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Abstract: In wireless networks, drone base stations (DBSs) offer significant benefits in terms of
Quality of Service (QoS) improvement due to their line-of-sight (LoS) transmission capabilities and
adaptability. However, LoS links can suffer degradation in complex propagation environments,
especially in urban areas with dense structures like buildings. As a promising technology to enhance
the wireless communication networks, reconfigurable intelligent surfaces (RIS) have emerged in
various Internet of Things (IoT) applications by adjusting the amplitude and phase of reflected
signals, thereby improving signal strength and network efficiency. This study aims to propose
a novel approach to enhance communication coverage and throughput for mobile ground users
by intelligently leveraging signal reflection from DBSs using ground-based RIS. We employ Deep
Reinforcement Learning (DRL) to optimize both the DBS location and RIS phase-shifts. Numerical
results demonstrate significant improvements in system performance, including communication
quality and network throughput, validating the effectiveness of the proposed approach.

Keywords: reconfigurable intelligent surface; drone base station deployment; phase-shift optimization;
deep reinforcement learning

1. Introduction

The primary determinant of wireless communication performance lies in the radio
propagation environment. Techniques such as channel coding, modulation, transmis-
sion/reception diversity, and beamforming have been employed to mitigate multipath
effects between transmitters and receivers [1]. The burgeoning demands for high-quality
wireless services in future communication systems, particularly in scenarios such as natural
disasters, traffic offloading, emergency communications, etc., present significant challenges
for current telecommunication sectors [2]. To address these challenges, it is becoming
increasingly obvious that drones, or unmanned aerial vehicles (UAVs), are capable of
performing a variety of aerial wireless communication operations [2]. Compared to conven-
tional fixed base stations (FBSs), drone base stations (DBSs) offer enhanced communication
coverage and system throughput attributed to features such as agility, high probability of
line-of-sight (LoS) connections, and fully controllable mobility.
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Concurrently, reconfigurable intelligent surfaces (RISs) have emerged as a promising
technology, driven primarily by the forthcoming 6G applications and future Internet of
Things (IoTs) networks [3]. Acting as anomalous mirrors, RISs manipulate wireless propa-
gation by reflecting impinging radio waves towards arbitrary angles, applying phase-shifts,
and modifying polarization [4]. Recent studies [3–8] have demonstrated the effectiveness
of RISs in improving channel quality and communication performance, thereby enabling
smart and controllable wireless propagation environments. Due to their energy efficiency
and programmability, signal, interference, security, scattering, and security engineering
may be achieved through RISs in future wireless networks [3].

While DBSs have the potential to offer extensive network coverage, the line-of-sight
(LoS) link between DBSs and ground mobile users may be obstructed in complex environ-
ments, resulting in reflected, diffracted, and scattered replicas of the transmitted signal.
Consequently, the integration of DBSs and RISs presents a viable solution for achieving
high-quality network connectivity. Recent research has explored two scenarios: (1) DBSs
carrying RISs and acting as passive relays in both uplink and downlink communications,
and (2) RISs mounted on building surfaces to assist DBSs. This paper focuses on the latter
scenario. However, deriving low-complexity algorithms using conventional optimization
methods poses challenges given the system’s complexity and dynamic environment. Some
early works studied the UAV trajectory and RIS phase shift design using conventional
optimization-based methods like successive convex approximation (SCA) [9–11].

Fortunately, advancements in machine learning, particularly reinforcement learn-
ing (RL), offer successful approaches to addressing complicated control tasks in wireless
communication networks [12,13]. Due to the numerous variables involved, as well as
unpredictable system behavior, it is difficult to perform sequential decision-making mathe-
matically in real-time. Against this problem, recent works have demonstrated that deep
reinforcement learning (DRL) can effectively control UAV trajectories and RIS phase shifts
to maximize system rewards [14–17].

Based on deep reinforcement learning (DRL), our paper investigates RIS-assisted DBS
wireless communications (RIS-DWC), where a drone flies at variable altitudes, communi-
cating with multiple mobile ground users. The ground-based RIS is utilized to establish
line-of-sight links, compensating for non-line-of-sight links between the DBSs and users.
Consequently, as RIS elements are phase-shifted appropriately to enhance propagation
environment, the proposed method is expected to improve the propagation environment.
Taking a close look at this paper, the following highlights its novelty and main contributions:

(1) Formulation of an optimization problem for RIS-DWC that jointly optimizes RIS
reflection coefficients and DBS trajectory to maximize coverage and overall achievable data
rates of all users in a target area.

(2) Consideration of DBS trajectory in 3D space and passive phase-shift of RIS with a
uniform linear array design [18]. DRL is employed to address computational challenges
inherent in traditional methods, tackling the joint trajectory-phase-shift problem while
considering DBS and ground users’ mobility scenarios. The proposed method can be easily
applied to various systems.

(3) Provision of numerical results demonstrating the benefits of the RIS-DWC system
in order to maximize the communication coverage and achieving downlink data rates.

The remainder of this paper is arranged as follows: Section 2 discusses related works.
Section 3 introduces the system model and formulates an optimized problem to optimize
both service coverage and total network data rates. Section 4 develops the DRL-based RIS-
DWC framework. The proposed joint method of phase-shift and trajectory optimization is
verified by simulation results shown in Section 5. Finally, Section 6 presents concluding
remarks and future works.

