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Introduction: Energy efficiency is a critical challenge in Beyond-5G (B5G) cellular
networks, where ground base stations (GBSs) are responsible for a substantial
portion of network energy consumption. Reducing this consumption while
maintaining  minimum user data rate requirements remains a key
research problem.

Methods: This paper proposes an Aerial Base Station (ABS)-assisted energy
optimization framework that integrates ABS deployment with low-power sleep
states of GBSs. Traffic is selectively offloaded from lightly loaded GBSs to ABSs,
enabling energy savings without violating user quality-of-service constraints. A
Deep Deterministic Policy Gradient (DDPG) algorithm is employed to jointly
optimize ABS positioning, GBS sleep mode scheduling, and resource
allocation under dynamic traffic conditions.

Results: Simulation results demonstrate that the proposed DDPG-based
framework significantly reduces network energy consumption while improving
achievable user data rates compared to baseline schemes without ABS assistance
or learning-based optimization.

Discussion: The results highlight the effectiveness of integrating ABSs with GBS
low-power sleep states using reinforcement learning. By enforcing minimum
data rate constraints and dynamically adapting to traffic variations, the proposed
approach provides a scalable and energy-efficient solution for sustainable
operation.

deep-double Q-learning (DDQL), deterministic-policy gradient (DDPG), energy
efficiency, sleeping ground BS, ABS-assisted beyond-5G network

1 Introduction

The evolution of Beyond 5G (B5G) technology builds upon the worldwide deployment
of fifth-generation (5G) networks, aiming to meet growing connectivity demands through
more advanced standards and innovative communication solutions. B5G is expected to
deliver enhanced mobility, superior reliability, ultra-high data rates, intelligent network
management, and improved energy efficiency. With increasing dependency on high-speed
and ubiquitous communication, B5G networks are anticipated to progress toward greater
resilience and maturity. To enable this transition, key technologies such as Artificial
Intelligence (Al), Edge Computing, Reconfigurable Intelligent Surfaces (RIS), Terahertz
(THz) communication, Quantum Computing, and Unmanned Aerial Vehicles (UAVs)
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are being actively explored (Sufyan et al., 2023; Puspitasari et al.,
2023; Dogra et al., 2020; Alsharif et al., 2018).

The potential of UAVs in cellular and wireless networks has
gained substantial attention in recent literature. UAV-assisted
communication systems have shown promise in extending
network coverage beyond the limitations of terrestrial
infrastructure, enhancing link reliability, and offering flexible,
resilient, and sustainable connectivity in diverse deployment
scenarios (Gryech et al., 2024). A prominent outcome of this
integration is the development of Aerial Access Networks (AANs),
where UAVs are utilized to provide communication services
from the air. Unlike Terrestrial Access Networks (TANs),
AANs overcome geographic and infrastructural constraints,
offering wide-area coverage, improved communication quality,
and high mobility support—particularly in remote or hard-to-
reach environments where TANs may be infeasible (Behjati et al.,
2025). In such systems, UAVs often operate as Aerial Base
Stations (ABSs) or airborne relays, enabling direct access to
users and thereby improving service availability and network
adaptability.

Significant research efforts have been directed toward the
integration of UAVs into B5G networks, addressing challenges
such as trajectory optimization, user association mechanisms,
transmission power management, and the cooperative
deployment of UAVs with Intelligent Reflecting Surfaces (IRS)
for improved signal propagation (Banafaa et al, 2024; Qazzaz
et al., 2024; Shahzadi et al., 2021; Geraci et al., 2022; Gu and
Zhang, 2023; Sarkar and Gul, 2023; Jangsher et al., 2022). These
advancements improve performance, reliability, and energy
efficiency in future wireless communication systems (Amponis
et al., 2022).

A diverse set of techniques has been proposed to effectively
reduce energy consumption in drone networks (Abubakar et al,
2023). These approaches encompass resource management
(Masroor et al, 2021; Basharat et al, 2022), flight and
transmission scheduling (Wu et al., 2022), path planning (Azadur
et al., 2024), and optimal placement and trajectory design (Elnabty
etal,, 2022; Won et al,, 2023; Azarhava et al., 2024; Tung et al., 2022).

