for their proven

efficiency in decision-making problems in communication networks. In both DQN and

PPO, the data rate for each flow is calculated at each timestep, taking into account the

interference from other active flows. Scheduling decisions are dynamically made at each

timestep based on the current network state and expected performance.

15



DQN

DQN is a model-free reinforcement learning technique that uses experience replay and

target networks to stabilize learning. It approximates Q-values using a neural network,

which is trained to predict the expected cumulative reward for different actions. The

algorithm is well-suited for environments with discrete action spaces, such as scheduling

tasks in a communication network.

At each timestep, the DQN model evaluates the current state of the network, including

the positions of vehicles, active data flows, and UAV availability. The data rate for each

flow is computed while accounting for interference from simultaneously active flows. This

real-time data rate calculation allows the DQN to adaptively decide which flows should

be scheduled or rescheduled to optimize overall network performance. The core features

of the DQN model include:

• State Space: The state space captures the dynamic configuration of the network,

including the status of each flow (0 for idle, 1 for active, and 2 for completed), and

current data rates.

• Action Space: The actions consist of selecting the next data flow to schedule, as-

signing UAVs, and considering the potential impact on interference.

• Reward Function: The reward function is based on minimizing the total transmis-

sion time while maintaining throughput requirements. Negative rewards are applied

for high interference levels or throughput violations, encouraging the model to make

interference-aware scheduling decisions.

• Data Rate Calculation: At each timestep, the data rate for each flow is dynamically

computed based on the current interference levels caused by other active flows. The

model leverages this calculation to make informed scheduling decisions, ensuring

that throughput constraints are met even in the presence of network dynamics.

• Training Strategy: DQN employs experience replay to store and learn from past

experiences, improving stability. A target network is used to periodically update

Q-value predictions, enhancing training reliability in complex environments.

DQN’s effectiveness in complex scheduling tasks comes from its ability to make data-

driven decisions based on past experiences, dynamically adjusting to the network’s chang-

ing conditions.
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PPO

PPO is an on-policy reinforcement learning algorithm that optimizes a policy by maxi-

mizing expected cumulative rewards. Unlike traditional methods, PPO performs stable

updates by restricting the changes to the policy through a clipped objective function.

This method helps to avoid overfitting and ensures stable learning during training, which

is especially useful in highly dynamic network environments.

In the PPO model, the data rate for each flow is recalculated at every timestep,

considering interference from all active transmissions in the network. This interference-

aware approach allows the PPO to make scheduling decisions that are more responsive to

real-time changes. Key components of the PPO model include:

• State Space: The state space captures the dynamic configuration of the network,

including the status of each flow (0 for idle, 1 for active, and 2 for completed), and

current data rates.

• Action Space: The actions consist of selecting the next data flow to schedule, as-

signing UAVs, considering the potential impact on interference.

• Reward Function: The reward function is designed to maximize throughput while

minimizing latency and interference. Penalties are assigned for scheduling decisions

that lead to high levels of interference or fall below the throughput threshold.

• Data Rate Calculation: At each time step, the model computes the achievable

data rate for each flow based on current network conditions and interference from

concurrent transmissions. This calculation is essential for making decisions that

adapt to dynamic changes and ensure that minimum throughput requirements are

consistently met.

• Training Process: The PPO model is trained through interactions with a simu-

lated vehicular environment, continuously adjusting its scheduling policy to improve

performance. The clipped objective function prevents abrupt changes, leading to

smoother and more stable training.

PPO is particularly well-suited for environments with continuous or large action spaces,

making it an excellent choice for complex scheduling scenarios with diverse communication

constraints.

Fig. 5.1 shows the flow graphs for both models, illustrating their architectures and

training processes.
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Figure 5.1: Flow graphs for DQN and PPO models.

