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Abstract

High-Altitude Platforms (HAPs) are emerging as promising aerial infrastructures for extend-
ing wireless coverage, improving resilience, and enabling rapid deployment. Among them,
tethered HAPs (tHAPs) are particularly attractive due to their stable positioning and con-
tinuous power supply; however, their persistent energy demand remains a major concern.
Communication payloads, signal processing hardware, and backhaul links operate continu-
ously and consume significant power, increasing operational costs and raising sustainability
challenges. To address this, we develop a stochastic queueing model that embeds dynamic
sleep modes under an adaptive threshold policy to improve energy efficiency. The model also
incorporates predictive maintenance and a standby server mechanism to ensure seamless ser-
vice continuity and maintain quality of service (QoS) during failures and repair. The model
is governed by a bi-variate Markov process and analyzed using the supplementary variable
technique, through which the stability conditions and steady-state performance measures are
derived. In addition, cost optimization is carried out using three metaheuristic optimization
techniques, demonstrating that energy efficiency and operational reliability can be jointly
achieved. Numerical evaluations show that the proposed framework substantially reduces
power consumption and operational costs while maintaining robust performance, providing
an effective strategy for the sustainable deployment of tHAP-assisted networks.

Keywords Energy consumption - tHAP - Dynamic sleep - Quorum queues -
Cost optimization
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1 Introduction

As 6G visions take shape, non-terrestrial networks (NTNs) are increasingly recognized for
their role in extending coverage and enhancing resilience beyond terrestrial limits. NTNs
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extend terrestrial coverage using aerial and spaceborne platforms, enabling connectivity in
remote, underserved, and emergency scenarios. Among them, high-altitude platforms (HAPs)
have emerged as cost-effective, rapidly deployable solutions that provide wide-area coverage
and act as super macro base stations (SMBSs) that complement terrestrial networks in 6G.
Operating typically in the stratosphere at altitudes of 17-25 km, HAPs benefit from near-
stationary positioning above weather systems and air traffic. This enables connectivity over
large footprints with lower propagation delay than satellites. Within this family, tethered
HAPs (tHAPs) are gaining attention due to their stable positioning, continuous ground-based
power supply, and secure backhaul, enabling virtually unlimited flight endurance. This unique
vantage point enables them to deliver large coverage footprints with a reduced propagation
delay compared to satellites.

Unlike free-flying HAPs, tHAPs are physically connected to a ground station via a tether
that carries both power and data links, ensuring sustained operation without dependence on
onboard fuel or solar limitations. This makes them highly suitable for dense urban Internet of
Things (IoT) deployments, smart city applications, disaster recovery, and emergency com-
munication restoration. Furthermore, tHAPs can act as localized hubs for 6G edge services,
seamlessly integrating with terrestrial base stations while providing flexible and resilient
NTN connectivity at a fraction of satellite deployment costs. An architecture diagram of
tHAP is shown in Fig. 1.

In the broader NTN context, space air ground integrated networks (SAGIN’s) are emerging
as a key 6G architecture where satellites, aerial platforms, and terrestrial systems cooperate
to provide seamless global coverage. HAPs serve as the air segment, bridging terrestrial
base stations and low-Earth orbit (LEO) satellites. While LEO constellations offer global
reach, they face intermittent connectivity, which can be complemented by HAPs through

tHAP

Tethered link

Continuous energy
supply

38 ()
’ ~\~Groundstation -~ L

7/ N ‘—’ ’
: !
Earth z =T - o
-
CE-- ‘' q
7
~ d
~\~(‘|')) ___ﬁ,’ HHE

— Direct data link
tHAP coveragearea =~ = = ===Z0 0——--- Indirect data link

Fig.1 Architecture diagram of tHAP

@ Springer



Methodology and Computing in Applied Probability (2026) 28:103 Page3of44 103

quasi-stationary, lower-latency service. When deployed as SMBSs, HAPs can also aggregate
IoT traffic, improve uplink reliability, and enhance resilience in high-demand or emergency
scenarios.

Despite these advantages, the energy demand of tHAPs remains a critical concern. Com-
munication payloads, high-frequency radios, and backhaul systems consume substantial
power, driving up operational costs and raising sustainability challenges. This creates a strong
need for stochastic models that jointly address energy efficiency, service reliability, and cost
optimization. Motivated by these challenges, we develop a stochastic queueing framework
for tHAPs that integrates dynamic sleep strategies, predictive maintenance, standby mech-
anisms, stability analysis, and cost optimization, offering a comprehensive foundation for
sustainable and resilient NTN deployment.

