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Abstract

Unmanned aerial vehicles (UAVs) are regarded as an emerging technology, which can be
effectively utilized to perform the data collection tasks in the Internet of Things (IoT)
networks. However, both the UAVs and the sensors in these networks are energy-limited
devices, which necessitates an energy-efficient data collection procedure to ensure the network
lifetime. In this thesis, we propose a multi-UAV-assisted network, where the UAVs fly to
the ground sensors and control the sensor’s transmit power during the data collection time.
Our goal is to minimize the total energy consumption of the UAVs and the sensors, which
is needed to accomplish the data collection mission. We formulate this problem into three
sub-problems of single UAV navigation, sensor power control, and multi-UAV scheduling,
and model each part as a finite-horizon Markov Decision Process (MDP). We deploy deep
reinforcement learning (DRL)-based frameworks to solve each part. Specifically, we use the
deep deterministic policy gradient (DDPG) method to generate the best trajectory for the
UAVs in an obstacle-constrained environment, given its starting position and the target
sensor. We also deploy DDPG to control the sensor’s transmit power during data collection.

To schedule activity plans for each UAV to visit the sensors, we propose a multi-agent deep
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Q-learning (DQL) approach by taking the energy consumption of the UAVs on each path
into account. Our simulations show that the UAVs can find a safe and optimal path for each
of their trips. Continuous power control of the sensors achieves better performance than the
fixed power and fixed rate approaches in terms of the sensor’s energy consumption and the
data collection completion time. In addition, compared to the two commonly used baselines,

our scheduling framework achieves better and near-optimal results in the simulated scenario.
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Chapter 1

Introduction

This chapter introduces the Unmanned Aerial Vehicles (UAVs) as mobile data collectors that
can be utilized in the Internet of Things (IoT) networks. We discuss the energy constraint
issue in the data collection problem and clarify our motivations for this thesis work. In Section
[1.2] we present the contributions of this work. In Section [I.3] we describe the organization of

this thesis. Finally, in Section [I.4] we present our related publication.

1.1 Data Collection with UAVs

Over the past few years, unmanned aerial vehicles (UAVs), commonly known as drones,
have been increasingly used in a broad range of applications, including military services,
surveillance and monitoring, telecommunications, and good’s delivery [1], [2]. Their inherent
desired features such as low cost, flexible maneuvering, and ease of deployment [3|, make the

UAVs a perfect replacement for human operators in scenarios where it might be costly or
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hazardous.

With the recent advancements in the field of Internet-of-Things (IoT), wireless sensor
networks (WSNs) have been widely deployed as a surveillance technology to monitor the
surrounding environment, e.g., temperature and air pollution [4], [5]. These IoT sensors
are usually energy-constrained devices with small transmit power and may not be able to
transmit their data over a long distance. In that respect, UAVs, as mobile data collectors
equipped with communication interfaces, can be employed to fly close to the dispersed sensors
and collect their data [6]. Compared to ground data collection schemes, UAVs are more
efficient as they can easily adjust their path to reach a sensor by avoiding terrestrial obstacles
[7]. In addition, due to their high altitude, the UAVs have a higher chance of exploiting the
Line-of-Sight (LoS) link to the ground sensors [8], resulting in superior link quality.

However, despite all the advantages that UAVs have brought into communication networks,
they have limited energy storage, posing a crucial challenge. After dispatching from the
origin, they need to navigate towards the sensors while avoiding collisions with any obstacle.
Also, using a single UAV to perform data collection from a large set of sensors distributed in
a wide area may take a long time, which results in task failure due to time constraints of the
collected data. Collaborative multi-UAV approaches can be utilized to increase the chance of
accomplishing the mission while reducing its completion time [9].

On the other hand, when the UAV arrives at the sensor’s location and hovers above it
to start the data collection, the communication link may experience different channel gains

depending on the multi-path propagation environment. Due to the sensor’s limited energy
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storage, the sensor’s transmit power needs to be controlled optimally to prolong its lifetime
and provide reliable communication.

The complexity of the problem mentioned above makes it hard to be solved using
traditional optimization techniques, which are usually time-consuming and need a complete
model of the environment. Deep reinforcement learning (DRL) allows us to find the solution
by letting the agents, in our case, the UAVs, interact with the environment without taking
any unrealistic assumptions or prior knowledge about the system model. In that way, the
UAVs can make their own decisions after some trial and error during the training phase.
DRL differs from conventional supervised learning methods in which the agent is given a
labeled dataset to learn to perform actions; because there is no such pre-existing labeled
data in DRL. The data we use for training a DRL agent is generated during its interaction
with the environment. The agent explores its environment through multiple interactions, and
after evaluating its options, searches for the most rewarding actions. DRL also differs from
unsupervised learning methods since the objective is to maximize the received rewards in the
long run, but there is no such reward in unsupervised learning.

Motivated by the above observations, we formulate the energy-efficient data collection
problem as a finite-horizon Markov decision process (MDP). To overcome the computational
complexity caused by the state space’s high dimensionality, we propose a multi-UAV deep
reinforcement learning (DRL)-based approach to minimize the energy consumption on both
the UAVs and sensors sides. In particular, we develop and combine three different DRL

frameworks for single UAV navigation, sensor power control, and multi-UAV scheduling,
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respectively. We consider a delay-tolerant scenario where each sensor caches the sensed data

and transmits it to a UAV upon the request [10].

1.2 Contributions

The main contributions of this work are summarized as follows:

1. We first propose an obstacle-aware navigation framework based on deep deterministic
policy gradient (DDPG) [11] method, which enables the UAV to adjust its trajectory
and speed in a continuous manner from any given starting point towards its destination
sensor with minimum energy consumption. Our navigation framework does not need to
be retrained for new environment instances, as it learns the relationship between the

UAV and its surroundings, including the obstacles and the target sensor.

2. We propose a DDPG-based approach to control each sensor’s transmit power while
sending the data to the UAV. Unlike most of the related works, the transmit power
of the sensor is not supposed to have discrete levels and can adaptively be changed

depending on the multi-path propagation environment.

3. We propose a multi-UAV scheduling framework by incorporating the data provided
by the navigation framework, with the aim to minimize the UAVs’ overall energy
consumption to accomplish the data collection. A multi-agent deep Q-learning (DQL)
[12] algorithm is developed to generate the activity plan of each UAV by providing a list

of sensors that needs to be visited in order, considering the UAVs’ energy consumption.
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4. We conduct simulations to evaluate the performance of our proposed frameworks. Our
simulation results show that the UAVs learn to navigate safely in the environment with a
low collision rate. In addition, the power control model can successfully control the trade-
off between the UAV’s hovering and communication power and the sensor’s transmit
power, and the multi-UAV scheduling framework can achieve better performance

comparing to the random and greedy baselines.

1.3 Organization of the Thesis

The thesis is organized as follows: In Chapter 2, we review the related works regarding the
UAV data collection problem. Chapter 3| presents the background knowledge about the
DRL algorithms used in this thesis. Chapter [4] describes the system model of the considered
scenario and the proposed DRL frameworks utilized to solve the data collection problem,
along with our experimental setup and simulation results. Finally, the conclusion of the thesis

and future works are presented in Chapter [5]

1.4 Related Publication

Khodaparast, S. S., Lu, X., Wang, P., and Nguyen, U. T. Deep reinforcement learning based
energy efficient multi-uav data collection for IoT networks. IEEE Open Journal of Vehicular

Technology 2 (2021), 249-260.



Chapter 2

Literature Review

The UAV data collection has attracted increasing research attention in recent years. Since the
nature of the problem is complex as it involves both trajectory planning and data collection,
research works have focused on different aspects such as flight time, energy constraints, and
age of information.