5.3 Throughput Calculations

Throughput is defined as the ratio of total data in the given time to total time:

Throughput =
Total Data

Total Time
. (5.1)

Total data is the summation of Rsi,ri × Ti for i = 1 to N :

Total Data =
N∑
i=1

Rsi,ri × Ti. (5.2)

The total time is Ttotal = n× 0.1, where n is the total number of time slots, Ti is the time

taken for flow i, and 0.1 is the duration of each time slot in seconds. Substituting these

into the throughput equation gives:

Throughput (U) =
Qa ×N ×M

n
. (5.3)
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Chapter 6

Simulation Results

This chapter presents the simulation results, showing the effectiveness of the proposed

scheduling algorithms in terms of performance metrics such as transmission time, through-

put, and fairness.

6.1 Simulation Setup

We simulate a 3 km long, 3-lane highway with 30 vehicles per lane, maintaining safety

distances. Vehicles are randomly selected as transceivers, each 4.5 m long and 2 m wide.

The highway width is 11.25 m, and three UAVs are positioned along the road. Each

vehicle moves with a speed of 100 km/hr.

Figure 6.1: Principle of Relay Selection.
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Table 6.1: Simulation Parameters

Parameters Symbol Value
Carrier Frequency f 30 GHz
Number of flows N 60
Number of time slots M 2000
Slot duration T 0.1 s
Fading depth m 2
Background noise N0 -134 dBm/MHz
System bandwidth W 2000 MHz
Transmission power Pt 40 dBm
Average power of UAV P̄u 30 dBm
Peak power of UAV Pu 2 P̄u

Transceiver efficiency η 0.8
Height of UAV hu 100 m
PL factor for V2V αv 2.5
PL factor of U2V αu 2
Rician K factor K 9 dB
Throughput threshold Qa 0.5 Gbps
maximum antenna gain G0 21 dBi

For performance evaluation, two metrics are considered.

• Transmission Time: The total number of time slots consumed to complete flow

transmission.

• Network Throughput: The achieved throughput of completed flows in the network

[Gbps].

6.2 Numerical Results

The following figures and tables provide an overview of the performance in UAV-aided

environments across static and dynamic scenarios, highlighting the efficiency of various

scheduling algorithms.

6.2.1 Static Scenario

In the static scenario, environmental conditions remain constant, allowing for a controlled

comparison of scheduling algorithms. This entails no vehicular mobility of interference

considerations. Performance metrics include transmission time, throughput, and flow

completion rates.

Figure 6.2 shows the time performance of different algorithms, with PPO performing

notably well, minimizing scheduling and transmission times more effectively than other
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methods. While the DQN model also reduces transmission time, it suffers from longer

scheduling times, which can impact overall efficiency. The JRDS scheme deviates more

from the ideal solution as system complexity increases, whereas constraint programming

and PPO achieve better consistency across different flow counts.
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Figure 6.2: Time Performance in UAV-Aided Scenario (Static).

Table 6.2 compares transmission time slots across various flows, demonstrating that

PPO achieves a lower time requirement than DQN and other baseline methods as the

number of flows increases. This trend highlights PPO’s capability to efficiently manage

static transmission schedules.

Table 6.2: Transmission Time Slots Comparison in Static Scenario

Flows TDMA JRDS Constraint Programming DQN PPO
20 500 47 47 47 47
40 1000 117 117 117 117
60 1500 233 191 225 191
80 2000 356 321 333 321
100 2500 587 534 552 534

PPO, DQN, and constraint programming approaches also show improvements in through-

put over TDMA and JRDS, as shown in Fig. 6.3 and Table 6.3. While DQN slightly under-
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performs at higher flow counts, it still surpasses TDMA. JRDS exhibits a notable decline

in throughput beyond 40 flows, reflecting its limited scalability in complex scenarios.
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Figure 6.3: Throughput in UAV-aided scenario (Static).

Table 6.3: Network Throughput (Gbps) Comparison in Static Scenario

Flows TDMA JRDS Constraint Programming DQN PPO
20 10 106.4 106.4 106.4 106.4
40 10 170.94 170.94 170.94 170.94
60 10 193.13 235.6 200 235.6
80 10 224.72 249.22 240.24 249.24
100 10 212.95 234.1 226.45 234.1

Finally, Fig. 6.4 illustrates flow completion, showing that UAV-aided scenarios en-

able more completed flows through two-way relaying, enhancing flexibility and resource

availability, which PPO and constraint programming efficiently leverage.