Beyond UAV-assisted solutions, a key energy challenge in B5G
networks is the high power consumption of Ground Base Stations
(GBSs). To mitigate this issue, researchers are actively developing
optimization strategies to improve GBS energy efficiency. One
widely adopted approach, applicable to both terrestrial networks
and ABS-assisted frameworks, is the GBS sleep strategy, which
dynamically deactivates underutilized GBSs with a small number
of associated users while ensuring that user data rate requirements
are satisfied.

GBS sleep strategies are designed to identify optimal
opportunities for base stations to enter sleep mode without
compromising network coverage or service quality (Lopez-Pérez
etal,, 2022). These strategies can be broadly classified into binary on/
off schemes and multi-level sleep modes, each offering distinct
mechanisms for reducing energy consumption while maintaining
network performance.

The binary scheme conserves energy by deactivating
underutilized GBSs; however, this approach may negatively
impact data transmission rates (Kim et al., 2015; Kooshki
et al, 2023). To optimize energy efficiency in ultra-dense
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FIGURE 1

A wireless network consisting of multiple Ground Base Stations
(GBSs) and Aerial Base Stations (ABSs), where the GBSs are equipped
with sleep mode capability to optimize energy efficiency.

networks, researchers in (Amine et al., 2022) and (Ju et al,
2022) proposed reinforcement learning (RL)-based cell
switching algorithms for managing small cells. Specifically, the
work in (Ju et al., 2022) introduces a Decision Selection Network
(DSN) to streamline the action space within a Deep Reinforcement
Learning (DRL) framework, demonstrating effective management
of active and sleep modes while maintaining essential data rate
requirements.

In contrast, multi-level sleep modes leverage mobile traffic
prediction to dynamically transition idle small cells into different
sleep states, further optimizing energy efficiency while ensuring
network performance (Kim et al., 2023).

An often-overlooked application of drones is their use as
Aerial Base Stations (ABSs) to facilitate GBS sleep strategies. In
Chowdary et al. (2021), the authors propose a resource allocation
algorithm that leverages active GBSs to serve users in areas where
some GBSs have entered sleep mode. While this approach
ensures user connectivity in sleeping areas, it introduces
challenges such as service instability for users in non-sleeping
areas and increased algorithmic complexity due to resource
reallocation after GBS deactivation. Moreover, this work does
not explore the potential of drones operating explicitly as ABSs to
enable GBS sleep modes.

Motivated by these limitations, we propose an ABS-assisted GBS
sleep strategy that selectively allows lightly loaded GBSs to enter sleep
mode during periods of reduced traffic demand. This approach
minimizes overall network energy consumption while ensuring that
each ABS satisfies the minimum data rate required to maintain
Quality of Service (QoS) during GBS downtime. Our analysis
demonstrates that effective ABS deployment not only enhances
overall network transmission rates but also significantly reduces
GBS power consumption.

To further amplify the energy-saving benefits, we introduce a
joint optimization framework that integrates GBS sleep scheduling,
resource allocation, and ABS position optimization to minimize
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network-wide energy consumption. The resulting decision-making
process forms a complex binary integer programming problem,
motivating the need for efficient learning-based optimization
techniques.

To address this challenge, we propose a hybrid Deep
Reinforcement Learning (DRL) framework that combines Deep
(DDPG) and Deep Double
Q-Learning (DDQL) algorithms. The rationale for this integration
is that the considered optimization includes both continuous

Deterministic  Policy ~ Gradient

variables (e.g., ABS horizontal positioning and transmit power
allocation) and discrete decisions (e.g., GBS sleep mode control
and association selection). DDPG is well-suited to continuous
control, whereas DDQL is effective in discrete action spaces and
reduces Q-value overestimation. By combining them, the proposed
framework can efficiently handle the mixed discrete-continuous
action space in a unified learning process.

Unless otherwise stated, users are assumed quasi-static during
each optimization interval, i.e., user locations remain fixed while
decisions on association, sleep scheduling, and resource allocation
are optimized.

The remainder of this paper is organized as follows: Section 2
introduces the system model, including the sleep model, terrestrial
and aerial channel models, and the power consumption model,
followed by the optimization problem formulation. Section 3
presents the theoretical preliminaries of the DRL algorithms and
details the proposed hybrid framework. Section 4 discusses the
simulation results and provides an in-depth analysis. Finally,
Section 5 concludes the paper with key findings.

2 System model

This section provides a structured overview of the key
components considered in this study, including the network
architecture, user/ABS location assumptions, channel models,
energy consumption model, and problem formulation.