Several existing approaches have exploited various optimization techniques. References [13],
[14] focus on minimizing the task completion time in multi-UAV systems. The authors in |13]
simplify the original non-convex optimization problem with the infinite number of variables
into two sub-problems. They first propose a UAV-sensor association mechanism by leveraging
the Multiple Traveling Salesman Problem (MTSP) and solve it by applying the genetic
algorithm. Their objective function considers the longest flight distance of UAVs to make it as
short as possible, which improves the overall fairness of associating the sensors to the UAVs.

After turning the original problem into multiple single-UAV data collection problems, they
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minimize the collection time of each UAV by separately optimizing sensor transmit power,
UAV’s speed, and the collection position to achieve the goal of minimizing the completion
time. In [14], the authors adopt a two-step approach that first applies K-means clustering to
optimize the number and locations of cluster heads (CHs) which are responsible for collecting
data from their associated sensors. Then, finding the best trajectories by assigning CHs to
UAVs is modeled by MTSP and solved by a heuristic genetic algorithm which achieves a
sub-optimal solution with low complexity. However, both 13| and [14] ignore the energy
constraints of the UAVs and the impact of small-scale fading.

In [6], the authors investigate the multi-UAV energy consumption minimization problem
in a sensor network where the aggregated data of different cluster heads have time deadlines.
To solve the problem, the authors propose a bi-level solution. In the first step, similar as
[14], the number and locations of the cluster heads are optimized based on a customized
K-means clustering. Subsequently, the problem is changed to finding the best routes for the
UAVs, minimizing their total energy consumption, and respecting the time deadlines. This
problem is NP-hard and can be assimilated to a capacitated vehicle routing problem with
time windows (CVRPTW) |[15]. Taking into account the energy consumption of the sensors,
reference [16] aims to minimize the overall energy consumption of a single UAV and a set of
IoT sensors. To this end, the authors jointly optimize the UAV’s stop positions, the subset of
sensors that transfer data at each stop, and the UAV’s trajectory to navigate between the
stops, under the constraints of the individual energy availability of the sensors.

The works above consider the path loss model for the communication channel. To present
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a more accurate and realistic model of the communication link between the UAV and the
sensors, references [17], [18] adopt a Rician fading channel model. The authors in [17]
optimize three-dimensional trajectory jointly with communication scheduling to maximize the
minimum transmission rate of the sensors. The three-dimensional (3D) trajectory modeling
allows the system to incorporate more practical elevation angle-dependent Rician fading
channels. In [18], the authors optimize the UAV trajectory and allocation of resources to
maximize the total number of served [oT devices where the collected data has deadlines.
However, the proposed approaches in [17] and [18] only apply for single-UAV systems.

The above-reviewed optimization techniques require the knowledge of complete system
information in advance and can only perform data collection in a pre-scheduled manner.
Hence, these approaches are not applicable in dynamic environments where instant system
information may not be available. To handle data collection in a time-varying environment,
research efforts have resorted to reinforcement learning (RL) and deep reinforcement learning
(DRL) approaches, which enable the UAVs to acquire solutions without knowing the complete
system information. References [10], [19]-]23] investigate the data collection problem for
single-UAV systems. The authors in [10] devise a Q-learning-based mechanism in a grid
environment, which achieves the optimal energy efficiency of a single UAV flying between
the centers of the grid to collect data from a particular sensor. The UAV’s action is defined
as its next hovering location and the associated sensor to collect the data from. Reference
[22] develops a double deep Q-network (DDQN)-based trajectory planning mechanism to

maximize the throughput over the whole data collection mission subject to the maximum
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flight time and navigation constraints of not entering no-fly zones, obstacle avoidance, and
safe-landing in designated landing areas. However, the approaches introduced in [10] and [22]
only work for discrete flying actions.

The focus of references [19]-]21], [23] is to minimize the age of information (Aol) of the
data collected from the distributed sensors by utilizing DQN-based algorithms. Reference
[23] proposes an Aol-based trajectory planning algorithm for fresh data collection. The traffic
generation pattern of the IoT devices is unknown and follows an exponential distribution.
However, the communication channel is not accurately modeled, and the authors assume
the UAV can successfully collect IoT data as long as the device is in its coverage range.
The authors in |20] introduce a DQN-based approach to optimize the UAV’s trajectory and
the communication scheduling of the sensors with the objective of minimizing the weighted
sum-Aol. The limited energy storage of the sensors and the time constraint for the UAV’s
operation are considered in this work. Reference [19] devises a similar algorithm that achieves
the same goals of [20] by optimizing the UAV’s trajectory and the scheduling of the sensors
under the additional energy constraint of the UAV. The authors in [21] jointly minimize the
average Aol of the sensors, their packet drop rate, and the UAV’s energy consumption. The
UAV is used as a mobile relay to collect the sampled data at the sensor and send it to the base
station. However, the main problem with DQN-based trajectory planning approaches is that
they can only be applied to problems with a discretized set of actions. In these cases, similar
to most optimization approaches, the environment is usually divided into equally-sized grids.

The UAV can only move to one of its adjacent cells, which is not a realistic assumption.
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In addition to the above-reviewed designs for single-UAV systems, research efforts have
also been devoted to addressing data collection in multi-UAV systems with DRL approaches.
Reference [24] considers a scenario with multiple Unmanned Vehicles (UVs) and charging
stations, where the UVs can either collect data or charge at the distributed charging stations.
The authors devise a sequential DRL model called "PPO + LSTM" for simultaneous task
assignment and trajectory planning to maximize data collection ratio and geographic fairness
with minimized total energy consumption of the UVs. The system uses a single agent that
generates actions for all UVs. In [25], the authors propose a multi-agent DQL algorithm to
maximize the minimum throughput by the joint optimization of path design and channel
resource assignment in a UAV-enabled wireless powered communication network. Each UAV
owns an independent DQN for its actions, while the other UAVs are considered part of the
environment. References [26] aims to minimize the overall flight time of the UAVs under their
individual energy constraints. The authors develop an option-based hybrid DRL method
for a multi-UAV scenario, where each UAV can recharge its battery when its energy is not
sufficient to complete the mission. However, the impact of obstacles on the navigation of the
UAVs is ignored.

In a more related publication, reference |27] addresses obstacle-aware navigation based on
a joint learning approach. The proposed method obtains the shortest and safest trajectory in
an obstacle-constrained scenario based on DDPG. It then determines the best schedule for
visiting the sensor nodes based on Q-learning. The proposed approach is applicable for a

single UAV and does not consider the power consumption of the sensors. Additionally, to
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our best knowledge, none of the existing DRL-based data collection designs for multi-UAV
systems takes into account the impact of small-scale fading. Being aware of the limitations,
we aim to address the continuous trajectory planning for multi-UAV data collection in a
practical obstacle-constrained environment with small-scale fading and power consumption of

both UAVs and sensors taken into consideration.
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Chapter 3

DRL Preliminaries

In this chapter, we present the background of reinforcement learning frameworks used in the
proposed solution. We introduce Markov Decision Processes (MDP) as the framework to
model our problem. Then, we explain the two DRL algorithms used to solve this problem.

We consider a finite-horizon MDP defined by the tuple (S,.4,R,P) with state space
S, action space A, reward function R := S x A — R and the state transition probability
P:=85 x AxS — R. The agent interacts with the environment by performing actions in
discrete time steps and receiving a reward afterwards. In particular, at each time step ¢, the
agent observes state s;, takes an action a;, receives a reward r; based on s; and a;, and then
goes to the next state s;y1 with the probability of P(s;i1|s¢, ar).