2. Related Works

Numerous studies have delved into modeling air-to-ground channels and deployment
strategies for drone base stations (DBSs) to enhance cellular network performance [19–22].
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Alzenad et al. [23] and Chen et al. [24] investigated the 3-D positioning of DBSs to optimize
user coverage under various Quality of Service (QoS) constraints.

The incorporation of RIS in UAV-assisted communication systems has become a signif-
icant focus of research. In reference [9], the authors investigated a downlink transmission
setup consisting of a rotary-wing UAV, a ground user, and an Intelligent Reflecting Surface
(IRS). They introduced a SCA algorithm to optimize the trajectory of the UAV and the
passive beamforming of the RIS. Similarly, reference [25] explored the potential of RIS in en-
hancing UAV-assisted cellular networks, highlighting significant performance gains. While
existing algorithms rely on convex optimization theory, their computational complexity
may increase with the number of reflecting elements.

A model-free reinforcement learning approach [26] showed the promise in develop-
ing autonomous drone mobility control strategies. The Q-learning algorithm introduced
fundamental concepts like environment, state, action, reward, and Q-value in DBS to opti-
mize trajectory policies through interaction with the environment. However, Q-learning
is constrained by discrete state and action spaces because of the finite size of the Q-table.
To overcome this limitation, the authors of reference [27] suggested the deep Q-network
(DQN) algorithm, which integrates Reinforcement Learning (RL) with deep neural net-
works (DNNs). DQN’s ability to handle infinite state spaces makes it a powerful tool,
although its action space remains discrete. Training a DQN differs from traditional neural
network training in supervised learning, with weights updated online based on previous
experiences. Despite its effectiveness, DQN may overestimate action values under certain
conditions. To mitigate this issue, reference [28] introduced the double deep Q network
(DDQN), which reduces overestimation by decomposing the max operation in the tar-
get. Subsequent works extended this approach, such as [29], which proposed a DDQN
with a multi-step learning algorithm. In [30], researchers investigated RIS-assisted UAV
secure communication systems in order to improve the average worst-case secrecy rate.
Reference [31] suggested a decaying deep Q-network-based algorithm to both improve
the UAV’s trajectory, resource allocation, and energy consumption, and the RIS’s passive
beamforming. Similarly, reference [32] leveraged DDQN and Deep Deterministic Policy
Gradient (DDPG) algorithms to optimize the UAV’s three-dimensional (3D) trajectory and
adjust the phase-shifts of the RIS, aiming to maximize UAV energy efficiency.

Recent works, by considering the state-of-the-art advances, have proposed the DRL
model for UAV navigation [33] and radio resource management [34] in cellular networks.

Despite these advancements, most existing works overlook target area coverage and
ground user movement. This paper addresses this gap by applying a novel DRL technique in
an RIS-aided DBS system, accounting for ground user movement and coverage considerations.

3. System Model and Problem Formulation
3.1. System Model

Figure 1 depicts the scenario of the RIS-assisted DBS wireless communication system.
In this setup, a single DBS functions as an aerial base station, catering to a group of ground
users U = {1, 2, . . ., U} across a designated target area Ta. It is assumed that the DBS
possesses location awareness via GPS, while each user is mobile and randomly distributed
within the target area. Alongside the DBS, a ground-based RIS is deployed to augment
communication quality. Given the practical uncertainty of direct links between the DBS
and users, the RIS facilitates direct connections between them. For simplicity, it is assumed
that both the DBS and ground users are equipped with a single antenna. Furthermore,
the DBS’s 3D position in each time slot is defined by L = {xD, yD, zD}, where latitude and
longitude coordinates are denoted as (xD, yD), and zD represents the flight altitude. To
guarantee robust wireless communication and achieve high data rates, the DBS adjusts
its altitude based on user movement, i.e., zD ∈

(
zmin, zmax). Each user’s coordinates are

represented as (xU , yU).
The RIS maintains a fixed location specified by (xR, yR, zR), and it consists of an array of

M reflective elements arranged in a uniform linear pattern, denoted as M = {1, . . . m, . . . M}.
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The RIS controller dynamically adjusts the phase-shift of each reflecting element within the
range of [0, 2π), denoted as θm ∈ [0, 2π), ∀m ∈M. To aid reader comprehension, Table 1
provides a summary of the mathematical symbols utilized in this article.
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Figure 1. The scenario of the RIS-assisted DBS-enabled wireless communications system.

Table 1. Main notations.