As illustrated in Figure 1, this study focuses on an ABS-assisted
downlink wireless network. The analysis is conducted within a
Ly x L, km area, where K users are served by M strategically
positioned Ground Base Stations (GBSs). User distribution
follows a Poisson point process, modeling realistic spatial
randomness. In line with many related works and to focus on
network-level optimization, users are assumed static during each
optimization interval (i.e., user locations do not change during a
decision epoch).

Additionally, the network includes U Aerial Base Stations
(ABSs), each hovering at an altitude h,, where 1 <u <U. The x-y
coordinates of the ABSs will be optimized as part of the network
design to enhance coverage, ensure seamless connectivity, and
improve overall network performance.

The network
Multiplexing (OFDM) to serve users across L subcarriers, where
L> K. Each GBS m transmits a signal with power p,,; on the Ith
subcarrier, subject to the total power constraint (Equation 1):

employs Orthogonal Frequency Division

> Pt <P )
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where P,, represents the maximum transmit power of GBS m.
Similarly, the uth ABS transmits with power p,; on the Ith
subcarrier, constrained by (Equation 2):

L
Z pu,l < Pw (2)

where P, is the maximum transmit power of the ABS.

To model user association, we define a binary variable
By € 10,1} that indicates whether the kth user is associated
with GBS m on subcarrier I Specifically, B, ,, =1 implies that
Pmi >0, and the kth user is receiving a signal from GBS m. The set of
users served by GBS m is denoted as (Equation 3):

D, ={1,2,...,N,}, (3)
where the total number of users in the network satisfies

(Equation 4):

M
Y Nn=K. (4)

m=1

To represent the operational status of each GBS, we introduce a
binary sleep indicator «,,, defined as (Equation 5):

o 1, if GBS m is active, )
™7 |0, if GBS m is in sleep mode.
The uth UAV’s location is denoted by (Equation 6):
du = (X 1 Zu)s (6)

while each GBS is positioned at the center of its respective cell. The
distance between the uth UAV and the kth user at time slot 7 is given

dujc[n] = \ 23 + w,, [n] - will”, (7)

where w, [n] = [%,[n], 7,[n]] and wi = [xi, yx] denote the
of the wuth UAV and the kth wuser,
respectively. Furthermore, Z, represents the altitude of the UAV,

by (Equation 7)

horizontal locations

which, without loss of generality, is assumed to be constant
in this work.

2.1 Air-to-ground (A2G) channel model

The Line-of-Sight (LoS) channel model is commonly employed
in UAV-assisted networks to facilitate communication between
Aerial Base Stations (ABSs) and Cellular Users (CUs) (Kim et al.,
2015; Khawaja et al.,, 2019). The expected channel power gain
from the kth user to the UAV on the Ith subchannel can be
expressed as

Guwa[n] = [Pekn] + (1 - Pek ))& ho (dui[n]) ™, (8)

where hy = (4}‘—71)2 represents the channel power gain under LoS
conditions at a reference distance of 1 m, A denotes the carrier
wavelength, & is the path-loss exponent constrained within 2 < & < 6,
and £ > 1 is the additional attenuation factor due to Non-Line-of-
Sight (NLoS) propagation.
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Furthermore, the probability of establishing an LoS link,
Pffs [n], is modeled as (Equation 9):

1

1,k _
Prostnl = 1+a exp(—p'O.i[n]—a')

LoS

)

where o' and f' are environment-dependent parameters, and
(Equation 10)

0.x[n] = sin’1< dui“[n]) (10)

denotes the elevation angle between the uth UAV and the kth user at
time slot .

2.2 Ground-to-ground (G2Q)
channel model

For the terrestrial part of the network, which refers to the
channel between Ground Base Stations (GBSs) and users, we
adopt a fading channel model. The small-scale fading coefficient,
Hm)k,l ~ CN (0, 1), follows a complex Gaussian distribution, while
the large-scale fading coefficient, g,,,«, is modeled using the Hata-
COST231 model (Singh, 2012). The frequency domain downlink
channel gain G, x; between the mth GBS and the kth Cellular User
(CU) on the Ith subchannel consists of small-scale fading, path

loss and shadowing components. Pathloss is given by
(Equation 11):
—L-35log,,dm A > dy,
PLYy =4 —-L-15log,,dy—20log, dyi, do<dmp<di, (11)
—-L-15log,,d, —20log,,dy, i < do.