6.2.2 Dynamic Scenario

In the dynamic scenario, environmental and flow conditions vary, introducing challenges

like interference and vehicle mobility. This scenario simulates real-world conditions, with

vehicles moving at an average speed of 100 km/hr.
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Figure 6.4: Comparison of completed flows: UAV-aided vs UAV-Un-aided.

Fig. 6.5 and Table 6.4 illustrate the time performance in a dynamic environment,

where PPO emerges as the best performer, minimizing scheduling and transmission times

despite fluctuating conditions. The JRDS scheme performs adequately under lighter loads

but becomes less efficient as flows increase.

Table 6.4: Transmission Time Slots Comparison in Dynamic Scenario

Flows TDMA JRDS PPO
20 500 85 85
40 1000 154 154
60 1500 229 200
80 2000 392 354
100 2500 495 458

Throughput results in Fig. 6.6 and Table 6.5 show that PPO outperforms JRDS in

managing network throughput under dynamic conditions. PPO maintains consistent per-

formance as flow count increases, demonstrating resilience to changing network states.
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Figure 6.5: Time Performance in UAV-Aided Scenario (Dynamic).

Table 6.5: Network Throughput (Gbps) Comparison in Dynamic Scenario

Flows TDMA JRDS PPO
20 10 58.82 58.82
40 10 129.87 129.87
60 10 196.5 225
80 10 204 227.92
100 10 252.53 272.93

Key Observations in Dynamic Scenario

• Adaptability: UAV-based scheduling exhibits strong adaptability to changing con-

ditions, optimizing data flow management.

• Dynamic Efficiency: PPO is particularly effective in dynamic environments, mini-

mizing both scheduling and transmission times under fluctuating conditions.

• Comparative Performance: PPO consistently outperforms JRDS in both through-

put and time efficiency, establishing it as a reliable choice in dynamic conditions.

DQN, though not compared here, would likely struggle due to its higher scheduling

times observed in the static scenario.
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Figure 6.6: Throughput in UAV-aided Scenario (Dynamic).
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Chapter 7

Conclusion and Future Work

This chapter concludes the paper and outlines potential future research directions.

7.1 Conclusion

The paper presents a solution for scheduling data flows in a UAV-aided mmWave vehic-

ular network. The proposed reinforcement learning-based scheduling models (DQN and

PPO) demonstrate significant improvements in transmission time and throughput effi-

ciency compared to conventional scheduling schemes like TDMA and JRDS. These mod-

els are capable of adapting to dynamic network conditions and optimizing the scheduling

process, leading to more efficient communication in UAV-assisted vehicular networks. In

static environments, we observed that the PPO model gave 100% accuracy concerning

the CP model while comparing transmission times. It however had the lowest scheduling

time. In dynamic environments where interference and vehicular mobility were in play,

we compared the JRDS and PPO models and noticed that the PPO model gives lower

transmission times and higher throughput as the number of flows increases.

7.2 Future Research

We are currently working on adding Low Earth Orbit (LEO) satellites, such as Starlink,

to the simulation scenario to assist in situations where UAVs are not reachable, enhanc-

ing the system’s coverage and reliability. The imminent arrival of Starlink in India makes

this research particularly relevant and prominent for the future, as it promises to sig-

nificantly expand connectivity options. Beyond this, future work could explore hybrid

reinforcement learning models that combine the strengths of DQN and PPO, optimiz-
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ing the balance between exploration and exploitation. Additionally, routing algorithms

could be further refined to accommodate varying network conditions and meet real-time

scheduling demands.

7.3 Publications

Part of the work presented in this report was showcased at the 27th International Sym-

posium on Wireless Personal Multimedia Communications (WPMC 2024) held at Sharda

University on 18th December 2024. The publication, titled “Reinforcement Learning-

Based Optimization of Relay Selection and Transmission Scheduling for UAV-Aided mmWave

Vehicular Networks,” authored by Aditya Guhagarkar, Thushan Sivalingam, Vimal Bha-

tia, Nandana Rajatheva, and Matti Latva-aho, has been accepted by IEEE.
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