Notation Detailed Definition

xD, yD, zD Location of the DBS

xU , yU Location of the ground users

xR, yR, zR Location of the RIS

zmin, zmax Minimal and maximal altitudes of the DBS

dmin, dmax Minimal and maximal flying distances of the DBS

Ta Target area

Θt Phase-shift matrix of the RIS in timeslot t

hDU
u,t Channel gain of user–DBS link

hDR
t Channel gain of DBS-RIS link

hRU
u Channel gain of RIS–ground user link

hDRU
u,t Channel gain of ground user–RIS–DBS link

dDU
u,t Distance between the DBS and ground users

dDR
t Distance between the DBS and RIS

dRU
t Distance between the RIS and ground users

pu,t Blockage probability

P, σ2 Transmission power, noise power

α Path loss at the reference distance of 1 m

β Path loss exponent for RIS–user link

Ru,t Data rate of DBS–RIS–user link

C The coverage score

3.1.1. Channel Model

In Figure 1, the DBS typically operates at high altitudes, while the RIS is commonly
positioned on building surfaces. If the direct link between the DBS and users (DBS–ground
user link) is obstructed, scattering occurs via the RIS. This paper considers the downlink
channel to comprise a direct link (i.e., the DBS–user path) and multiple reflected links
through the RIS (i.e., the DBS–RIS–user path).
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Assuming the RIS always maintains a direct link with both the DBS and users, it
ensures compensation for the DBS–user link through the DBS-RIS and RIS–user links.
Although there is a possibility of the DBS-RIS link being closely blocked by ground obstacles,
this pessimistic scenario will be considered in a future work.

Specifically, the direct link channel between the DBS and the u-th user at time slot t is
denoted as hDU

u,t and can be expressed as

hDU
u,t =

α(
dDU

u,t

)2 (1)

where dDU
u,t is the distance from the DBS to the ground user. The channel of the indirect

link between the DBS and the u-th user is denoted as hDRU
u,t . The channel gain for the link

between the DBS and the RIS is express as

hDR
t =

√
α(

dDR
t

)2

[
1, e−j 2π

λ dφDR
t , . . . , e−j 2π

λ (M−1)dφDR
t

]T
(2)

where α is defined as the path loss at the reference distances of 1 m, 2 is defined as the

path loss exponent, φDR
t =

xR−xD
t

dDR
t

represents the cosine value of the angle of arrival (AoA),

and dDR
t is the distance between the DBS and RIS. The channel gain of the RIS–user link is

denoted as

hRU
u,t =

√
α(

dRU
t

)β

[
1, e−j 2π

λ dφRU
t , . . . , e−j 2π

λ (M−1)dφRU
t

]T
(3)

where α is defined as the path loss at the reference distance of 1 m, β is the path loss

exponent, φRU
t =

xR−xU
t

dRU
u,t

represents the cosine value of the angle of departure (AoD), and

dRU
t is the distance from the RIS to the user. The overall channel gain of the DBS–RIS–user

link can be expressed as

hDRU
u,t =

(
hRU

u,t

)T
·θt·hDR

t (4)

where θt represents the diagonal phase matrix of the RIS in each timeslot t.

3.1.2. Phase-Shift Designs and Channel Rate

The RIS manipulates the signal from the DBS to the ground users by adjusting the
phase-shifts of numerous scattering reflective elements. These reflected signals can be
coherently combined to amplify the received signal or suppress interferences.

The reflection coefficient matrix associated with effective phase-shifts at the RIS can be
represented as

Θt = {θ1,t, θ2,t, θm,t, . . . , θM,t}, with θm,t = ηm,tejϕm,t (5)

where θm,t represents the diagonal phase-shift of the reflecting elements, ηm,t is the am-
plitude, and ϕm,t ∈ [0, 2π) defines the phase-shift. A set of discrete values is used for
phase-shift ϕm,t; because of hardware limitations [20], ϕm,t ∈ {0, ∆∅, . . . , ∆∅(L− 1)}.
∆∅ = 2π/L, where L = 2b indicates the number of phase-shift levels, and b is the number
of bits. There are 2b different angles for tuning phase-shifts on RIS elements.

The air-to-ground (A2G) channel model considers two propagation groups: line-of-
sight (LoS) propagation and non-line-of-sight (NLoS) propagation. Unlike LoS, NLoS
signals experience much stronger reflections and diffractions. To assess the likelihood of
the direct DBS-to-ground user link being blocked, we utilize the A2G channel model in
urban environments from [19], where the blocking probability is defined by

pu,t = 1− 1
1 + a exp [−b(ω− a)]

(6)
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where ω = arctan
(

zDBS
t /dDU

u,t

)
is the elevation angle from the DBS to the ground users.

Additionally, a and b are constants whose values depend on the environment, such as rural
or urban areas. By applying a threshold value, pu,t is designed as an expected value to
determine if the user link is blocked or not.

From (1), (4), and (6), the SNR of the ground user u can be defined by

γsnr
u,t =

P
∣∣∣(1 − pu,t) hDU

u,t + pu,thDRU
u,t

∣∣∣2
Bσ2 (7)

where P is the transmitted power from the DBS to users, B represents the bandwidth, and
σ2 is the noise variance. The total achievable rate of user u in timeslot t can be rewritten as

Ru,t = B log2
(
1 + γsnr

u,t
)

(8)

3.2. Problem Formulation

The aim of this research is to optimize the communication coverage and attainable
data rates for all ground users. Let τu,t ∈ {0, 1}, indicating the connection between the
DBS and the u-th user, either directly or via the RIS. When τu,t = 1, it signifies that the
user is served by the DBS either directly or via the RIS; otherwise, the user is not served by
the DBS.

τu,t ∈ {0, 1}, ∀u ∈ U, ∀u ∈ Ta, ∀t (9)

Accordingly, the coverage scores of the RIS-assisted DBS wireless communication
system can be expressed as

Ct =

(
Πt

U

)
× 100%, Πt = ∑U

u=1 τu,t, τu,t ∈ 1, ∀t (10)

where Πt is the number of users connected to the deployed DBS (the total ground users
with a reception SNR above a threshold) at each time slot t.