where d,, . is the distance between the kth user and the mth GBS.
The parameter L is obtained as (Equation 12):

L =46.3-339log,,f —13.8210g,,hges —(1.1log,, f —0.7) yser
— (1.56l0g,, f - 0.8), (12)

where hgps and hyser denote the heights of the GBSs and users,
respectively, and f represents the carrier frequency.
Adding shadowing to the pasthloss, we have (Equation 13):

Xk Oth
10

PL,,x = PL;) x 10 , (13)

X,k Oth
1070
KXok ~N(0,1) is a Gaussian random variable modeling the

where represents the shadowing fading. Here,

shadowing effect, and oy, is the standard deviation that
determines the scale of the shadowing effect.
Hence, the channel gain is expressed as (Equation 14):

Gkt = VPLg X Hpp. (14)

The Signal-to-Interference-plus-Noise Ratio (SINR) of the kth
user served by the mth GBS is given by (Equation 15):

2
Pmi| G|

2 2 "
siet: Mg Print| Grigea|” + O

= 15
Vil Y (15)

Similarly, for the kth user served by the uth ABS, the SINR is
(Equation 16):
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2
PuilGupl

2 2 "
it U, Pt Gapal” + 00y

= 16
Yuki Y (16)

The achievable data rate for user k is then expressed as
(Equation 17):

R =log, (1 + yq)k,l), q € {m,u}. (17)

If no user is served on a given subcarrier [, then the
corresponding transmit power is set to zero, i.e., qu=0. To
represent the operational state of each GBS, we introduce a
binary parameter ay,, € {0, 1}, which determines whether the mth
GBS is active or in sleep mode. If a GBS is forced into sleep mode, all
users associated with it will be disconnected and must connect to
neighboring GBSs. Consequently, the transmit power of a sleeping
GBS is forced to zero, i.e., a,,P,, = 0.

2.3 Power consumption model

The total power consumption in UAV-assisted networks
comprises two primary components: the power consumption of
the ground network and the power consumption of UAVs.

2.3.1 Power consumption of the ground network
The power consumption of the ground network includes the
following components:

1. Transmission Power: P’m)k,,, which represents the transmission
power of the mth GBS.

2. Circuit Power: P, the power consumed by the circuits and
other electronic components of the mth GBS, which is
considered constant.

3. Mode-dependent Power Consumption: The power consumed
by a GBS due to its active or sleep mode operation, including

power supply and air conditioning, given by (Equation 18):

pred = g, P+ (1 - a,,) PO, (18)

where P%" and P°// represent the power consumption of the GBS in
active mode and sleep mode, respectively.

1. Mode
transitioning the base station m between operational modes

Transition Power: The power associated with

is given by (Equation 19):

P::m — |‘xm _ a;revlpirrlan (19)

where ab,*” denotes the operational state (active or sleep) of the mth
GBS during the previous time slot, and P!/*" represents the energy
consumed for transitioning between modes.

2.3.2 Power consumption of UAVs
The power consumption of a UAV consists of three main
components (Equation 20):

P, = P 4 plov . pe (20)

frontiersin.org
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where P;™ is the power consumed by the UAV’s communication
systems, including the radio transmitter, receiver, antennas, and
other related components, expressed as (Equation 21):

L
P =% Py (1)

1=1
P is the power consumed by the UAV’s internal circuits and other
onboard electronic devices, and P’ represents the power
consumed when the UAV is hovering or stationary in the air.
According to Ghorbel et al. (2019), the hovering power is given
by (Equation 22):

Phov —

where m™ is the total mass of the UAV, g is the gravitational
acceleration, p is the air density, and p and n, are the radius and
number of propellers, respectively.

2.3.3 Total weighted power consumption

In UAV-based networks, the energy consumed by UAVs for
hovering and flying is typically much higher than the power required
for communication. To address this imbalance, a weighting factor w
is introduced to balance the trade-off between hovering/flying
power and communication-related power consumption (Zhu
et al,, 2021). This approach allows for an optimized allocation of
energy resources across the network.