Early energy-saving approaches for tHAPs often relied on static operational states or
binary ON/OFF schemes, which are insufficient for handling the highly dynamic and bursty
nature of traffic in non-terrestrial networks. To overcome these limitations, dynamic sleep
mechanisms have emerged as a practical solution for reducing the energy consumption of
tHAPs. Unlike rigid strategies, dynamic sleep policies allow the communication payload
of a tHAP to transition gradually into light, moderate, or deep sleep modes, each offering
different trade-offs between energy savings and reactivation delay.

These tiered sleep modes enable fine-grained energy management for tHAPs:

e Light sleep powers down high-consumption transceiver modules, enabling rapid wake-
up within milliseconds, making it suitable for short idle intervals or temporary dips in
IoT traffic.

e Moderate sleep further deactivates digital signal processing and control units, achieving
deeper energy savings with slightly longer reactivation times, ideal for extended low-load
periods.

e Deep sleep retains only minimal control logic while shutting down most subsystems,
reducing energy use significantly. Although wake-up may take seconds, it is effective for
prolonged quiet intervals, such as overnight in rural deployments.

Transitions between these states are governed by adaptive threshold policies. If demand
falls below predefined thresholds for a given duration, the system progresses into deeper
sleep states. This prevents frequent oscillations between active and idle states, thus ensuring
both energy efficiency and operational stability in long-term deployments.

Beyond the server-side power management, the access behaviour of user equipment must
also be considered. A key component of this behaviour is the retrial mechanism triggered
when immediate service is unavailable. This behaviour naturally arises in tHAP-assisted
wireless communication systems due to the way users handles unsuccessful access attempts.
When an uplink attempt cannot be served—because the tHAP is in a sleep state, the random-
access channel is congested, or the scheduler is fully occupied, then the user does not drop
the request. Instead, the user performs a backoff procedure and reattempts access, similar
to the contention-based procedures used in cellular networks. This behaviour is frequently
observed in real deployments involving large numbers of IoT and massive Machine-Type
Communications (mMTC) devices. For instance, devices such as smart meters, agricultural
sensors, UAVs, or remote monitoring units periodically send short packets; if the tHAP is
momentarily unavailable or operating in a reduced-power mode, these devices simply retry
after a short waiting time. Such retransmission-based reattempt behaviour is well documented
in grant-free massive random access systems for IoT communications (Bian et al. 2023).
Therefore, incorporating a retrial mechanism accurately reflects the practical operation of
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massive [oT systems supported by tHAPs, where access delays, sleep mode transitions, and
temporary congestion naturally trigger reattempts.

Further, connection requests are not always processed individually in tHAP-assisted wire-
less systems. Modern communication payloads operate using time—frequency resource blocks
or subframes, which are the smallest schedulable units at the physical layer. Before initiating
a transmission, the scheduler aggregates a group of pending requests to efficiently populate
a resource block, thereby reducing signaling overhead, minimizing repeated wake-up acti-
vations, and improving spectral utilization. For tHAPs, activating high-power transceivers
and baseband chains for very small workloads is energy-inefficient, especially under the
multi-level sleep architecture shown in Fig. 2. This behaviour naturally corresponds to a
batch-service mechanism, where service begins only after a minimum number of requests
are available. Such quorum-based service is particularly relevant in practical IoT deploy-
ments, where thousands of devices—such as environmental sensors, utility meters, drones, and
surveillance systems—transmit short packets in periodic or synchronized bursts. For exam-
ple, smart-city air-quality sensors upload readings every few minutes, while utility meters
often generate simultaneous bursts during billing intervals. In these scenarios, requests tend
to accumulate in groups, making batch scheduling both energy-efficient and operationally
realistic. Therefore, employing a fixed batch size r in our model captures

e the physical-layer grouping of requests into resource blocks,

o the energy cost associated with activating high-power transceivers for very small loads,
and

e the naturally bursty and correlated behaviour of IoT traffic supported by tHAPs.

Such scheduler-driven aggregation and clustered access behavior in IoT and mMTC sys-
tems have been widely reported in recent studies on SG/6G resource allocation and random
access mechanisms (Firouzi and Rahmani 2024; Daraseliya et al. 2025).

Additionally, ensuring long-term reliability is equally important for tHAP operations.
Predictive maintenance (PM) can be employed to proactively detect and mitigate potential
faults in the payload or tethered systems before they escalate into service outages. This is
particularly important in real tHAP deployments, where the communication payload, power
converters, cooling units, stabilization mechanisms, and the tether itself operate continuously
and are subject to thermal stress, mechanical load, and environmental variations. Regular
monitoring and proactive servicing help identify early signs of deterioration and prevent
unexpected failures during long-duration missions. Despite its practical importance, PM has
not been explicitly modeled in existing analytical studies of HAP or tHAP systems, making
its integration into our framework a notable contribution.

