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A B S T R A C T   

Reconfigurable intelligent surfaces (RIS) have emerged as a prominent and widely debated solution to enhance 
the energy efficiency of wireless communications. This article explores the potential of combining RIS with 
unmanned aerial vehicles (UAVs)-RIS, to provide on-demand deployment services in dynamic environments. 
However, the energy limitations of battery-powered UAVs can curtail the advantages of UAV-RIS systems. To 
address this challenge and enhance the durability of UAV-RIS deployments, we introduce an energy harvesting 
technique for simultaneous wireless information and power transfer (SWIPT) coupled with optimized resource 
allocation and energy harvesting from incoming radio frequency (RF) signals. In contrast to previous research, 
our approach involves the division of passive reflected arrays across geometric space, facilitating simultaneous 
information transfer and energy harvesting. Additionally, we are developing deep Q-network (DQN) and deep 
deterministic policy gradient (DDPG) techniques to dynamically allocate UAV-RIS resources in both temporal 
and spatial dimensions. This allocation maximizes the overall harvested energy while upholding communication 
quality for every user. Our simulation results conclusively demonstrate the substantial superiority of the pro
posed UAV-RIS SWIPT system over the benchmark.   

1. Introduction 

In recent years, reconfigurable intelligent surfaces (RIS) have 
emerged as a transformative wireless communication and networking 
technology. These intelligent surfaces are composed of an array of 
passive, programmable elements that can manipulate electromagnetic 
waves in wireless environments. RIS elements can adaptively alter the 
phase and amplitude of impinging electromagnetic signals, allowing for 
precise control over signal propagation. This capability opens up new 
horizons in wireless communications, enabling advancements in 
beamforming, signal enhancement, and interference mitigation [1,2]. 

Simultaneous wireless information and power transfer (SWIPT) has 
emerged as a groundbreaking paradigm in the ever-evolving landscape 
of wireless communication and energy harvesting. In SWIPT, the same 
radio-frequency signals transmit data and deliver power to receiving 
devices. SWIPT harnesses innovative techniques, such as energy har
vesting and rectification, to enable devices to concurrently acquire in
formation and replenish their energy reserves from the ambient 
electromagnetic environment [3]. 

Unmanned aerial vehicles (UAVs) are a potential but challenging 

platform for investigating autonomous and cooperative control. The 
UAV is an electromechanical system that may operate autonomously, 
remotely, or both. Fixed-wing UAVs have been a prevalent type of UAV 
in the market, and they have been examined in numerous settings 
ranging from academic to commercial due to their energy-efficient 
performance while carrying payloads [4,5]. 

The use of UAVs has significantly increased in various fields, 
including military, transportation, and surveillance. Reliable commu
nication links for UAVs are crucial for safe and efficient operation, but 
they face challenges such as interference, signal attenuation, and limited 
energy resources. To overcome these challenges, researchers have been 
exploring new technologies, including RISs, which can enhance 
communication links by modifying the propagation of radio waves. 
Additionally, optimizing the energy efficiency of UAV communication 
links is crucial to extend mission duration and reduce operational costs. 
This can be realized by utilizing the concept of SWIPT. This paper dis
cusses using RIS to improve UAV communication links and integrating 
energy-efficient techniques, such as deep learning, to optimize energy 
consumption [6,7,8]. 