The total weighted power consumption of the UAV-assisted
network is given by (Equation 23):

M M
P = w( Y Pl + Y (Pt + Pl 4 prte)

m=1 |=1 m=1

+i(P;om +P;te)> + (1 _w)ipﬁov.
u=1

u=1

(23)

In the simulations, the weighting factor is set to w = 0.5,
providing a balanced trade-off between GBS-related power
consumption and ABS hovering energy, consistent with
Fihrmann et al. (2022).

2.4 Energy efficiency

The Energy Efficiency (EE) criteria serve as a critical
framework for evaluating the effectiveness of resource
allocation within the network, particularly when GBSs are in
sleep mode. By computing the Energy Efficiency metric, we
ensure that the power consumption of GBSs does not
compromise users’ quality of service. The Energy Efficiency
(EE) criterion is defined as (Equation 24):

K
Nep = prot’

(24)
where 7% = Y& Ry represents the total achievable data rate of all

K users, and P denotes the total power consumption of
the network.
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2.5 Optimization problem formulation

The optimization problem for maximizing the energy efficiency
of the cellular network is formulated as (Equation 25):

max Nee (25)

(b { B b Bt b {oma b { s }{ (o) }

subject to the following constraints:

(C1) 0<p,;<PgT, O0<p,<PyT, VYmu,l (26a)
(C2) w,€{0,1}, Vm (26b)
M U
(C3) Z(“mﬁk,m,l) + Z B =1 VkI (26¢)
m=1 u=1
L
(C4) ) pui<anP,, Vm (26d)
=1
L
(C5) > pu<PI™, Vu (26€)
=1
(C6) 0<x,<L,, Yu (26f)
(C7) 0<y,<L,, Vu (26g)
(Cs) Rk 2 Rmin) vk (26h)

Constraint (C1) ensures that the transmission power per
subcarrier remains within the maximum allowable thresholds for
both GBSs and ABSs, as defined in (Equation 26a).

Constraint (C2) determines the operational status of each GBS,
where a,,, = 1 indicates that the GBS is active and a,, = 0 signifies
that it is switched to sleep mode, as given in (Equation 26b).

Constraint (C3) guarantees exclusive user association by
ensuring that each user is connected to exactly one serving
node—either a single GBS or a single ABS—on each subcarrier.
The inclusion of the activity indicator «,, prevents user association
with sleeping GBSs, thereby avoiding multiple or invalid
connections, as stated in (Equation 26c¢).

Constraint (C4) enforces that the total transmit power of each
GBS does not exceed its maximum permissible value, accounting for
both active and sleep states, as given in (Equation 26d). Constraint
(C5) ensures that ABSs operate within their defined power
limitations, as specified in (Equation 26e).

Constraints (C6) and (C7) confine ABSs within the designated
region of interest, ensuring that they remain within operational
limits, as enforced in (Equation 26f) and (Equation 26g),
respectively. Finally, Constraint (C8) guarantees that each user
achieves the minimum required data rate, thereby maintaining
the network’s quality of service (QoS), as defined in (Equation 26h).

The optimization problem formulated in (Equation 25) is a mixed-
integer non-convex problem involving both discrete and continuous
variables, rendering it intractable for conventional mathematical
optimization techniques. To address this complexity, a learning-
based approach is introduced in the following section.

3 DRL-based framework for optimizing
complex problems

This section presents the hybrid DDPG-DDQL framework
developed to address the energy efficiency optimization problem

frontiersin.org
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in ABS-assisted B5G networks incorporating a sleep strategy, as
formulated in (Equation 25).

3.1 Basics of deep reinforcement
learning (DRL)

Reinforcement Learning (RL) has significantly advanced
Artificial Intelligence (AI) by enabling agents to make decisions,
observe outcomes, and iteratively refine their strategies to determine
an optimal policy (Morocho-Cayamcela et al., 2019; Huang et al,,
2019). However, due to its reliance on extensive exploration,
traditional RL can be slow and computationally expensive,
limiting its applicability in large-scale networks.

Deep Reinforcement Learning (DRL) integrates Deep Neural
Networks (DNNs) into RL, significantly enhancing learning speed
and efficiency. In applications such as IoT and UAV-assisted
networks, devices often need to make independent decisions to
optimize network performance. These scenarios are frequently
modeled as Markov Decision Processes (MDPs), which are
formally defined as a quintuple (S, A, P,R,{):

o S represents a K-dimensional state space, with each state at
time ¢ denoted as s;.

o A defines the finite action space available to the agent.

o P: Sx AxS — [0,1] is the transition probability function,
specifying the likelihood of transitioning from state s to state s’
after taking action a, expressed as P (s,a, sh.

e R: S x A — R is the expected reward function, quantifying
the anticipated reward upon executing action a in state s.