The objective of RL is to find a policy that maximizes the future rewards without knowing
the state transition probability by only using the experience gained in the interaction with

the environment, which is denoted by the state transition tuple (s, as, 74, S¢+1). A policy 7(s)

12
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is defined as a mapping from state s to an action or a distribution over actions, depending
on whether it is deterministic or stochastic. In fact, the policy controls the agent’s actions
and therefore, the rewards it receives from the environment. We define the return R; as the
discounted sum of future rewards from the current state s; up to a terminal state at time T
by

Bo=Y 7, (3.1)

where 7y is the discount factor ranging from 0 to 1. The discount factor balances the importance
given to the immediate and future rewards. Higher values of v indicate that the agent cares
more about the future rewards, whereas the lower values show the opposite. Our goal is to
find a policy that maximizes the expected return from the start time step, which is expressed
as

7 = arg max[Ry|7]. (3.2)

s

We define the action-value function Q(-) to approximate the expected value of R; when

starting from state s;, taking action a;, and then following the policy =:
Q" (s,a) = E[R|s: = s,a; = a]. (3.3)

The well-known algorithm in RL, Q-learning (QL) [2§], is a tabular method that aims to find
the optimal @)-values for each state-action pair (s,a) by iteratively improving the estimated

Q-function with the following update

Q(st,ar) = Q(s1,ar) + afry + WTE%KQ(S:&H, arv1) — Q(st, ar)]), (3.4)

where « is the learning rate. To ensure the exploration of different state-action pairs during

13
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training, the agent uses an e-greedy policy that takes a random action with a probability of €
and the greedy action argmax@(s,a) with probability of 1 — €. After finding the optimal

Q-values, the optimal policy can be achieved by taking the greedy action, as expressed in

7*(s) = arg max@Q*(s, a). (3.5)

a

However, QL is not efficient when the state and action spaces are large, as we need to store
the @-value for each state-action pair in a table. To overcome the curse of dimensionality,
DRL techniques can be utilized by combining deep neural networks (DNNs) and RL. Now,
we review the two DRL algorithms used in this thesis, i.e., DQL and DDPG.

In [12], Mnih et al. introduced DQL which makes use of two DNNs, namely the online

network and the target network, to approximate the () function by minimizing the loss L
L(QQ) =K (Q(Smath) - yt)2 ) (3.6)
where 0% denotes the weights of the online DNN, and 1, known as the target is expressed as

Yy =T + ’}/mai(Q(StJrl; Gt+1|9Q ) (3-7)
a4

where 69 shows the weights of the target network, which has the same structure as the
online DNN. However, its weights are duplicated from the online network periodically and
are held fixed in between to ensure the stability of the target values. Moreover, training
samples in RL are correlated, which does not meet the independent and identical distribution
need for training the DNNs. Experience replay mechanism was introduced to resolve this

issue. In particular, we use a replay buffer to store the state transition tuples (s, a;, ¢, Siy1)-

14
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To update the DNN, we use a mini-batch randomly sampled from the replay buffer. Due
to the randomness of the samples, experience replay can reduce the correlation between
sequentially generated samples and improve the convergence behavior of the DNN. In addition,
learning from the samples multiple times improves the data efficiency. Fig[3.1shows a trained

Q-network, where the neural network outputs the Q-values for each action.

Deep Q-network

Q(s,a1)

—Q(s, az)

|
i

‘ state s I >

VY vy

v VY oY

Figure 3.1: Deep Q-learning

The problem with DQL is that it only works for control problems with a discrete and
low-dimensional action space. It is hard to apply DQL to continuous control because it needs
to figure out the action that maximizes the @Q(-) function in (3.5)), which is quite difficult.
However, UAV trajectory planning and sensor power control are both continuous control

tasks.
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action

reward
agent | | Actor 4mmm Critic ~ Environment

observation

Figure 3.2: Actor-Critic architecture

DDPG |[11] as an actor-critic method was designed for this purpose. The actor-critic
architecture is shown in Fig. [3.2] where both actor and critic are implemented by DNNs.
The critic is acted as Q(s;, a;|#?) with parameters 69 and uses the same update as DQL for
training. The critic’s output is given to the actor network as feedback on the previous action.
The actor uses a deterministic parameterized policy 7(s;|0™) with parameters ™ to generate
an action given state s;. Our goal is to learn a policy that maximizes the expected return

from the start state:

J = E[Ry]. (3.8)

The actor can be updated by applying gradient ascent to the objective in (3.8]) with respect

16



CHAPTER 3. DRL PRELIMINARIES

to the actor parameters:
VrJ = E|V,Q(s, a|9Q)|a:ﬂ(S)V9w7r(s|0“)], (3.9)

where V is the operator that takes the gradients with respect to the parameters.

As in DQN, DDPG uses experience replay and target networks to address the same issues.
However, the target networks in DDPG use "soft" updates rather than directly copying
the weights periodically. The weights of these networks are updated by slowly tracking the

weights of the online networks:

09 «— no? + (1 —n)s?
(3.10)
0™ «— no™ + (1 —n)0™
where 7 << 1 controls the update rate of the actor and the critic target networks.
Another major challenge of learning a deterministic policy is exploration, as it outputs a
specific action given a state. To resolve that, we add noise sampled from a noise process N/
to our actor policy. Therefore, the action taken by the agent in the training phase can be

expressed as follows:

a; = m(s|0™) + N; (3.11)

17



Chapter 4

DRL-based Data Collection

In this chapter, we tackle the energy-efficient UAV data collection problem in the IoT networks.
In the first section of this chapter, we introduce the system model. In the next section, we
present our proposed methods for each sub-problem. We first formulate each sub-problem to
an MDP problem, and then, propose the DRL algorithms to solve each MDP. The results of

our proposed DRL methods are investigated in section [4.3]

4.1 System Model

In this thesis, we consider a cooperative multi-UAV data collection task with N sensors
randomly located on the region and M UAVs to collect the data gathered by the sensors.
Fig. depicts such a configuration with two UAVs. The position of UAV m and ground
sensor n can be characterized by the coordinate (%, Ym, 2m) and (., Yy, 0), respectively.

All the UAVs start from the origin (e.g., charging station), fly towards the sensors, and

18
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go back to the origin when the data collection is finished. We assume that when a UAV
arrives at the sensor’s location, it hovers above the sensor and activates it by sending a
query signal. During each communication round, the UAV can acquire the channel gain by
exchanging signals and, based on that, controls the transmit power of the sensor. After the
sensor has sent all its data, the UAV flies to the next target until all the data is collected.
We adopt a discrete-time system in which time is divided into slots of T},,, and T, length
for the navigation and communication tasks, respectively. In addition, we assume that the
energy storage of the UAVs is sufficient to accomplish the data collection mission within the
predefined time horizon, while our goal is to minimize their total energy consumption during

the mission.

UAV 1 UAV 2
: N5 =
@ —

'_7‘?" jil \‘i -

[ = TR

7 ==} AN
FAAY IoT sensor ) =
------ L =]
27 FaETY,

= T

=

Figure 4.1: Ilustration of our system model

4.1.1 Environment and Navigation Model

Since autonomous navigation in a real-world environment can be complex, we consider a

virtual environment with dense obstacles to match the complexity of the urban areas. Unlike

19
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most of the existing virtual environments investigated in the literature, which are usually
considered as a grid-world, we focus on a free space environment with obstacles. The UAV has
the freedom to choose any direction and speed to reach its target, whereas in the grid-world,
the UAV’s mobility is limited to a finite set of actions. Our goal is to train a UAV to fly
from any arbitrary starting location to any arbitrary destination avoiding collision with the
obstacles and flying out of the borders of the environment.