Deep reinforcement learning (DRL) is a powerful subset of machine 
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learning that combines deep learning and reinforcement learning prin
ciples to enable agents to make intelligent decisions in complex and 
dynamic environments. DRL has gained significant attention recently 
due to its remarkable ability to tackle various real-world problems, from 
autonomous robotics and game playing to optimization and recom
mendation systems. The DRL calculations have exhibited exceptional 
outcomes in handling asset-the-board difficulties in UAV-helped remote 
organizations [9]. To extend the association’s total rate, an iterative 
technique with two phases of using the significant Q-learning compu
tation and differentiation of bent estimation was made to smooth out the 
UAV’s regions, convey beamforming, and UAV-clients connection [10]. 
In [11], the UAV was utilized to charge ground gear and gather infor
mation using the wireless power transfer (WPT) approach. DRL calcu
lations have likewise been utilized in UAV-helped remote 
correspondence way arranging [12,13]. The authors of [14] recom
mended a DRL calculation for recognizing the flight course, transmission 
power, and related cells in UAV-controlled remote organizations, given 
the reverberation state organization of [15]. In [16], authors proposed a 
novel approach to improve communication links by utilizing a swarm of 
UAVs with integrated RISs (SARIS). The authors suggested that the 
swarm of UAVs with RISs can perform dynamic configuration of the 
radio wave propagation to optimize communication performance. In 
addition, the work presented a theoretical analysis and simulation re
sults to demonstrate the effectiveness of the proposed SARIS framework 
in improving signal quality and reducing energy consumption. The au
thors of [17] involved the deep Q-learning (DQL) calculation for the 
UAV route in light of the signal powers evaluated employing a 
tremendous multiple-input multiple-output (MIMO) method. Q-learning 
was utilized in [18] to control the development of a few UAVs in static 
and dynamic client areas under an irregular walk model. The works 
[19,20] depicted the DQL strategy for lessening information bundle 
misfortune in UAV-helped influence move and information-gathering 
frameworks. In [21], the authors proposed a new approach to improve 
wireless networks’ energy efficiency and communication performance. 
They suggested utilizing RIS and UAVs to create an optimal communi
cation infrastructure for multi-user scenarios. They also presented a 
theoretical analysis and simulation results to demonstrate the effec
tiveness and energy efficiency of the proposed system. The authors 
found that using UAVs and RIS can lead to significant energy savings by 
reducing the energy consumption of the transmitters and amplifiers, as 
well as improving signal quality and coverage. 

Reinforcement learning (RL) calculation is planned for specialists to 
settle on a grouping of choices. The specialist in Fig. 1 can be any part of 
a handling unit in remote organizations, like UAVs, servers, ground 
clients, etc. The specialists collaborate with the climate to accomplish 
the best prize through experimentation and learning. Subsequently, DRL 
approaches have given every hub independence to make the remote 
organization keener [22,23,24]. The remote conditions are changed into 
a computerized Internet of Things (IoT) area, UAV flying speed, point, 

position, and channel model between each organization piece. The DRL 
strategies are then used to prepare the specialists. We use profound DQL, 
DDQL, and proximal approach streamlining (PPS) procedures for the 
discrete issue. At the same time, for a consistent plan, we utilize pro
found deterministic arrangement slope (DDPG) and proximal strategy 
improvement (PSI). Moreover, we apply multi-specialist figuring out 
how to abbreviate the postponement in data transmission between the 
unified handling unit and clients. 

This article is motivated by the rising significance of RIS in the realm 
of wireless communications and their potential synergy with UAVs to 
provide dynamic deployment services. The critical challenge addressed 
here is the energy limitations faced by battery-powered UAVs, which 
can restrict the efficacy of UAV-RIS systems. To overcome this obstacle 
and bolster the longevity of UAV-RIS deployments, a groundbreaking 
energy harvesting technique for SWIPT is introduced, coupled with 
optimized resource allocation and energy harvesting from incoming RF 
signals. What sets our approach apart is the innovative division of pas
sive reflected arrays across geometric space, enabling concurrent in
formation transfer and energy harvesting. Furthermore, we are 
pioneering the use of DQN and DDPG techniques to allocate UAV-RIS 
resources across both temporal and spatial dimensions dynamically. 
This dynamic allocation not only maximizes overall harvested energy 
but also ensures the maintenance of communication quality for every 
user. Our rigorous simulation results irrefutably affirm the remarkable 
superiority of the proposed UAV-RIS SWIPT system compared to 
established benchmarks, marking a significant contribution to wireless 
communication and UAV deployment. 