« { € [0,1) is the discount factor that determines the importance
of future rewards.

Although traditional methods such as dynamic programming
MDPs,
large-scale and

and value iteration can solve they become

computationally impractical for complex
networks. DRL techniques, particularly Deep Q-Learning
(DQL), provide scalable solutions by approximating value

functions using deep neural networks.

3.2 Deep Q-learning (DQL) and its
limitations

Deep Q-Learning (DQL) is a fundamental DRL algorithm that
estimates Q-values for state-action pairs using neural networks
(Braga et al,, 2020). For an agent parameterized by 6 at time t,
the DQL update equation after taking action 4, in state s;, receiving
immediate reward 7., and transitioning to the next state s;,; is
(Equation 27):

Q s l6,) = (s.l6) | s+ g (s )
- Q(salf?)],

Here, v represents the learning rate. However, the Q-learning update

27)

consistently overestimates Q-values due to the use of bootstrapping,
where estimates are derived from other estimates. This bias is
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exacerbated by using the same Q-network for both action
selection and evaluation.

3.3 Double deep Q-learning (DDQL)

To mitigate the overestimation bias in DQL, the authors in
(Fahrmann et al., 2022; Shokrnezhad et al., 2024) introduced Double
Deep Q-Learning (DDQL), which decouples action selection and
evaluation employing two distinct Q networks:

o The primary Q-network: Q selects actions.
o The target network: Q' evaluates actions, using separate
parameters 6% and 69

The DDQL update equation is (Equation 28):

Q (s,aIGtQH) =Q (s,al@?) + V|:TH1+
{Q <st+1,argn}:}XQ' (stﬂ,a’le?')lﬂf)) -Q (sz,aIIO?)].
(28)

The target network Q' is periodically updated using Polyak
avenging (Equation 29):
, , o
62, = (1-167 + 16, (29)
where 7 € [0, 1] controls the update rate.

Although DDQL effectively reduces overestimation and
improves convergence in discrete action spaces (such as GBS
sleep mode decisions), it struggles with continuous action spaces,
such as power allocation and ABS positioning.

3.4 Deep deterministic policy
gradient (DDPG)

For continuous action spaces, Deep Deterministic Policy
Gradient (DDPG) algorithm (Yu et al,, 2021) is a more suitable
approach. DDPG is an actor-critic algorithm that efficiently handles
sequential decision making. It optimizes a policy function 7,
mapping states to actions, by maximizing the objective function
(Equation 30):

J(6) = E[Q(s,a)|S = s;,a = n(als,)]. (30)

Unlike DQL, where policies output a probability distribution
over discrete actions, DDPG directly maps states to actions through
a policy network 7 (als;). The policy network parameters ¢ are
updated using the gradient (Equation 31):

V]G[A (9) = qu(s» “)V# (S|0H)> (31)

where u(s|6") is the policy network (the actor), and V,Q(s,a)
represents the gradient derived from a Q-network (the critic).

In large-scale environments with numerous actions, the actor-
critic  framework
(Equation 32):

efficiently approximates Q-values using

maaXQ(S) a) = Q(S> aleQ)la:‘u(sw“)' (32)
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DbbaL a-N
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FIGURE 2
Hybrid DDPG-DDQL framework for optimizing ABS-
assisted networks.

Similarly to DDQL, DDPG enhances stability by using:

« Experience replay to train the critic network.
o Target networks for both actors and critics, updated using
Polyak averaging.

3.5 Hybrid DDPG-DDAQL for UAV-assisted
B5G networks

Given the nature of our optimization problem, which involves
both discrete decisions (e.g., GBS sleep mode and discrete
association choices) and continuous variables (e.g., power
allocation and ABS positioning), we propose a Hybrid
DDPG-DDQL framework. In this hybrid design, DDQL handles
the discrete decision component and mitigates overestimation bias,
while DDPG learns a deterministic continuous-control policy
through actor—critic training. This explicit separation helps
stabilize learning and reduces the overall search complexity

compared to using a single algorithm to handle a mixed action space.