For simplicity, we assume that the UAV flies at a fixed altitude H. Therefore, the position
of UAV m in the 3D space is characterized by (x,,, ym, H), and its movement is restricted to
x — y plane. The control profile of the UAV consists of its speed and orientation angle, and

the UAV’s dynamic at time slot ¢ can be characterized by

o =gt vl X Thay X cos(¢h)

(4.1)
Yyt =yt vl X Thay X sin(é),
where v! and ¢! are the UAV’s speed and orientation angle, respectively.

Similar to [29], we assume that the UAV knows its current location and the destination
by using GPS signals. To illustrate the UAV’s perception of the surrounding environment,
we assume that the UAV is equipped with range finders that can identify the distance from
itself to obstacles in multiple directions. Fig. shows a UAV equipped with five range
finders, where the angle between each two adjacent range finders is /4. We know that if an
obstacle’s height is less than the UAV’s altitude, it can simply be avoided and has no effect

on the trajectory of the UAV. Without loss of generality, we assume that all the obstacles in

the environment have heights greater than the UAV’s altitude. For the sake of simplicity, we
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assume that the environment is surrounded with obstacles so that the UAV can determine
its distance from the borders by using the same set of range finders.

Y

»
>

Obstacle Obstacle

orientation angle ¢f,

> X

Obstacle Obstacle

Figure 4.2: A UAV equipped with five range finders. [y ~ I denotes distances returned by

the five virtual range finders

4.1.2 UAV Energy Consumption Model

The energy consumption of the UAV includes two main components, namely the propulsion
energy and the communication-related energy. The communication-related energy is used
in communication circuits of the UAV to send, receive and process the signals, which is
negligible comparing to the propulsion energy [30]. We assume the communication-related
power is a constant denoted by P.. The propulsion energy is needed to keep the UAV flying

and hovering, which can be expressed as a function of its speed [31], i.e.,
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3v? vt v? 1 )
Pow)=Py 14+ =) + P, 14+ —— — —doprAv, 4.2
(v) o( + UtQip) + < + 2 ng) + 5 oprAv (4.2)

where Fy and P, are constant parameters representing the blade profile power and induced
power in hovering status, Uy, denotes the tip speed of the rotor blade, vy is the mean
rotor-induced velocity during hovering. Moreover, the parameters dy, x, p and A represent
the fuselage drag ratio, rotor solidity, air density and rotor disc area, respectively. To obtain
the power consumption during hovering, we let v = 0 in (4.2)), which gives us the hovering
power

P, =Py + P. (4.3)

We should note that as the UAV hovers above a sensor, it is using the communication-
related power to receive the data. Therefore, the total power consumption in the data

collection status is expressed as

Py =Py + P.. (4.4)

4.1.3 Channel Model and Data Rate

During data collection, the UAV hovers above the sensor at a high altitude, which increases
the chance of establishing a line-of-sight (LoS) link. Hence, for the uplink ground-to-air
(G2A) channel, we adopt the Rician fading channel consisting of a deterministic LoS link and
a random multipath fading component, where the Rician factor is affected by the surrounding

environment. We assume that the channel between UAV m and sensor n remains unchanged
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within each time slot and at time slot ¢ can be modeled as |17]

him,n] = /Bi[m, n]g[m,n], (4.5)

where [3;[m, n| is the large-scale average channel power gain accounting for signal attenuation,
which includes the pathloss and shadowing, and g;[m,n] is the small-scale fading coefficient.

Let di[m, n] denote the distance between UAV m and sensor n, which is given by

di[m,n) = /(Tm — 20)% + (Ym — yn)? + H2. (4.6)
We can express the average channel power gain ;[m,n] as
5t[ma n] = ﬁodt_a[mv TZ], (47)

where [y is the average channel power gain at a reference distance of dy = 1 m, and « is
the pathloss exponent which usually ranges from 2 to 6. Due to the existence of the LoS
path, the small-scale coefficient follows the Rician distribution [17] with unit power (i.e.,

E[|g[m, n]|?] = 1) and probability density function:

pima(9) =200+ Dexp (== v+ 1)g° ) o2V D) (1)

where x denotes the Rician factor of the channel, and Iy(-) is the Oth order modified Bessel
function of the first kind. The Rician factor is the ratio between the power in the direct path
and the power in the other scattered paths, which is affected by the environment and the
UAV-ground elevation angle. Since the UAVs hover above the sensors to receive data, the
elevation angle is approximately equal to 7/2, and we assume that the Rician factor is fixed

for a particular environment.
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In the considered scenario, the UAV sends an activation signal to wake up the sensor.
When the connection has been established, the UAV gets to know the channel gain from
the sensor to the UAV based on the exchanged pilot signals. We assume that the UAV and
ground sensors use advanced communication technology and are equipped with sectored

antennas. Thus, we can write the achievable data rate as

(4.9)

P.G,|h 2
mmﬂzgmo+t@m@mwj
g

where B,P,, G;, 0 are the bandwidth of the channel, transmit power of the sensor, the
antenna power gain of the G2A link, and the noise variance on the UAV side at time t,
respectively. Since each UAV hovers above the sensor and the sensors are located far enough
from each other, the impact of signal interference has not been considered in this work. In a
more complex scenario where we have interference from the other sensors, which can change
the data rate, the UAV must take into account the variable interference to properly allocate
the transmit power to achieve the desired data rate.

We use (; to denote the available data to be collected at the sensor at time step ¢, which

can be expressed as

Ctn = C;l—l - TcomKt—l[m> n], (410)

where T,,,, is the time length of each time step. In addition, the initial data amount to be

collected at each sensor is denoted by A, i.e., ¢ = A.
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4.2 Proposed Methods

Our objective is to minimize the overall energy consumption of the UAVs and the sensors,
which is needed to accomplish the data collection task. To achieve this objective, we divide
the original problem into three sub-problems of single UAV navigation, sensor power control,
and multi-UAV scheduling. Single UAV navigation enables a UAV to design a safe and
energy-efficient trajectory from a starting point towards a given destination. The sensor
power control framework adjusts the sensor’s transmit power which is needed to send all
the data considering the energy consumption of the sensor and the hovering UAV. Having
learned how to fly to the sensors and collect their data, the scheduling framework provides
UAVs with their associated sensor at each time step. The scheduling plan is designed to find
an optimal path (i.e., a sequence of sensors) for each UAV to visit to minimize the overall
energy consumption of UAVs needed to accomplish the mission while balancing the load of
each UAV. We translate each sub-problem into an MDP problem and then present the DRL

frameworks considered to solve each part.

4.2.1 Single UAV Navigation

Suppose UAV m is located at the start point (22,4° H), aiming to fly towards sensor
n located at (x,,y,,0). For the purpose of navigation, the UAV needs to use its sensory
observation of the environment to avoid the obstacles, as well as its relative position to the
sensor to reach the destination. The sensory observation of the UAV is obtained by using the

range finders. The relative position to the sensor can be measured by GPS signals. Since the
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UAV flies at a fixed altitude, we just consider the variable axes, and hence, the relationship

between the UAV and the sensor at time step ¢ can be written as

We can denote the overall state of the UAV by s, = (V5, %), v, @b, 1, - - -, 1}), where

Ik ~ It € 10,100] show the output of the range finders. The UAV can change its speed and

orientation angle along the path, which can be expressed as

ottt = !+ A
(4.12)

O = O+ A,
where Av! and Ag! represent the throttle and steering signals. We denote the action of the
UAV by dl,,, = (Avl A¢l ). Note that both elements in the action vector are continuous
variables.