The proposed method aims to improve the throughput of each user by optimizing
the DBS mobility and RIS phase-shifts. It follows a two-stage approach: the communica-
tion stage and the mobility control stage. In the communication stage, the DBS remains
stationary while the RISs reflect the signal from the DBS to the ground users by adjusting
the phase-shift of each element. However, if the data rate and area coverage fall below
a threshold, most users’ downlink channels become blocked. In such cases, the current
communication stage ends, and the DBS is repositioned to establish line-of-sight (LoS)
links, thereby offering improved services to all ground users. Thus, the problem can be
mathematically formulated as

(Argmax
L,Θ )∑T

t=1 ∑U
u=1 Ru,t·Ct

Ru,t ≥ Du∀u ∈ U
0 ≤ xD

t ≤ xmax

0 ≤ yD
t ≤ ymax

zmin ≤ zD
t ≤ zmax

0 ≤ vu ≤ Vmax for all user u

(11)

where Ru,t ≥ Du∀u ∈ U denotes the required minimum rates constraints on each ground
user; 0 ≤ xD

t ≤ xmax, 0 ≤ yD
t ≤ ymax, zmin ≤ zD

t ≤ zmax indicate the DBS flying constrains;
and 0 ≤ vu ≤ Vmax represents the user’s speed limit.

4. Stage of RIS-DWC Approach
4.1. General Reinforcement Learning Framework

RL [35] is a dynamic learning approach capable of automatically adapting to changing
environments, making it suitable for solving decision-making problems such as maximizing
the throughput of a user in real time, as well as the resource allocation in aerial base station
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networks [36]. RL learns from its interaction with the environment, generating data as
it goes along. The proposed RIS-DWC process can be represented as a Markov decision
process (MDP) and it can be tackled using DRL algorithms. MDP comprises four key
components: the system state space s, the system action space a, the reward function r, and
the state transition probabilities p.

The RL agent, at each timeslot, observes the system state st and takes action at ac-
cording to a policy π. The agent receives a reward rt and transitions to a new system
state st+1. The goal of MDP is to find an optimal policy π∗ that maximizes long-term
reward. In RL, a policy maps observed states to actions to maximize accumulated reward.
Additionally, the value function predicts future rewards, evaluating the desirability of
actions in a given state. Q-learning, a renowned algorithm of RL, employs a Q-table or
look-up table to store Q-values corresponding to each state-action pair (s, a) [35]. The
agent, for a given state under policy π∗, aims to enhance a long-term cumulative reward by
selecting the optimal action. The discount factor γ ∈ [0, 1] weighs future rewards: a low γ

prioritizes immediate rewards, while a high γ focuses on long-term rewards. The agent, by
consulting the look-up table, can make decisions based on any observed state to formulate
an effective decision-making strategy. Nevertheless, traditional Q-learning encounters chal-
lenges, especially in large-scale environments, due to issues with dimensionality [36]. In
such environments, discovering the optimal policy through Q-learning proves challenging
because the RL agent may encounter difficulty exploring a vast number of state–action
pairs, rendering the storage requirements for the Q-table impractical. To address these
challenges, deep neural networks (DNNs) augment the conventional Q-learning approach
with enhanced capabilities. The Q-learning algorithm encounters challenges in determining
the optimal policy when the action and state spaces expand significantly. To address this
issue, the DQN algorithm was introduced, which integrates the traditional Q-learning
approach with a DNN [37]. Unlike Q-learning, DQN replaces the table with a function
approximator, typically a deep neural network, offering both linear and nonlinear function
approximators [37]. In each timeslot, actions are selected based on the ε-greedy policy, and
transition tuples are primarily stored in a replay memory to enhance stability. However,
a significant drawback of DQN is the ambiguity in action selection or evaluation, often
leading to an overestimation of action values and unstable training. To mitigate this issue,
Hasselt et al. proposed the Double DQN (DDQN) architecture, which decomposes the max
function estimators into separate action selection and evaluation components. A look-up
table in DDQN is updated based on agent experiences when the Q-values of state–action
pairs are selected, utilizing the Bellman equation [36]. Here, the learning rate α ∈ (0, 1]
determines the extent of parameter updates, while r(s, a) denotes the received reward for a
particular action a. DDQN was applied to optimize system actions, resulting in accelerated
learning and improved RL performance [37]. Further details on the DRL-based RIS-DWC
mechanism are provided in Section 4.2.