3.6 Proposed hybrid DDPG-DDQL
framework with ABS-assisted sleep strategy

The objective of this research is to develop a DRL-based
framework that optimizes the sleep scheduling of GBSs, the
power allocation vector, and the ABS positioning vector, based
on a given Channel State Information (CSI) matrix, defined as
(Equation 33):

H: [Gl,Gz,...,Gk], (33)

where without loss of generality, a single UAV in the network has
been assumed and hence, the UAV index of the channel matrix
discarded. Furthermore, Gy = [Gg, ...Gkr]. To achieve this, we
propose a hybrid DRL system that integrates DDPG and DDQL to
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jointly learn optimal sleeping configurations and continuous control
actions in relation to the CSI matrix H (or any related network
metric). A schematic representation of the proposed hybrid
DDPG-DDQL architecture is illustrated in Figure 2.

For a given sleep configuration, the actor-critic DDPG
algorithm (Zhou et al, 2022) is used to optimize the power
allocation and ABS horizontal positioning. DDPG continuously
outputs the continuous control vector, denoted by p; k., and the
ABS location vector w = (x, y).

To determine the optimal sleep configuration, the DDQL
algorithm (Van Hasselt et al., 2016) is used, since the number of
possible sleep configurations is finite and each configuration index
is discrete.

3.7 Optimization problem formulation

As illustrated in Figure 2, both algorithms interact with a
simulated ABS-assisted network environment to address the
optimization problem formulated in Equation 24.

The network environment state is represented as (Equation 34):

S = (81,825 .+58K)» (34)

where each state s; is defined by the Signal-to-Interference-plus-
Noise Ratio (SINR) values of users, represented as (Equation 35):

Sk = (Yk» “Wl’ﬁm,k,l’ﬁk,u,l’Pm,l’P%Z)' (35)

3.8 Reward function and action space

The immediate reward function r plays a crucial role in
estimating optimal policies and Q-values. While energy efficiency
is the primary objective, the reward must also discourage QoS
violations. Therefore, we define the reward as the energy
efficiency when all users satisfy the minimum rate requirement,
and apply a penalty otherwise (Equation 36):

NeE (t)> lka (t) 2 Rmin) ka

K
Hep ()= A Z max (0, Rpin — R (t)), otherwise,
k=1

Ty =

(36)

where A >0 controls the penalty severity. This reward structure
encourages the agent to improve energy efficiency while
maintaining feasibility with respect to QoS constraints. (If the
original Equation 27 corresponds to the reward, Equation 36
replaces it and is referenced accordingly in the revised manuscript).

In this framework, as shown in Figure 2, the action space A
consists of an action pair (Equation 37):

a= (ab,ac) = (w, c). (37)
Here,
o The continuous action vector w, which includes power

allocation and ABS position, is generated using the
DDPG algorithm.
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TABLE 1 Simulation parameters.

Parameter Value

fe 2 GHz
BW 20 MHz
Tp 0.2
np 4
P 102 kg/s®
mror 750 gr
a 3
has, huser 15m, 1.65 m
do,d1, D 10 m, 50 m
o 9.53
B 0.41
prmex 5W
Number of GBSs 12
Number of users 20
¢ 0.99
v 5%107°
Polyak avaraging parameter 7 1073
R 2000
w 0.5
Bi&p, 0.9 & 0.999

12 i i i i
—8—Energy Minimization Criterion
—@-Energy Efficiency Criterion

- - ‘Rate Criterion

Number of BSs in Sleep Mode

I
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
R™"(Mbps)

FIGURE 3
The number of sleeping GBSs as a function of rate requirement
Rmm-

o tThe discrete action vector ¢, which includes the GBS
sleep configuration (and any discrete
selection if applicable), is produced by the
DDQL algorithm.

association
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Energy efficiency criterion as a function of the number of training
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FIGURE 5
Energy efficiency criterion as a function of rate requirement Rmin.

3.9 Computational complexity analysis

The computational complexity of the proposed method mainly
arises during the offline training stage due to iterative neural
network updates in both DDPG and DDQL. For a fully
connected network layer i, let m; and n; denote the input and
output dimensions, and let b be the batch size. The dominant cost
per training update is due to matrix multiplications, leading to
(Equation 38):

ZO(m,-n,-b). (38)

After training, the online inference stage requires only forward
passes through the trained networks. With b =1 (as in online RL
decision-making), the complexity becomes (Equation 39):

ZO(mini). (39)

In addition, the DDQL component evaluates a discrete action
among a finite set of sleep configurations; thus, the per-step selection
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overhead scales with the number of discrete actions (sleep
configurations) considered by the DDQL output layer. Overall,
the proposed approach is computationally intensive during
offline training but has low online computational overhead,
making it suitable for real-time operation once trained.