The navigation task in an obstacle-constraint environment is complex. The reward function
must be somehow designed to guide the UAV to reach its destination while considering the
energy consumption and obstacle constraints. Our proposed reward function is composed of
4 parts: transition, energy consumption penalty, obstacle penalty, and finishing reward. The

transition reward is designed as

Ttrans — AlACL (413)

where \; is a positive constant, and Ad shows the reduced distance to the sensor after taking
the action. Ad is positive when the UAV becomes closer to the sensor, motivating the UAV

to head for the sensor.
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We define the energy consumption penalty as
Te = _AQTnaanav(’U)a (414)

where A, is a positive constant, and P, (v) is the power consumption of the UAV defined in
(4.2). The UAV receives this penalty to adjust its speed and trajectory so that the energy
consumption along the way is minimized.

To encourage the UAV to avoid the obstacles, the obstacle penalty is designed as
Tops = —Age Mlmin, (4.15)

where [,,;;, is the minimum value among the range finders. If the UAV becomes really close to
an obstacle in either of the range finder directions, the penalty would increase exponentially.
To further encourage the UAV to move towards the sensor, it would get a large constant
positive reward 7 t;,is, When it arrives at the destination. The overall reward function for the

navigation framework is formulated as follows
Tnav = Ttrans T Te + Tobs T T finish- (416>

When there are multiple UAVs working together for data collection, one UAV will consider
other UAVs as obstacles if they fly at the same altitude. In this case, the aforementioned
navigation approach can also be applied to avoid the collision among UAVs.

By defining the states, actions, and reward function, our navigation problem has been
formulated into an MDP. Now, to deal with the continuous control problem of navigation, we

deploy the DDPG algorithm as the framework to solve our problem, which is shown in Fig[4.3
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As mentioned in Chapter [3, DDPG is an actor-critic architecture, which uses neural networks
to approximate the policy and Q-value function. The neural network which approximates
the Q-value function denoted by Q(s, a|f?) is called critic since it evaluates the actions taken
by the actor. The other network 7(s|0™) takes in a new observation along with the feedback

from the critic to output a new action; this is why this neural network is called actor.

(St»@es T Sev1 ) (
L Environment
az
- soft update
Si Online Actor L b Target Actor
T i
Experience Replay policy gradient n(s;) T'(Siz1)
Memory update
- - ft update .-
Online Critic |>° Target Critic
> ———> < Si+1
Si, a; Q Q 4
{\L Loss
gradient update| Function

Sample Ti

——  mini-batch
(si, a1y, Siv1)

Figure 4.3: DDPG algorithm workflow

DDPG algorithm is formally presented in Algorithm (I The algorithm works as follows.
The weight vectors #9 and 6™ of the actor and critic networks are randomly initialized at the
start of the algorithm (Line 1). As described earlier in Chapter , we use target networks 7’
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and ()’ to improve learning stability. The target networks have the same structure as the
online networks, and we initialize their weights in the same way as their online networks
(Line 2). The target networks use soft updates to track the online network weights slowly

(Line 14).

Algorithm 1 DDPG Algorithm
1: Randomly initialize critic Q(s, a|0%) and actor m(s|0™) with weights 69 and 6™
2: Initialize target network @ and 7’ with weights 9" < 9 and ™ « 67
3: Initialize the replay buffer W
4: for episode = 1,2, ... do

5. Receive the initial observation state s;
6: fort—=1,2, .. TPPPG do

max

7 Select action a; = m(s;]0™) + N, according to the current policy and exploration noise
8: Execute action a;, receive reward r; and observe the new state s,
9: Store transition (s;, a;,r¢, Sp1) in W
10: Sample a random mini-batch of I transitions (s;, a;, r;, $;+1) from W
11: Set yi = r(si, @) +7Q' (sip1, 7' (s:41107)[60Y)
12: Update critic by minimizing the loss:
L(69) = + 37, [(Q(si, ]69) — y:)?]
13: Update actor using the sampled policy gradient:
VorJ = %Zz [an(svan)|s:sz-7a:aiv0“7r(8|6ﬂ)|8¢
14: Update the target networks:

09" + 1o + (1 —n)o?
0™ < 0™ + (1 —n)o™
15: end for
16: end for

During the training process, the agent can interact with the environment to learn the
optimal policy. The agent takes its actions according to the actor network and a noise process

N; (Line 7). We add the noise process to ensure the agent’s exploration in the environment.
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Otherwise, we will not be able to try different actions, since the deterministic policy outputs
just a single action. After taking the action, the agent receives a reward r, and observes the
next state s;.1. We use a replay buffer to store the transition tuples (s, a;, 7, ;1) (Line 9).
Then, a mini-batch is randomly sampled to train the actor and critic networks (Line 10).
To achieve the goal of maximizing the accumulative future rewards the agent gets during
its interaction with the environment, we update the critic and actor network weights by

minimizing the loss function in (3.6)), and maximizing the return in (3.8)), respectively.

4.2.2 Sensor Power Control

After arriving at the target sensor, the UAV hovers above it to gather the data. At each time
step, the UAV sets a proper transmit power for the sensor. Since we have assumed the UAV
can measure the channel gain at each time step, we take the channel gain into the state space
to provide the UAV with better decisions. Low channel gain indicates that the sensor must
transmit more power for a certain amount of data rate. Also, the amount of data remained

at the sensor must be considered, since it helps the UAV achieve the goal state in which

t
spc

the remaining data must be zero. The state can be written as s’ . = (g, (;) where g; is the
channel gain at time ¢, and (; is the remaining data at the sensor. The action is denoted by
al,. = P;, where P is the transmit power of the sensor controlled by the UAV.

For the reward function, we need to motivate the UAV to collect data, i.e., having a high
data rate. In addition, we must avoid using high transmission power if the channel is not

in good condition. We should note that during data collection, the UAV itself is spending

power for communication and hovering as stated in (4.4). With all these into consideration,
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we design the reward function as follows:
Tspe = )\5TcomKt - >\6Pdc - >\7Pta (417)

where K, is the data rate in , P, is the UAV’s power consumption during data collection,
and P, is the transmission power of the sensor. A5, A\g and A7 are the coefficients that control
the trade-off between these three components.

The formulated MDP problem is also a continuous control task that can be solved by the
DDPG algorithm. To avoid repetition, we leave out the details of the algorithm and refer to

Algorithm [I}
4.2.3 Multi-UAV Scheduling

The data collection is a task where the UAVs need to plan their destinations in a way that
minimizes their navigation energy consumption. We utilize the scheduling framework to
organize trip plans for each of the UAVs to visit the sensors. We assume that the UAVs
have sufficient energy storage so that none of them runs out of battery within the predefined
duration considered for the data collection mission. Our objective is to minimize the overall
energy consumption of the UAVs, which is required to finish the data collection mission
within the considered duration.

We consider the stop points for each UAV, namely the N sensors and the starting locations.
We will denote the set of stop points by Q = {wo, w1, . .., wn}, where wy represents the starting
point, and the rest of them are the locations of the sensors. In each time step, the UAV can

choose one of the stop points as its current destination and fly towards it by incorporating
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the trained navigation framework explained in section We use the same time-division
system (T,4,) as the navigation framework to let the UAVs have the flexibility to choose
their target in each time step. This allows our solution to be extended to more general and
dynamic scenarios, as we will discuss it in section [5.2]

We denote the status of sensor n by v(n) = %, which is the normalized remaining data
at the sensor and has a value between 0 and 1. The value of 1 means that the sensor’s data
has not been collected yet, while 0 means that a UAV has collected all the sensor’s data. In
this work, we only consider the propulsion energy consumed by the UAV as the criteria to
determine the scheduling plan. Thus, the UAV’s energy consumption during data collection
while hovering at the sensor location does not impact the scheduling plan and can be ignored.