DQN is a multilayer neural network system that computes action values Q(s, -; θ) for
a given state vector, where θ represents the network parameters. When the state space has
n dimensions and the action space has m dimensions, the neural model operates between
Rn and Rm. DQN is commonly employed for Q-value prediction, wherein the Q-value
signifies the state–action value, indicating the expected benefit derived from the agent
executing a specific action while considering its current state. A crucial aspect of the DQN
algorithm involves the incorporation of a target network and experience replays. The
target network, akin to the online model, possesses identical settings, with the exception
that these settings are copied every τ steps from the online model. Consequently, the
target network, characterized by parameters θ′, mirrors the online network but undergoes
parameter updates every τ steps from the online network, remaining fixed during all other
steps. Therefore, θ′ = θ and is constant throughout other iterations. The equation for the
target network is given by

YDQN
target = r(st, at) + γmaxaQ

(
st+1, at; θ′

)
(12a)
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DDQN represents an enhancement over the original DQN framework. The structural
design of DDQN closely resembles that of DQN, with both models employing standard
Q-learning and DQN maximum operators to select actions and evaluate stocks based on
similar value metrics. However, this shared methodology can lead to the selection of
overestimated values, resulting in overly optimistic value estimations. To address this
issue, DDQN decouples action selection from action evaluation. In DDQN, two value
functions are learned simultaneously through alternating updates, resulting in two sets
of weights. Greedy policies are identified using one set of weights for each update, while
the other set is utilized to evaluate the algorithm’s value. By separating action selection
from action evaluation within the target, DDQN mitigates overestimation issues. The
architecture of DDQN’s target network provides an efficient solution without additional
interconnections, enhancing the accuracy of greedy policy measurements. To alleviate
overestimation problems associated with Q-values, DDQN introduces a new target network,
denoted as

YDDQN
target = r(st, at) + γQ′

[
st+1, argmaxaQ(st+1, at+1, θ); θ′

]
(12b)

Similar to DQN, DDQN employs a periodic copy of the online network for target
updates, maintaining the core principles of the DQN algorithm while reaping the benefits
of dual Q-learning. Computational demands are kept to a minimum, with DDQN uti-
lizing parameters from current Q-networks for each selection, unlike DQN where target
parameters are unavailable during target value calculation. By replacing the selection with
DDQN, overestimation is reduced, bringing Q-values closer to reality. However, it is worth
noting that the Q-value calculated after such a replacement must be less than or equal to
the original Q-value, effectively decreasing overestimation and improving accuracy.

4.2. DRL-Based RIS-DWC Mobility Control Strategy

The proposed RIS-DWC method aims to enhance the wireless communication services
based on ground users’ locations. The DDQN framework comprises DNN and RL modules.
The DNN approximates Q-values, eliminating the need for a look-up table, which are then
input into the RL module for decision-making based on the DNN outputs. We use DRL
over traditional RL for our work, because compared with traditional RL, DRL can converge
to an optimal solution faster and is more robust against non-optimal parameter settings [38].
Our proposed system uses the DBS as the DRL agent, and its system state, action spaces,
and reward function are defined as follows:

System Action Space: The DBS updates its location based on the ground user’s mobility,
and the actions represent the flying direction, in order to enhance communication service.
After the DBS takes an action, the RIS controller adjusts phase-shifts of RIS elements to
improve communication quality between the DBS and ground users.

System State Space: The system includes both direct links and reflective channels. The
DBS serves as a DRL agent, with system states defined as the DBS coordinates, U (the
current number of users available in Ta), and γsnr

u,t (the SNR value) as the system states.
Additionally, we define a threshold state value γde f to assess the quality of the user com-
munication channel.

Reward function: The reward function aims to optimize the total achievable rate and
coverage. During training, the DRL agent receives rewards from the function in each
timeslot based on the received reward, updating its policy π in order to enhance our
proposed strategy network. The reward function ϵs(t) is defined as

ϵs(t) = γsnr
u,t × Ct (13)

where r(t) = 1 if ϵs(t+1) > ϵs(t), r(t) = 0 if ϵs(t+1) = ϵs(t), and r(t) = −1 if ϵs(t+1) < ϵs(t).
Algorithm for Phase-Shift optimization: Each timeslot involves determining the ap-

propriate phase-shift based on the positions of the DBS and currently connected ground
users. To address this challenge, we employ an alternating optimization robust algorithm
previously utilized in [39] to handle the RIS discrete phase-shifts. Algorithm 1 outlines
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the pseudocode for this process. Initially, the RIS’s phase-shift elements are randomly
assigned from available angle values. Subsequently, we iteratively optimize each reflecting
element while holding the others constant. For a given element m, its phase shift is adjusted
to maximize the achievable rate Ru,t by evaluating all possible phase-shift values. This
procedure continues in each timeslot until the condition Ru,t ≥ Du is met or the maximum
number of iterations is reached. Finally, the phase-shifts of all RIS elements for each timeslot
are determined.

Algorithm 1: RIS-assisted DBS Trajectory and Phase Shift Design Strategy

Input: System action space, size of mini-batch, discount factor, number of timeslots, number of
episodes, set of actions, learning rate β, exploration coefficient ∈.
Output: The optimal DBS trajectory and the ground users’ coverage
1: Initialize main network Q with random weights θ;
2: Initialize target network Q′ with random weights θ′ = θ;
3: Initialize experience replay memory;

/* Exploration Stage */
4: For episode = 1 to E do
5: Set t =1, initialize the system to s1 and update the DBS

location;
6: While 0 ≤ t ≤ T do
7: Obtain the state st;
8: The DBS select the action at using the ε-greedy approach;

with the probability ϵ, or select action by at;
9: Execute at;
10: Obtain the RIS phase-shifts based on Algorithm 2;
11: The DBS observes the next system state st+1 and receives the

reward based on the Equation (13);
12: if DBS out of the target area, then cancel the action and

apply st+1 accordingly;
13: end if
14: Store (st, at, rt, st+1) in the experience relay memory;