2. DDPG and DQN algorithms 

DDPG and DQN are distinct DRL algorithms that can play a vital role 
in enabling intelligent decision-making and optimization in UAV-RIS 
scenarios, ultimately contributing to improved energy efficiency and 
communication performance. In the following, we provide their func
tionalities, training processes, and adaptation to the UAV-RIS. 

2.1. DQN 

Functionality: DQN is a foundational DRL algorithm that excels in 
discrete action spaces, making it suitable for tasks where actions are 
chosen from a finite set of possibilities. In the UAV-RIS context, DQN can 
be applied to discrete actions like choosing among predefined UAV 
maneuvers, power levels, or communication strategies. 

Training Process: DQN approximates the Q-values of state-action 
pairs using a deep neural network. The training involves interacting 
with the environment, collecting experiences, and updating the Q- 
network through Q-learning. Experience replay breaks correlations in 
the data, and target networks are employed to stabilize learning. 

Adaptation to UAV-RIS: To adapt DQN to the UAV-RIS context, the 
state representation can be customized to include variables like UAV 
position, RIS configurations, channel conditions, and energy levels. The 
action space can encompass the UAV’s discrete choices, such as selecting 
from a predefined set of trajectories, power levels, or communication 
modes. DQN can be trained to optimize these actions for efficient and 
effective UAV-RIS interactions. 

2.2. DDPG 

Functionality: DDPG is a robust DRL algorithm designed for 
continuous action spaces, making it suitable for problems where the 
agent needs to select actions with a high degree of granularity, such as 
controlling UAVs in a UAV-RIS system. DDPG combines concepts from 
both policy gradients and Q-learning. It learns a deterministic policy, 
mapping states directly to actions, and maintains a value network to 
estimate the expected cumulative reward. 

Training Process: DDPG employs an actor-critic architecture. The 

Fig. 1. RL model in wireless networks.  
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actor network learns the policy, while the critic network evaluates the 
quality of the policy. Training involves collecting experiences, 
computing gradients, and updating the actor and critic networks using 
backpropagation. Experience replay and target networks are also 
employed to stabilize training. 

Adaptation to UAV-RIS: In the context of UAV-RIS systems, DDPG 
can be adapted by customizing the state representation to incorporate 
information relevant to the UAV’s position, RIS configurations, channel 
conditions, and energy constraints. The action space can include pa
rameters for UAV trajectory, power allocation, and communication 
strategy. DDPG can be trained to optimize these actions to achieve 
energy-efficient and high-performance communication with RIS 
elements. 

3. Proposed system 

As previously stated, enhancing decision-making time to meet UAV- 
assisted wireless networks’ stringent standards is critical. In this section, 
we study approaches based on the DRL algorithm for designing the UAV 
trajectory and allocating resources to maximize the energy efficiency 
and network sum rate. For a trade-off problem, we offer a strategy based 
on the DQL and the dueling DQL method. These approaches provide the 
most economical trajectory and sum rate while meeting severe distance, 
flight time, and communications requirements. These approaches may 
operate in a dynamic environment with randomly distributed and mo
bile users. The designated function is adaptable to numerous rapid 
deployment missions and sum-rate maximization. Furthermore, we as
sume perfect channel state information (CSI) and static user conditions. 

3.1. Dqn-based algorithm for discrete cases 

In DQN, as shown in Fig. 2, a specialist controls the UAV’s cooper
ation with the climate. We expect two deep neural networks (DNNs), the 
assessment and objective organizations. The objective organization has 
a similar construction as the assessment organization. However, it just 
updates consistently. The activity at is determined given the Q-values 
and a-covetous strategy. The award rt is then got from the climate. It 
ought to be noticed that the proposed DQN-based calculation can up
grade the direction of the UAV in the limitedly discrete activity space. 
Thus, we characterize the activity space in every one of TS as A, which 
contains the activities recorded beneath: 