The state of UAV m can be written as s, ., = (Zm, Ym, ¥(1), ..., v(N)), where (2, ym)
is the UAV’s current location, and v(1),...,v(/V) denote the status of all the sensors, which
can be acquired by the help of a central controller or through the information exchange
among UAVs. The sensors’ status helps the UAV decide for its next destination, as v(n) =0
means the sensor does not need to be visited again. The action of UAV m is its choice for
the next target location represented by a,, ,, € (2.

We design the reward function to motivate the UAVs to find the best route starting from

wp and then returning to it. In order to design the reward function for each agent, we should

consider the following points:

e Each UAV gets a penalty proportional to its power consumption P4, (v) at each time

step, which is to motivate it to finish the task as early as possible.
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e Each UAV gets a constant positive reward A\g when its destination is an unvisited

Sensor.

e To motivate the UAVs to fly back to the starting location, they get constant positive
reward Ajo during their flight towards the starting location after collecting all the data,

i.e., v(n) = 0 for all the sensors.

With all these in mind, we express the reward function of UAV m as

’I“t = _)\STnaanav(v) + )\9 + )\10 (418)

sch,m

where P,,,,(v) can be obtained by incorporating the navigation framework after the scheduling
framework determines the destination of the UAV. As we explained earlier, the navigation
framework guides the agent towards its destination and can provide the power consumption
information.

Having individual rewards may benefit one, while punishing the others. However, the
UAVs need to work cooperatively to schedule their visiting tour. Therefore, by sharing the
same reward, we can ensure that they work as a team for the data collection. We define the

overall reward at time step t as
Tgch = Z rich,m' (419)
m
Our goal is to find the best destination at each time step to optimize the UAVs’ total
energy consumption while ensuring all the data to be collected in the predefined duration. We
utilize the DQL framework to find the best scheduling plan for the UAVs, since each agent has
a discrete and finite set of actions. DQL has a simpler implementation than the actor-critic
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architectures. However, since we are dealing with multiple agents simultaneously, we modify
the original DQL algorithm and propose the multi-agent DQL framework, where each agent
has a separate Q-network that controls its policy. We have presented the multi-agent DQL

solution in Algorithm [2] Our algorithm works as follows.

Algorithm 2 Multi-agent DQL Algorithm
1: Randomly initialize Q-network Qgen.m (s, a|0?) with weights §9serm for all the UAV agents
2: Initialize target network Q. ,, with weights G%schm ¢— (Qschm

3: Initialize the replay buffer W,, and e for each UAV
4: for episode = 1,2, ... do

5:  Receive the initial observation state s7* for each agent
fort = 1,2, ..., TP2 do

6

7 for min {1,..., M} do

8 Select the action a;* for UAV m according to e-greedy policy
9

end for

10: Execute the actions together, receive individual reward r{" and observe new state
syt for each agent

11: Compute the overall reward in by summing over the individual rewards

12: for min {1, ..., M} do

13: Update the agent’s reward and store the transition (s}, /™, ri<", s7,) in W,

14: Sample a random minibatch of I transitions (s;, a;, 7, s;+1) from W,

15: Set yi = rs + maxQiep (i1, @i |69)

16: Update the Qgenn by minimizing the loss:

L(O%m) = 3 3, | (Quon(s:, 0:169) = :)?]
17: end for
18:  end for
19:  Decay € by a factor if € > €40y
20:  Update the target networks when episode%Nypq = 0
ngsch,m  @Qsch,m

21: end for

In the beginning, we initialize the network weights for each of the UAVs. We also do
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the same procedure for the target networks (Line 1,2). Unlike DDPG, the target networks
are updated every N,,q episodes by fetching the original network weights (Line 20). As the
training begins, in each time step, the agents choose their actions by using e-greedy policy
(Line 8), where each agent chooses a random action with probability €; otherwise, the greedy
action arg max,Q)(s,a) is selected based on the agent’s Q-network. After receiving all the
actions, the system generates the reward and the next state for each agent (Line 10). We
should note that according to our formulation in , the updated reward is given to
the agents by summing over their individual rewards (Line 11). Then, each agent stores
its transition tuple in the replay buffer, samples a random tuple, and updates the network
weights by minimizing the sample loss. (Line 13-16). We decay the € in each episode to
reduce the rate of exploration as the agent begins to learn a better policy (Line 19). The

workflow of the algorithm is shown in Fig [4.4]

at ( \

Agent 1

Agent 2

compute
the overall
reward

Environment s h

Agent M

ﬁi.

—

Figure 4.4: Multi-agent DQL algorithm workflow
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4.3 Evaluation

In this section, we discuss the experimental setting and the performance of the proposed
frameworks. Our simulations are performed with Python 3.7 and Tensorflow 2.0 on an Intel
Core i7-9700CPU with 16G RAM. The simulation parameters regarding the UAV’s propulsion
power and communication channel are shown in Table [£.1l We have chosen these parameters
according to the existing literature in 13|, [27]. The values of the coefficients A\; to Ajp and
T finish 111 , , and are carefully set through many trials that well balance the
trade-off between different terms in the reward functions. If a coefficient has a too large value,
the agent will pay more attention to the corresponding reward term, ignoring the others. For
example, if we set \; in to a large value compared to the other terms, the agent may
ignore the obstacle avoidance constraint and crash into obstacles more often.

For our DDPG model, we use a 2-layer feedforward neural network architecture with 400
and 300 neurons in each layer for the actor and critic. Furthermore, the Adam optimizer
[32] is used to update the network parameters, and similar to [11], learning rates of 10™* and
103 are chosen for the actor and critic networks, respectively. In our implementation, N
has normal distribution with mean of 0 and variance of 0.2 to explore the environment. We
use minibatch sizes of 64, the discount factor is v = 0.99 and the soft target update rate is
17 = 0.001. We use the same architecture and parameters as the critic network in DDPG for
each of the agents in the multi-agent DQL model. The € starts from the value of 0.5 and
decays by the factor of 0.999 until reaching €4, = 0.05. We update the target networks every

10 episodes (Ny,q = 10) to stabilize the learning process.
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Parameter Description Simulation Value
fe Carrier frequency 2 GHz
B Bandwidth 1 MHz
o? Noise power -100 dB
X Rician factor 1
Q Pathloss exponent 2
A Data size of each sensor 100 Mbits

Utip Tip speed of the rotor blade 200
Vo Mean rotor induced velocity in hovering 7.2
dy Fuselage drag ratio 0.3
p Air density 1.225
5 Rotor solidity 0.05
A Rotor disc area 0.79
=) Blade profile power in hovering 580.65
= Induced power in hovering 790.67

Table 4.1: Paramters used in the simulations

4.3.1 Single UAV Navigation

We simulate the virtual obstacle-constrained environment, in which the UAV starts from a

random location and is expected to fly to a destination. The target area is a 2D square of size

600 x 600 m? with obstacles randomly located in it. Here, we aim to reach the destination

by avoiding obstacles and minimizing the energy consumption of the UAV. The UAV’s flight

altitude H is set to 50 m. The reward is instantiated as: Ay = 0.3, AsT,,4, = 0.002, A3 = 50,

/\4 =0.1 and T finish = 50.

First, we illustrate the convergence of the proposed method. We trained the DDPG model

for 5000 episodes, each of which has a maximum of 30 time steps. In Fig. the convergence

of the trained model with different learning rates of actor and critic networks is presented.