/* Training Stage */
15: Select a random mini-batch from the experience

replay memory;
16: Calculate the target Q-value using (15);
17: The DRL agent updates the weights θ by minimizing the loss

function using (16);
18: Update weights of the main network θ;
19: Update weights of the target network θ′;
20: t← t+1;
21: end while
22: episode← episode+1
23: end for

Training Procedure: The training procedure of the proposed framework is depicted in
Figure 2 and follows the steps outlined in Algorithm 1. We set a simulation environment
in our work that models the real environment of DBS, RIS configurations, and wireless
channel characteristics using Equations (1) to (6). We defined the DBS, RIS, and mobile
ground users’ parameters. The agent (i.e., DBS) interacts with the environment to collect
user channel data. At each time slot, the agent observes environmental information, such
as the DBS’s location, the ground users’ location, and the users’ received SNR values. Then,
based on the received state information, the agent selects the proper action to make a
decision. The environment responds with rewards and new states. These interactions at
each time are stored as experiences (st, at, rt, st+1) in the experience replay buffer memory.
This experience dataset is continually updated and used for training the proposed UAV
trajectory and RIS phase shift scheme. The complexity of a DRL algorithm is determined
by the number of training time-slots per episode and the total number of episodes. Initially
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(lines 1–3), the algorithm initializes the system’s action space, learning rate β, discount
factor γ, and the initial position of the DBS. At the outset, the locations and distribution of
users are known. Subsequently, the training stage begins from line 4, where the DBS, from
the environment, acquires observations using Equation (13), and the DBS is controlled by
the DRL agent. Based on the obtained observations, the DBS selects an appropriate action
using policy π. To strike a balance between exploiting past experiences and exploring
the target environment, to attain better rewards (line 8), we employ an epsilon ε-greedy
approach in the action selection mechanism. During the initial learning phase, the DRL
agent may lack confidence in the estimated value of the Q-function as it might not have
encountered certain state and action pairs within the target area. Hence, the DRL agent must
explore the environment to a certain extent to prevent getting stuck in suboptimal policies.
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Consequently, the action selection probability of a DRL agent is defined by the ε pa-
rameter, which signifies the likelihood of selecting exploration over exploitation. When
ε equals 1, the agent dedicates itself entirely to exploration, neglecting exploitation. The
agent’s decision between exploration and exploitation hinges on a randomly generated
number between 0 and 1. Subsequently, through the Q-learning process, a policy is adopted
to determine the best action. A greedy policy is used in most cases and expressed as

π(st) = argmaxat
Q(st, at) (14)

where the optimal DBS trajectory acquired through the DDQN algorithm corresponds to
selecting action at that possesses the highest Q-value related to a given state st.

Q(st, at) = E
[

T

∑
t+1=t

γr(st+1, at+1); st, at

]
(15)

The DRL agent selects an action with the highest Q-value from the current system
state. Otherwise, from the action space, the next action is randomly chosen. This decision
is important to allow the DBS to explore and discover new states to develop an optimal
control strategy. Moreover, the RIS-DWC strategy can explore and learn the environment
using a high exploration coefficient at the beginning of training. Then, the DBS executes
trajectory control according to the selected action at. If the DBS flies outside the border,
cancel this movement and give a penalty. Once the decision is taken by the DBS, the
RIS controller adjusts the phase-shifts of all reflection elements based on our proposed
Algorithm 2 (line 10). Additionally, the DBS will remain at its current location if the next
location is obtained beyond the target area (lines 11–13). After executing at, we obtained
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the reward rt and the next system state st+1 (line 11). After obtaining a new generated
sample st, at, rt, and st+1 in (line 14) the DRL agent are stored into an experience replay
memory F. Once sufficient experiences have been collected in the replay memory F, we
sample a mini-batch of H samples that is extracted randomly from the replay memory
to train the DDQN network (line 15). To make the network more stable and for a better
learning convergence, the main network and the target network in our proposed DDQN
network are both used.

Algorithm 2: Algorithm for Phase-Shift optimization

Input: Number of the timeslots, number of episodes, set of actions, learning rate, size of
mini-batch, state.
Output: The optimal phase-shifts
Θt (0) = ϕm,t ∈ {0, ∆∅, . . . , ∆∅(L− 1)};
Initialize the maximum number of iterations Imax;
Obtain the DBSs, ground users’ position, and the initial RIS phase-shifts; then, calculate the
achievable rate Ru,t(0);
For i = 1, 2, . . ., Imax do

For m = 1, 2, . . ., M do
Fix the phase-shift of the m-th element, ∀m = m;
Set pm,t when Ru,t(i) is maximum;

end for
If Ru,t(i) > Rth then

Find Θt = Θt(i);
break;

end if
end for

To achieve the optimal RIS-DWC system, DNN updates the weights θ for each tuple
within the sampled minibatch. This update is performed to minimize the prediction error
using a gradient descent method. Then, the target value YDDQN

target is used to update the
weights θ of the original network by minimizing the loss J(θ) in lines 18–19. We define the
loss function as the following formula:

J(θ) = E
[
YDDQN

target −Q(st, at; θ)
]

(16)

where the target value YDDQN
target expressed is calculated following the double Q-learning

approach taking into account the Q-values of the original network and the target network.
For the DDQN, we employ a DNN with weight vectors θ to estimate the Q-function
Q(st, at; θ) expressed in Equation (15). Subsequently, the weights of the target network are
updated (lines 18–19), but at a lower frequency than the original network, to mitigate the
issue of overestimation.