A standby server mechanism ensures continuity by activating only during failures, mini-
mizing downtime without significant energy overhead. By integrating these features, tHAPs
can achieve a more balanced trade-off between energy efficiency, service reliability, and
scalability, making them a practical and sustainable component of future SAGINS.

1.1 Motivation

Energy efficiency in wireless networks has been extensively studied for terrestrial base sta-
tions. Earlier works (Aggarwal et al. 2025; Deepa and Haridass 2023; Deepa et al. 2023;
Kalita and Selvamuthu 2023) have applied stochastic and queueing models with different
traffic assumptions and buffer constraints. However, these studies confirmed the potential of
energy-saving strategies, they remained focused on terrestrial infrastructures.
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More recently, tHAPs have attracted attention as super macro base stations with continuous
ground-based power. A few studies (Jain et al. 2022; Priya et al. 2025) (preprint) have
investigated the energy consumption of tHAPs using queueing models and stochastic analysis,
highlighting their potential role as energy-efficient enablers in future non-terrestrial networks.

These studies provide valuable foundations; however, most of them remain narrow
in scope, focusing primarily on evaluating energy usage under specific conditions or
assumptions. They typically emphasize performance measures without addressing broader
operational challenges such as system reliability, adaptability to varying traffic dynamics, or
integration of optimization objectives.

Our work goes beyond these limitations by developing a stochastic queueing framework
for tHAPs that captures traffic fluctuations through retrials and batch arrivals. The model also
incorporates reliability aspects such as predictive maintenance and standby mechanisms to
ensure QoS. We embed dynamic multi-level sleep modes under an adaptive threshold policy
and derive analytical stability conditions. Furthermore, cost optimization is performed using
three distinct techniques, providing a comprehensive foundation for the design of sustainable
and resilient tHAP-assisted networks.

1.2 Novelty

Unlike existing tHAP studies that mainly focus on average energy consumption, our work
develops a unified stochastic queueing framework. The unique novelty of this study lies in
embedding a three-level adaptive sleep strategy within a queueing model that incorporates
reliability mechanisms, cost optimization, retrials, and batch traffic. In addition, the incorpo-
ration of PM as an internal reliability mechanism further distinguishes our model, enabling
proactive fault handling rarely addressed in prior tHAP literature. This combination yields
both analytical stability conditions and practical guidelines for designing sustainable and
resilient tHAP networks.

1.3 Research Contribution

The major contributions of this work are summarized below:

e Energy-Efficient tHAP Framework: We develop a stochastic modeling framework for
tHAPs that explicitly incorporates energy consumption with multi-level dynamic sleep
control. This approach allows the communication payload to operate adaptively under
varying traffic intensities, thereby improving sustainability.

e Traffic Dynamics with Retrials and Batch Arrivals: The model captures realistic traffic
patterns by considering batch arrivals of requests and retrial phenomena when immediate
service is unavailable, ensuring a closer alignment with practical network behavior.

e Reliability Aware Mechanisms: We integrate predictive maintenance and a standby
server strategy into the tHAP system, ensuring service continuity during failures and
significantly improving service availability.

e Analytical Performance Evaluation: The stability and steady-state probability vectors
are derived using supplementary variable technique, enabling the computation of key
performance measures of the proposed system.

e Cost Optimization: A cost model is formulated, and optimization is carried out using
three metaheuristic algorithms. The analysis demonstrates that the proposed tHAP
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framework achieves substantial reductions in operational costs compared to existing
approaches.

e Practical Relevance: The proposed model is highly applicable to real-world scenarios
such as emergency communication, rural connectivity, and dense IoT deployments, where
energy-efficient yet reliable tethered platform operation is critical.

1.4 Literature Survey

Energy efficient operation of HAPs has gained significant attention in recent years. For
instance, Abbasi et al. (2024) provided a comprehensive discussion on the importance of
HAPS in future 6G architectures, underscoring key challenges and motivating further research
on their efficient operation, while Xu et al. (2023) highlighted the role of NTNs and integrated
space air ground sea systems in enabling energy-aware connectivity. Farooqi et al. (2025)
evaluated HAPs as a sustainable, solar-powered alternative to terrestrial SG base stations.
They showed that one HAP can replace about 25 ground stations, offering major energy
savings and improved environmental sustainability. Recently, Amponis et al. (2025) proposed
a Composite Cost Metric (CCM) that enhances energy-efficient routing in integrated UAV-
LEO satellite networks for 6G NTNs.