4 Results and discussions

In this section, we present the results of the proposed hybrid-
DRL algorithm to optimize energy efficiency in ABS-assisted cellular
networks. The simulation parameters are summarized in Table 1.

The actor and critic networks, along with their respective target
networks, are designed with two hidden layers comprising 256 and
128 neurons, respectively. In contrast, the DDQN architecture
includes two fully connected layers with 64 neurons each,
followed by ReLU activation functions, and terminates with a
linear output layer. To enhance convergence and ensure training
stability, the Adam optimizer is employed for the critic network,
using its default hyperparameters 3, and f3,, which control the
exponential moving averages of the gradients and their squared
values, respectively (Van Hasselt et al., 2016).

Figure 3 illustrates the relationship between the number of
sleeping GBSs and the rate requirement across three optimization
scenarios: (i) optimizing achievable rate without considering EE, (ii)
prioritizing EE while ignoring rate constraints, and (iii) jointly
optimizing EE under the minimum-rate constraint. The results
show that Ry, strongly limits the number of GBSs that can enter
sleep mode. In the first scenario, no GBS enters sleep mode due to
strict rate-driven operation. In the second scenario, more GBSs can
be deactivated, improving EE but violating user rate requirements.
The third scenario balances both objectives and is effective in the
range Ry, € [0.1,0.6] bps/Hz. When Ry, = 0.6 bps/Hz, up to seven
GBSs can be switched off, while at Ry, = 0.1 bps/Hz, only one GBS
is switched off. For Ry, > 0.6 bps/Hz, the method cannot place GBSs
into sleep mode without violating the QoS constraint.

It can be observed from Figure 3 that when the minimum rate
requirement exceeds Ry, = 0.6 bps/Hz, the number of GBSs
entering sleep mode drops to zero. This outcome highlights the
trade-off between stringent QoS constraints and achievable energy
savings. Under high QoS requirements, maintaining user data rates
necessitates keeping all GBSs active, which limits the applicability of
sleep strategies. Consequently, the proposed ABS-assisted framework
is most effective in low-to-medium QoS regimes, such as off-peak or
lightly loaded traffic conditions, where energy efficiency gains can be
achieved without compromising user performance.

As illustrated in Figure 4, the energy efficiency criterion is
expressed in terms of training episodes. To evaluate the role of
the ABS in the proposed system, three scenarios were considered:
one with the ABS at a higher altitude, another at a lower altitude, and
a scenario without an ABS. In this context, Ry, was set to 0.2 bps/
Hz based on the results in Figure 3. The results indicate that the
learning process improves energy efficiency over training as the
agent refines sleep scheduling, power allocation, and ABS
positioning decisions. Figure 5 presents the energy efficiency
criterion as a function of the minimum rate requirement. The
observations indicate that, with an average Rpyi, of 0.4, the
proposed methods employing low-altitude and high-altitude
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ABSs can improve the energy efficiency criterion by 30% and
25%, respectively, compared to the scenario without an ABS.

5 Conclusion

This paper presents an ABS-assisted energy optimization
framework for beyond-5G (B5G) cellular networks, utilizing
selective ground base station (GBS) sleep modes and traffic
offloading through aerial base stations (ABSs). To address the
dynamic and non-convex nature of the problem, a hybrid
reinforcement learning algorithm combining Deep Deterministic
Policy Gradient (DDPG) and Double Deep Q-Learning (DDQL) is
developed. This algorithm jointly optimizes ABS positioning, GBS
sleep scheduling, and resource allocation. Simulation results
demonstrate that the proposed framework significantly reduces
overall network energy consumption while maintaining
service quality.

These findings underscore the potential of hybrid deep
reinforcement learning techniques in enabling intelligent and
energy-efficient wireless communication systems. Future research
directions include incorporating renewable-powered ABSs,
multi-ABS

developing real-time adaptive mechanisms to further enhance

implementing  cooperative coordination, and

system scalability and performance.
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