5. Performance Analysis

This section presents some numerical results to assess the performance of the proposed
method. It begins by detailing the simulation parameters, followed by the presentation of
results and discussions.

5.1. Implementation Details

This paper employs a model for user movement simulation, considering two types of
user mobility: slow and fast walking speeds. The DBS is deployed initially at the coordinate
position [0, 0, 100] to serve ground users. The permissible altitude range for the DBS is
constrained between 30 and 100 m, denoted as 30 ≤ zD ≤ 100. In our simulation, we
assume that U represents 6 ground users, assigned randomly to a target area, and moving
across it based on the Random Walk Model. Users move on the ground at a maximum
speed of 0.5 m each step. This study’s primary objective is to devise an RIS-assisted DBS
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mobile control system aimed at maximizing communication coverage while maintaining an
acceptable level of throughput for mobile users, utilizing DRL techniques. The coordinates
of the RIS are fixed at [50, 50, 50].

Our proposed double deep neural network architecture consists of two layers, each
comprising 30 neurons. The parameters of each DNN are initialized randomly from a
zero-mean normal distribution. To mitigate overfitting during the training process, after
each pooling operation, a dropout layer is included, ensuring the model’s generalization
capability. Rectified Linear Unit (ReLU) activation functions are employed for the first
two hidden layers of the DNN, while RMSProp is utilized as the optimizer, adjusting the
learning rate (Lr = 1 × 10−3) for each epoch with a minibatch size of 512.

Furthermore, the AdamOptimizer is utilized to train the DNNs comprising the Q-
network. We adopt the air-to-ground communication scenario as discussed in [19]. Our
experiment was conducted on a PC equipped with an NVIDIA GeForce GTX 1080, with
Ubuntu as the operating system and Python 3.7 as the programming language. About
the deep learning framework, Keras 2.2.5 and TensorFlow 1.14. libraries are employed for
implementing the DNNs in the DDQN algorithm [40]. Due to the lack of equipment, we
simulated our environment closely to a real-world scenario. For further details, Table 2
provides additional simulation information.

Table 2. Simulation parameters.

Parameters Value

DBS transmit power 5 mW
Bandwidth 2 MHz

Noise power −173 dBm
Path loss at 1 m α −20 dB

Path loss β 2.5
Blocking parameters a, b [19] 9.61, 0.16

Carrier frequency fc 2 Ghz
Number of RIS elements 100

Target area size 1000 m × 1000 m
Episodes and time slots 500, 2000

5.2. Results and Discussion

In this part, we validate our proposed method (DBS-RIS with PS) through simulation
and compare it with the following numerical results based on two different systems:

(i) The DBS trajectory using RIS in the absence of the optimal passive phase-shift
(DBS-RIS no PS): In this scheme, the DBS position is optimized while the RIS has a random
phase shifts configuration.

(ii) The DBS trajectory without RIS (DBS no RIS): In this setting, the DBS either
transmits or relays signals to ground users.

Both of these benchmark systems optimize the trajectory and coverage between the
DBS and the mobile ground users using the DDQN algorithm method.

In this work, the DBS in all different systems endeavors to find the best trajectories to
serve the ground users effectively. Due to its proximity to the center, the area offers the best
conditions for minimizing communication errors and improving communication coverage.
The DBS is scheduled to move closer to users with a poor SNR, thereby directly enhancing
their signal quality using direct or indirect links. This may involve algorithms that calculate
the optimal position of the DBS to maximize the average or minimum data rate among
all users.

Figure 3 presents the 3D and 2D trajectory planes of different systems for visualization
and comparison purposes.
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In the proposed case (DBS-RIS with PS), it is evident that the DBS descends to a
lower altitude and attempts to approach the RIS. This strategy aims to enhance the SNR
by minimizing the communication distance, as outlined in Equation (7). By flying closer
to the RIS, the DBS optimizes its positioning to maximize signal quality and improve
communication performance.

Figure 4 illustrates the coverage scores obtained by our proposed DRL method and
two benchmark systems over time. Our experimental findings indicate that, as the learning
iterations progress, the coverage score also increases.
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Specifically, with an increase in the number of timeslots, our proposed solution (DBS-
RIS with PS) achieves an impressive 95.58% coefficient of coverage. However, the DRL
agent associated with DBS-RIS (no PS) and DBS (no RIS) may struggle to maneuver the DBS
to optimum positions during a limited number of training intervals. Moreover, at the outset,
the DBS may not cover all states, requiring time to explore and reach unexplored states
by executing actions based on the current state to gain a comprehensive understanding
of the system environment. For comparison, the performances of DBS-RIS (no PS) and
DBS (no RIS) are also depicted. These benchmark systems exhibit a lower user coverage
compared to DBS-RIS (with PS). Additionally, due to learning instability, the estimation of
expected rewards in these two approaches leads to a high-variance problem.

We compared the performance of the proposed system by changing its network
hyperparameters as shown in Table 3. We used RMSProp, ReLU, 0.0001, 512, and 0.9 for the
optimizer, activation function, learning rate, minibatch size, and discount factor, resulting
in a better communication coverage.