37



4.3. EVALUATION CHAPTER 4. DRL-BASED DATA COLLECTION

35000 —— learning rates: 0.0001, 0.001

100 4 W Iy learning rates: 0.001, 0.01

A
0 /f’( 30000

250004

20000 M ' m
| VM f
—300 4
: 15000 -
—— learning rates: 0.0001, 0.001
learning rates: 0.001, 0.01

—400 T T T T T T T T
0 1000 2000 3000 4000 500 0 1000 2000 3000 4000 5000

Number of episodes used in training Number of episodes used in training

(@) (b

|
-
=1
=]

Average Return

JJ
o
(=]
Average Propulsion Energy

Figure 4.5: Convergence of the DDPG model during the training for the navigation task: (a)
the average return received by the UAV in the last 100 episodes (b) the average propulsion
energy (in joule) consumed by the UAV in the last 100 episodes.

Fig. 4.5(a) shows the average return formulated in obtained by the UAV. Specifically,
since we are randomly choosing the starting and finishing points in the area with different
distances between them, the return received by the UAV in each episode can be different.
Therefore, we average over the last 100 episodes to better understand the convergence of our
model. We can see that the UAV learns to obtain the maximum accumulated reward in the
obstacle-constrained environment with the original learning rates. In Fig. |4.5(b), we present
the average propulsion energy consumed by the UAV in the last 100 episodes. We can see
that as the model achieves a better return, the propulsion energy of the UAV decreases. The
energy penalty defined in causes the UAV to get higher rewards by decreasing the
energy consumption on its path to the destination. Although the learning rates of 1073 and

1072 for the actor and critic networks perform better at the beginning, they result in lower

38



4.3. EVALUATION

CHAPTER 4. DRL-BASED DATA COLLECTION

600

600 600
500 . . 500 . . 500 + . .
2
400 "‘ 400 400 4
m - [ |
1
300 4 ¢ 300 300
1S
. HE N ! | . H B |
4 200
f“. .»"._.'. .‘.“.'".\
100 | HE B w{ W | 100 “m
) Boo,eeee®’ “e0 i@
0 T T T N 0 0 T T 4 T
200 300 400 500 100 200 300 500 100 200 300 400
(a) (b) (c)

Figure 4.6: UAV’s Trajectory in 3 difference environment configurations.

performance comparing to learning rates of 107 and 1073. High learning rates cause the
gradient updates to be large, which leads to a sub-optimal solution. Hereinafter, we set the
learning rate as the latter ones.

We should mention that the training time complexity of the single UAV navigation
framework is independent of the number of obstacles and only changes based on the number
of range finders to which the UAV is equipped. Instead of using the obstacles’ positions in
our state representation, we incorporate the range finder readings, which helps the UAV
maintain its relative distance to the obstacles.

In Figure [4.6] we present the trajectory followed by the trained UAV for 3 different
environments, where the green circle shows the hovering location above the sensor, the red
squares show the positions of the obstacles, and the blue dots indicate the trajectory of the
UAV at each time step. We change the locations of the obstacles, starting position, and the

destination and observe that the trained DRL agent is flexible to different scenarios, because
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we considered the relative position to the destination and the range finders as our state,
which helps the agent make proper decisions in different scenarios. By adopting continuous
control actions, the UAV is able to change its path when getting close to an obstacle.

We also test the model for a period of 1000 episodes to validate the successful navigation
without any collision to the obstacles. The UAV reaches the target safely for 90.8% of the

test episodes.
4.3.2 Sensor Power Control

We consider the scenario where the UAV hovers above a sensor location to collect its data.
Considering the reward function in (4.17)), our goal is to jointly optimize the UAV and sensor’s
power consumption during data collection. We investigate the impact of different coefficients,
which can control the trade-off between the two types of power consumption. We assume
that the transmit power of the sensor has a maximum value of 0.1 W. We set the maximum
number of time steps in each episode to 100. Unless stated, we use the following parameters
for the reward function defined in : AT om = 0.1, g Pz = 0.1, A7 = 10.

In Fig. [4.7 we illustrate the average return received by the agent during training. Since
the agent may experience different channel gains in each episode, we average over the last 100
episodes to smooth the curve. Compared to the navigation task, the DDPG model converges
faster (about 10 times). This is mainly due to the fact that we have a much simpler state
representation and action space, which speeds up the convergence. Our state consists of the
values of channel gain and the normalized remaining data, and our action is the transmit

power of the sensor.
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Figure 4.7: Convergence of the DDPG model during the training for the sensor power control.
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Figure 4.8: The DDPG agent’s output power during an episode

To better understand the relationship between the output power and the channel gain, we
temporarily ignore the Rician distribution and assume that the channel gain in each episode
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can only switch between 0.1 and 1 values, where 0.1 indicates a very poor channel condition
and 1 indicates a good channel condition. In Fig. the sensor’s output power is illustrated
in each time step of an episode. In the first 10 time steps, the channel gain is set to 1 (i.e.,
good channel condition), and after each 10 time steps, it switches to the other value, i.e., the
channel alternates between poor and good conditions. The agent outputs a higher power as
the channel link experiences better quality, whereas it outputs close-to-zero power when the
channel condition is poor to avoid the waste of sensor energy. Also, as the agent approaches
the end of the data collection period, it outputs a higher power to finish the task in the

predefined time.
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Figure 4.9: Joint penalty received by the UAV during the power control.

42



4.3. EVALUATION CHAPTER 4. DRL-BASED DATA COLLECTION

We compare the reward received by our adaptive model to some fixed power scenarios
in the testing phase. Since the accumulated data collected by the UAV is constant in each
episode and equal to 100 Mbits, the accumulation of the first term A57T,.,,/; in the reward
function (4.17]) would be the same for all the scenarios. We added this term to the reward
to motivate the UAV to collect data from the sensor. Hence, we take it out for comparison
purposes and focus on the joint penalty A\¢P;. + A7 P; received by the agent. The penalty
considers the power consumed by both the UAV and the sensor jointly at the same time. We
choose the three values of 0.01 W, 0.05 W, and 0.09 W out of the allowable power range to
account for the small, medium, and high fixed power scenarios. For ease of exposition, we
present the results for 100 episodes. In all the scenarios, the environment experienced by the
agent, i.e., the channel gains it receives in a specific episode and time step, is exactly the same.
Fig. shows the result for the case of A\gP;. = 0.5 and A7 = 10. As we can see, the DDPG
model achieves better performance against the fixed power approaches. We should note that
as the transmit power of the sensor increases, we are likely to have a higher data rate, and
the time required to collect all the data from the sensor decreases. As a consequence, the
UAYV spends a smaller amount of power for its communication and hovering. The model has
learned the trade-off between P,. and P, successfully and can adaptively adjust the sensor’s
power by considering the environment.

In Fig. [£.10] we compare the sensor power consumption and the completion time of the
DRL agent against a fixed power approach in which the sensor outputs the average power

of the DRL agent. In particular, we average the transmit power of the DRL agent in each
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Figure 4.10: Comparison between the DRL agent and the fixed power approach in terms the
sensor energy consumption (in joule) and completion time (number of time steps): in (a) and

(b) the environment has a Rician factor of 1, and in (c) and (d) the Rician factor is set to 5.

episode and set the fixed power to that value. Also, the channel gains observed by both
approaches are the same to make the comparison fair. Our goal is to see how the overall
energy consumption and completion time in each episode change if the sensor transmits
data with the average power of the DRL agent, regardless of the channel conditions. We
perform our experiment in two environments with different Rician factors (xy=1 and y = 5).