A =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
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The change comprising of st, at, rt, st+1 is then put away in an 
encounter replay memory. At the point when there are an adequate 
number of changes in the experience replay memory, the learning 
methodology starts. To prepare the assessment organization, a smaller 
than normal bunch haphazardly tests M changes, the misfortune capa
bility for refreshing the assessment organization might be registered, 
which can be addressed as: 

Li(δi) = Es,a[(r + γ.max{Q(s‘, a‘|δi− 1) − Q(s, a|δi} )
2
] (2) 

The algorithm is designed to optimize the communication links be
tween a UAV and a ground station using a RIS. Here is a detailed 
description of the algorithm:  

1. Define the environment with the state, movement, and grant. The 
state consists of the UAV’s height, the RIS’s beamforming vector, and 
the frequency band used for communication. The movement is 
defined as the velocity of the UAV and the direction of the move
ment. The grant is a reward function that reflects the system’s energy 
efficiency and communication performance. 

Fig. 2. Design of DQN calculation.  

Fig. 3. Architecture of the DDPG algorithm.  
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2. Train the DQN deep learning model using collected data. The Q- 
function is initialized to zero. For each episode, the algorithm ob
serves the current state, selects an action using an epsilon-greedy 
policy, takes action, observes the reward and the next state, and 
updates the Q-values using the Bellman equation. After the conver
gence of the DQN model, the optimal action can be selected. 

3. Deploy the optimized DQN model in the RIS-assisted UAV commu
nication system to improve the energy efficiency and performance of 
the communication links. 

3.2. Ddpg-based algorithm for continuous cases 

In this part, we exhibit a DDPG-based strategy for managing what is 
happening and upgrading the UAV’s direction utilizing the notable 
entertainer pundit approach. Fig. 3 portrays the design of the DDPG 
calculation. There are two DNNs: the entertainer organization, which 
has the capability a = (s|θμ), and the pundit organization, which has the 
capability Q(s, a|θQ) individually. 

The specialist gets the climate’s state st and conveys the activity at 
created by its entertainer organization. The progress is then saved in the 
experience replay memory. M changes are examined while the growing 
experience starts to prepare the entertainer and pundit organizations. 
More specifically, the pundit network creates the Q-values Q(s, a) for 
computing the approach inclination given the states’ s and activities a 
[19]. 

4. Result and discussion 

This section uses mathematical and programmable [25,26,27] rep
lications to demonstrate the DDPG-based design for process offloading 
in the UAV-assisted MEC framework. First, the design of reenactment 
borders is provided. The performance of the DDPG-based system is then 
evaluated in various conditions and compared to alternative gauge 
techniques. 

4.1. Working setup 

In this section, we conduct extensive simulations to assess the per
formance of the proposed algorithms. The simulations are implemented 
using Python 3.7 and TensorFlow 1.15.0. For the DQN-based algorithm, 
we employ two fully connected hidden layers, each consisting of 256 
neurons. The Adam Optimizer updates the evaluation network with a 
learning rate of 0.001. The target network is updated with over 300 it
erations. In the case of the DDPG-based algorithm, both the actor and 
critic networks feature two fully connected hidden layers, each 
comprising 256 neurons. The Adam Optimizer trains both the actor and 
critic networks with a learning rate of 0.001. The experience replay 

memory size is set to 100,000, and mini-batches of size 128 are used. 
The coordinates of the RISs are predefined as [100, − 100, 50], [300, 
400, 50], [500, − 100, 50]. In each training episode, the UAV initiates its 
service to the User Equipment (UE) from the starting coordinate [0, 300, 
50]. There is a total of 100 Transmitter Stations (TSs) present. The UE, 
which could be an autonomous vehicle, moves at a constant speed of 6 
m/s, starting from the initial coordinate [0, 150] and reaching the final 
coordinate [600, 150]. 