Table 3. Proposed method performance under different DRL network hyperparameters.

Optimizer Activation Function Learning Rate Minibatch Size Discount Factor

Adam RMSProp Sigmoid ReLU 0.001 0.0001 256 512 0.89 0.9

Coverage score 0.942 0.955 0.942 0.955 0.942 0.955 0.942 0.955 0.942 0.955
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Next, Figure 5 highlights the importance of deploying RIS to augment coverage in
DBS-assisted wireless communication systems. The blockage probability pu,t as defined in
Equation (7) characterizes the received signal of ground users from both direct (pu,t = 0)
and indirect links (pu,t = 1). Various blockage probability values, representing different
environmental densities ranging from low to high, are established. An analysis of the figure
reveals that as the environment density increases, the coverage provided by DBS (no RIS)
decreases, while the coverage facilitated by DBS-RIS (no PS) increases. Consequently, the
integration of RIS technology enhances DBS coverage, with further enhancements observed
by incorporating phase shift capabilities.
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Figure 6 illustrates the Cumulative Distribution Function (CDF) of the data rate
performance across three compared systems with P = 5 mW. CDF serves as a tool to depict
outcomes across various episodes. It aids in validating algorithm convergence and visually
communicates the point at which satisfactory performance is achieved across episodes. This
allows for the selection of an optimal algorithm endpoint. The proposed method iteratively
learns from mistakes in the system environment by taking actions aimed at enhancing
the data rate of each user. However, due to factors such as user mobility and distribution,
as well as the phase shift algorithm in the target area, the data rate performance may
degrade in some timeslots. This degradation causes the DBS position to become suboptimal
in balancing coverage and communication quality. As a result, the proposed method
continuously adapts the DBS location based on the received reward until the data of each
ground user surpasses the threshold value (defined for the SNR). Notably, the performance
of (DBS-RIS with PS) in the simulated scenario is significantly high. This can be attributed
to the algorithm’s capability to adjust phase shifts and DBS location, thereby increasing the
difficulty of signal alignment and subsequently enhancing ground user throughput.
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Figure 7 illustrates the Cumulative Distribution Function (CDF) of the data rate
performance across three compared systems with P = 1 mW. Based on a comparison of
Figures 6 and 7, we can conclude that a higher transmit power from the DBS can result in
stronger received signals for the ground users. This can improve the signal-to-noise ratio
(SNR) at the users’ devices, leading to better data rates.
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Figure 8 presents a comparison of the average data rate for ground users across
various systems, considering two to six ground users. It is observed that as the number of
ground users increases, the average user data rate tends to decrease for all three algorithms.
Furthermore, this decrease becomes more pronounced with an increasing number of
ground users. In terms of algorithm efficacy, the proposed DBS-RIS (with PS) algorithm
demonstrates superior performance compared to DBS-RIS (no PS), with both significantly
outperforming the DBS (no RIS) approach.
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We can conclude that DBS-RIS (with PS) achieves a much higher average throughput
performance compared to DBS-RIS (no PS) and DBS (no RIS). It attains higher communica-
tion rates and better communication quality than DBS-RIS (no PS) and DBS (no RIS). This
behavior is mainly influenced by the mobile ground users’ distribution.

5.3. Computational Time and Complexity

The RIS-assisted DBS in the wireless communication system model requires less com-
putation time and complexity to assess the quality of service and the DBS coverage at each
time slot. The computational complexity of the DRL depends on the size of the neural
network layers and the number of parameters. The DDQN’s architecture and training
scheme help reduce complexity and computation time compared to traditional Q-learning
algorithms, making it a more efficient and effective choice for training deep reinforcement
learning agents. By updating the target network’s parameters less frequently, DDQN re-
duces the number of network updates required per time slot, resulting in faster convergence
and lower computational overhead. DDQN training typically involves iteratively updating
the Q-network parameters using gradient descent, which can be computationally inten-
sive. During each training iteration, the forward pass involves passing the current state
through the neural network to obtain the Q-values for all possible actions. This technique
can expedite the training process by enabling the simultaneous computation of multiple
training samples or parallel updates of network parameters. This simplicity can lead to
shorter training times and also reduce memory consumption. Hence, we implemented and
optimized our proposed method using the DDQN model by optimizing hyperparameters,
reducing unnecessary computations, and ensuring efficient memory usage. Our proposed
system’s computation time per episode(s) is 8.21 × 10−1.
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6. Conclusions and Open Work

Our work introduces an autonomous 3D-DBS deployment strategy aimed at enhancing
communication services for ground users through RIS technology. A learning-based
approach is proposed to tackle this challenge by optimizing the communication coverage
while ensuring high data rates for ground users. The proposed DRL-based RIS-assisted
DBS wireless communication control strategy aims to control the DBS movement based on
ground users’ locations to achieve the objective function. Simulation results demonstrate
the promising performance of the proposed system in terms of both overall network
throughput and communication coverage.

As open work, the authors intend to advance this approach by developing a satellite-
assisted DBS wireless communications system. This advancement aims to further enhance
overall user throughput, mitigate the channel fading effects, and improve the communica-
tion coverage using artificial intelligence models.
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