For both environments, it can be seen that the DDPG agent outperforms the fixed power
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Figure 4.11: Comparison between the DRL agent and the fixed rate approach in terms the
sensor energy consumption and completion time: in (a) and (b) the environment has a Rician
factor of 1, and in (c) and (d) the Rician factor is set to 5.

approach by adaptively controlling the sensor’s transmit power according to the varying
channel gain. The DRL agent can finish the data collection task earlier, while the sensor
consumes less energy than the other method. As the completion time decreases, the UAV also
spends less energy for hovering. Therefore, our DDPG approach is successfully optimizing
the energy consumption of the sensor and the hovering UAV. We should mention that as the

Rician factor increases, as shown in Fig. (c) and (d), the variations in the channel gain
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decrease because of the fact that the UAV receives more power in the direct path rather than
the scattered paths. This explains why the performance of the DDPG and the fixed power
approach becomes closer to each other.

We adopt a similar comparison between the DDPG algorithm and a fixed rate approach,
where in each episode, the fixed data transmission rate is set to the average rate of the DDPG
agent. In Fig. [1.11] we see the fixed rate approach consumes much higher energy, although
the completion time is close to the DDPG agent. The reason is that when the link between
the UAV and the sensor has a low channel gain, the fixed rate approach needs to output a
high power in order to ensure the same rate, which leads to the high energy consumption
of the sensor. Similar to the fixed power method, increasing the Rician factor makes the

performance of the approaches close to each other.

4.3.3 Multi-UAV Scheduling

In this section, we study the behavior of the multi-agent scheduling framework in the selected
scenario, shown in Fig. . The black spot at the bottom left shows the departure point
for the UAVSs (wy), the red squares show the positions of the obstacles, and the green circles
are the sensor locations (w; —wg). The UAVs start their trip from wy and fly to the sensors to
collect their data. For ease of illustration, we have considered 2 UAVs; however, the presented
framework can handle a general case with more UAVs. Each training episode lasts 100 time
steps. The reward is instantiated as: Ag= 0.001, Ag= 1, A\jp= 1.

Fig. depicts the convergence of the model in terms of the overall accumulated reward

received by the agents and mission completion time in each episode of the training phase. As
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Figure 4.12: Convergence of the DQL model during the training in terms of (a) the overall

accumulated reward received by the agents (b) mission completion time

we can see, at beginning episodes, the agents do not know how to interact with each other
and receive a high amount of penalty, but as we progress in training, their policies improve,
resulting in a lower penalty. The fluctuations in the figure result from using e-greedy policies,
which makes the agents choose random actions during training to explore the effect of taking
different actions. In Fig. 4.12| (b), the completion time in terms of the number of time slots
is shown for each training episode. At the beginning of the training, the episodes take the
maximum allowed number of time steps (100), which means that UAVs have not learned to
accomplish the data collection mission. However, during the training, the collection time
decreases to around 40, and the UAVs can cooperatively collect all the data and return to
the starting location.

Since we included the status of all sensors in the state representation, the training time

complexity of each agent increases with respect to the number of sensors. In addition, we
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should point out that as the number of UAVs increases, the agents need more time to learn
the complex interaction with the other agents. Therefore, the number of both UAVs and

sensors has an impact on the training time.
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Figure 4.13: Considered Scenario for data collection: the black spot shows the departure

point of the UAVs (wp). The green circle illustrates the sensor locations (w; — wg).

To evaluate our proposed DRL solution, we compare the multi-agent approach to the
random and greedy baselines in terms of the total energy consumption of the UAVs. To
make a fair comparison between these methods, we assume they use the same navigation
framework to design their trajectory from a starting point to a destination. In the random
approach, the agents choose the unvisited sensors randomly, whereas in the greedy approach,

the agents fly immediately to the next unvisited sensor with the lowest energy consumption
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path. We also find the optimal solution by doing an exhaustive search. In all the solutions,
the UAVs are required to collect data from the sensors evenly to make use of their storage
capacity and decrease the data collection time. The results have been shown in Table [4.2]
The 2nd and 3rd columns indicate the scheduled trip for UAV 1 and UAV 2 respectively, e.g.,
0 —1—5— 6 — 0 means that the UAV departs at wy, and then visits sensors wy, ws, ws,
and finally goes back to the departure point wy. Our measure for this comparison is the total
energy consumption of both UAVs when flying according to the scheduled trip, shown as the
cost in the last column of Table [£.2] We see that the DQL model achieves a closer result to

the optimal solution comparing to the other two methods.

Method UAV 1 UAV 2 Total energy consumption
DQL 0-1—-5—-6—-0|0—-3—-4—-2—=0 95803
Random |0 -1 —+3—-2—-0]0—-4—-6—>5—0 113926
Greedy [0 >1—-3—-4—-0|0—>5—-6—2—0 97953
Optimal |0 -1 —-5—-6—-0|0—-2—4—3—0 92785

Table 4.2: Total energy consumption of the UAVs for different methods
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Chapter 5

Conclusion

5.1 Summary of the Thesis

In this work, we have proposed a DRL-based approach to solve the data collection problem
for multiple UAVs in [oT networks with the aim to minimize the energy consumption on both
the UAVs and sensors sides. We have divided the original problem into three sub-problems
of single UAV navigation, sensor power control, and multi-UAV scheduling and solved each
sub-problem by utilizing a DRL algorithm. In the navigation framework, the DDPG algorithm
has been deployed to enable each UAV to generate its trajectory autonomously by adjusting
its speed and orientation angle, given the starting and finishing positions. The reward function
has been designed to make the UAVs avoid the obstacles and the region borders with the help
of their sensory observations. For the sensor power control part, we have used the DDPG
method to control the sensor’s transmit power adaptively based on the current channel gain
and the remaining data. To schedule the trip plans for each UAV, we have proposed the
multi-agent DQL algorithm by incorporating the navigation framework and minimizing the

UAVS’ overall energy consumption during their flight on the scheduled paths. Our simulation
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results have shown that the navigation framework enables the UAVs to fly safely towards
their target by avoiding obstacles. The learned policy can perform appropriately in different
map scenarios due to the formulation of states and the reward function. Also, by controlling
the sensor’s power, we can obtain better performance than the fixed power and fixed rate
approaches in terms of the total sensor power consumption and the data collection completion
time. Finally, our scheduling framework enables the UAVs to make autonomous decisions for
their next target sensor based on the sensors’ current status, achieving better performance

than the random and greedy baselines.

5.2 Future Works

We can extend our data collection scenario to more general settings. One can be adding
multiple charging stations to the map, where the UAVs need to recharge their battery to
be able to continue their data collection mission. In this case, the battery level of the UAV
must be considered in the DRL states, which allows the UAVs to make decisions based on
their battery level, i.e., when their battery level is low, they return to the charging station to
reload the battery. We can also consider sensors with different data time windows, where a
UAV must collect their data within the time window; otherwise, the data is lost.

We should mention that the scheduling scenarios we have discussed so far can also be
formulated as a capacitated vehicle routing problem with time windows. However, the MDP
formulation presented in section [4.2.3] allows us to consider dynamic data collection scenarios,

where the sensors can collect data dynamically as the UAVs are flying over the region. In
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this case, the time windows of the newly collected data can be announced to the UAVs, and
DRL methods can be appropriately utilized. Also, when a UAV starts the data collection
from a specific sensor, it can pause the data collection and fly towards another sensor with
critical data collection demands.

Furthermore, we can try to replace the feedforward neural network architecture with
more sophisticated ones. In 33|, recurrent neural architecture is investigated to deal with
partially observed environments. When the agent’s observation of the environment does not
fully represent the MDP states, memorizing the observations can help make better decisions.
In this case, the agent makes its next decision based on the history of the observations and
not only based on the current observation. This memory might be helpful in the navigation

and sensor power control, as we take the whole observed history into consideration.
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