4.2. Simulation setting 

The nitty gritty reproduction boundaries are recorded in Table 1, 
except if generally determined. In our trials, the typical award for per
formance testing, data from many runs of Eq. (2) with identical settings 
are used. Four standard approaches are depicted as observers for 
examination: 

4.3. Simulation results and discussions 

4.3.1. Parametric analysis 
We start by progressing preliminaries to decide the ideal credits for 

significant hyper-limits used in connection estimations. The gathering 
execution of the proposed computation with fluctuating learning rates is 
portrayed in Fig. 4. We guess that the pundit organization and enter
tainer networks have different learning rates. We assume that distinct 
learning rates are assigned to the critic and actor networks. Firstly, it’s 
evident that the proposed algorithm achieves convergence when Actor 
= 0.1 and Critic = 0.2 and when Actor = 0.001 and Critic = 0.002. 
However, when Actor = 0.1 and Critic = 0.2, the algorithm converges to 
a local optimal solution. This occurs because the large learning rates 
prompt both the critic and actor networks to take significant update 
steps simultaneously. Secondly, it’s noteworthy that the algorithm fails 
to converge when the learning rates are exceptionally small, such as 
Actor = 0.00001 and Critic = 0.00002. This is because lower learning 
rates result in a slower update rate for the Deep Neural Networks 
(DNNs), requiring a greater number of iterative episodes to achieve 
convergence. Consequently, the optimal learning rates for the actor and 
critic networks are determined to be Actor = 0.001 and Critic = 0.002, 
respectively. 

In Fig. 5, we dissect the impact of various rebate factors c on the 
proposed calculation’s assembly execution. The learned computation 
offloading policy performs best when the discount factor c 14 0:001 is 
used. The reason for this is that the environment alters substantially over 
time. Hence, the information from a solitary time span cannot wholly 
address long-haul conduct, bringing about unfortunate speculation 

Table 1 
Simulation parameters.  

Parameter Explanation Value 

K Number of users served by an UAV 4 
MUAV Mass of the UAV 9.65 kg 
I Number of iterations 40 
Tfly Time taken for a sampling flight 1 s 
B Bandwidth 1 MHz 
P Transmit power 20 dB 
Eb Energy per bit 500 kJ 
fUE Frequency of the user equipment (UE) 0.6 GHz 
L, W, H Length, width, and height of an UAV, respectively 100 m 
T Time taken for a single flight 400 s 
Vmax Maximum velocity or speed 50 m/s 
a0 Path loss − 50 dB 
r2 Reference received power or signal power − 100 dBm 
c constant 100 
S Sensing range or number of cycles per bit 1000 cycles/bit 
fUAV Frequency of the unmanned aerial vehicle (UAV) 1.2 GHz  

Fig. 4. The union presentation of the DDPG-based calculation at different 
learning rates. 
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capacity across time spans. Subsequently, a fitting worth of c will expand 
the possible presentation of our preparation strategies, and in the 
accompanying tests, we set the rebate factor c to 0.001. 

As shown in Fig. 6(a), the preparation bends of normal prizes are 
generally negative toward the beginning for different quantities of 
reflection components. This is because of the UAV’s lackluster showing, 
for example, flying beyond the objective region, which brings about a 
negative prize. Following that, when the organizations start to meet, the 
normal prizes climb and finally settle, showing that the framework has 
tracked down the best execution. Moreover, one can see that as the 
quantity of reflecting pieces increments, so do the typical prizes. Then, 
at that point, in Fig. 6 (b), we show the conventional compensation of 
the proposed DDPG-based assessment versus how much preparing epi
sodes, which seeks after a near heading as the DQN-based plan in Fig. 6 
(a). At the point when the quantity of reflecting components is some
thing very similar, the DDPG-based arrangement gets a preferred 
compensation over the DQN-based arrangement, true to form. This is on 

Fig. 5. Performance of convergence with various discount factors.  

Fig. 6. (a) DQN and (b) DDPG average reward versus the number of 
training episodes. Fig. 7. DQN, DDPG, FF, and RR with varying numbers of reflecting elements 

attain average energy efficiency. 
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the rounds where DQN-based calculations attempt a predetermined 
number of tasks, while DDPG-based frameworks continually streamline 
the factors. 

4.3.2. Performance comparison 
To serve as a benchmark for comparison, we introduce two 

algorithms:  

• Random movement and random phase shifts (RR): This algorithm 
has the UAV randomly select flying actions and phase shifts for each 
reflecting element in each time step.  

• Fixed movement and fixed phase shifts (FF): This algorithm involves 
the UAV moving from an initial coordinate of [0, 300, 50] to a final 
coordinate of [600, 0, 50]. 

The standard energy efficiency of UAVs obtained utilizing DQN, 
DDPG, FF, and RR in a solitary episode is portrayed in Fig. 7. For 
instance, the energy viability of UAVs accomplished by DDPG ascends 
over the long haul from 52 bps/J to 70 bps/J. Moreover, for fluctuated 
quantities of reflecting components, DDPG generally accomplishes bet
ter energy productivity when looked at than different calculations. DQN 
is somewhat more regrettable than DDPG, which is additionally better 
compared to FF and RR. 

Fig. 8 illustrates how training strategies impact the DDPG training 
algorithm when state normalization or behavior noise is not used. If the 
DDPG algorithm is trained without behavior noise, its convergence 
speed will be slower. Additionally, if the policy is trained without state 
normalization, meaning that no scale factor is introduced during state 
normalization, the algorithm will not function properly. 

Fig. 9(a) and 9(b) delineate the postponement and offloading pro
portion execution of similar groups of tests. Fig. 9(a) portrays the union 
presentation of the DQN conspire and the DDPG plot with shifting UE 
registering capacities. The proposed plan is not contrasted with the air 
conditioner plot because the air conditioner conspires as yet not con
current. We can see that while the registering capacity of the UE is un
obtrusive, i.e., fUE 14 0:4 GHz, the handling postpones improved by the 
two streamlining procedures is more than while the processing ability of 
the UE is huge, i.e., fUE 14 0:6 GHz. At the point when the UE’s 
computational ability is high, the normal offloading proportion in the 
framework is low, as displayed in Fig. 9(b), and the UE likes to execute 
the work locally. The lesser the figuring capacities of the UE, the slower 
the framework’s information handling speed, bringing about a greater, 
most extreme postponement between neighborhood execution and off
loading. Fig. 9(c) portrays an enhanced postpone correlation of the 
proposed system with the DQN conspire under different central pro
cessor recurrence conditions. Fig. 9c shows that the proposed DDPG 

system accomplishes decreased delay than the DQN strategy under 
various UE registering capacities. This is because the DDPG scheme can 
generate a high number of continuous actions, whereas DQN can only 
generate a small number of discrete actions. Thus, DDPG can discover an 
accurate component, the offloading ratio, that has a considerable impact 
on the delay in the continuous action control system. 

Fig. 8. Performance without state normalization or behavior noise.  

Fig. 9. (a) DQN and DDPG performance under varying UE computational ca
pabilities. (b) DQN and DDPG offloading ratios under varied UE computational 
capabilities. (c) A comparison of DQN and DDPG. 
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5. Conclusion 

In this paper, we have enhanced the durability of UAV-RISs by 
employing an energy harvesting technique for SWIPT, resource alloca
tion, and energy extraction from impinging RF signals. Additionally, we 
have developed the DQN and DDPG techniques to allocate UAV-RIS 
resources in both the temporal and spatial domains, aiming to maxi
mize the overall harvested energy while maintaining communication 
quality for each user. The simulation results demonstrate a significant 
performance improvement of the proposed UAV-RIS SWIPT system 
compared to the benchmark. In our future research endeavors, we plan 
to assess the performance of our algorithm in conjunction with other 
widely recognized RL algorithms, such as actor-critic with experience 
replay (ACER), actor-critic using Kronecker-factored trust region 
(ACKTR), proximal policy optimization 2 (PPO2), and trust region pol
icy optimization (TRPO). This exploration aims to comprehensively 
understand how our approach compares to and complements these 
established RL techniques. 
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