Liu et al. (2025) introduced a Lyapunov-DRL based strategy that significantly improves
energy-efficient computation offloading and resource allocation in AAV/HAP-assisted AloT
systems while maintaining queue stability. More recently, Jain and Gautam (2025) analyzed
energy management reliability in solar-powered HAPs using a three-level continuous-time
Markov chains (CTMCs) and reliability block diagrams (RBD) framework, offering an
accurate evaluation of the battery and solar-cell subsystems through k-out-of-n models
and machine-learning-based prediction. For tethered HAPs specifically, Jain et al. (2022)
developed a retrial queueing framework (M A P/ P H131/1) to study power management, and
Vishnevsky et al. (2020) analyzed the reliability of tethered telecommunication modules.
Reliability and availability aspects were also examined using semi-Markov modeling by
Mittal et al. (2024).

In parallel, Raj and Dharmaraja (2023) studied multi-layer HAP-LEO systems for energy
savings, and Raj (2024) extended this with Markov regenerative processes to enhance effi-
ciency. Priya et al. (2025)(preprint) explored stochastic modeling of tethered HAP-based
smart macro base stations, emphasizing energy efficiency in dense deployments. More
recently, Song et al. (2024) positioned HAPs as new energy efficiency enablers in the 6G era.

The literature on queueing theory has evolved over decades, with retrial queues gaining
notable attention for their relevance in modeling systems with repeated customer attempts.
Furthermore, extensive research on retrial queues under varied system dynamics has been
carried out. In particular, batch arrival retrial queues have gained popularity, with recent
studies by Samanta and Rashmi (2025) and Ayyappan and Nithya (2025), who introduced
constant retrial policies and non-Markovian features.

The foundational text by Chaudhry and Templeton (1983) introduced the basics of bulk
queues, setting the stage for quorum-based models, where service occurs in batches of fixed
size r < 1. Tadj et al. (2006, 2012) have contributed significantly to this area, analyzing
quorum queues under various realistic conditions. More recently, Kashifalghitaa and Al-
Obaidi (2023) investigated different arrival scenarios in quorum queues under N-policy,
highlighting the continued interest and development in this specialized queueing framework.

Recent studies on retrial queueing systems have explored the use of standby servers and PM
to improve reliability and efficiency. Liu et al. (2024) and Toth et al. (2023) examined models
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with backup or parallel servers, addressing failures and customer impatience. Meanwhile,
Rathinasamy et al. (2023) and Sapna et al. (2024) focused on PM in failure-prone systems,
highlighting their impact on system performance, availability, and optimal control strategies.

Table 1 provides a comprehensive comparison of existing studies on energy efficiency in
base stations (BS) and HAP, emphasizing the superior performance and novel contributions
of the proposed work.

The structure of the paper unfolds as follows: Section 2 outlines the proposed tHAP
model in detail. Section 3 presents the system’s stability conditions, steady-state behavior,
and the governing equations. Key performance metrics are analyzed in Section 4. Section 5
provides statistical insights into the interaction between various system components. Section 6
evaluates the model’s energy efficiency. Section 7 focuses on cost optimization using three
distinct metaheuristic techniques. Finally, Section 8 summarizes the conclusions and offers
directions for future research.

2 Model Formulation

This section proposes a stochastic framework that describes the dynamic behaviour of a
tHAP operating under adaptive energy control mechanisms. This framework facilitates an
in-depth analysis of system performance and energy efficiency by highlighting the interaction
between adaptive power-saving responses and fluctuations in user demand. Figure 2 illustrates
the proposed model.

Arrival Process With an arrival rate of «, requests stream in batches following a Poisson
process. Let A, represent the number of requests associated with the k”* batch arrival, with
the assumption that Ay, (k = 1,2, 3, ...) follows a standard distribution. The PGF of A is
denoted by A(z) where Pr[ Ay =n]l=X,,n=1,2,3,....

Retrial Process Incoming requests encountering a busy, sleeping, failed, or maintenance-
state tHAP are blocked and placed in an orbit, a group of pending requests. However, when a
retrial request finds the server available, service begins immediately. The orbit’s requests act
independently of one another and are tenacious as they keep trying again until they receive
service. Further, we assume that the retry times of the requests are randomly distributed and
equally divided throughout the orbit with a random distribution S(x) with a corresponding
Laplace Stieltjes Transform (LST) S*(s).

Service Process The service mechanism operates in fixed-size batches, where the server
processes exactly R connection requests simultaneously during each service cycle. If fewer
than R requests are available, the server remains idle until the batch size requirement is met.
This setup reflects scenarios where group processing improves throughput and resource uti-
lization. First Come, First Served (FCFS) processing prevails for each incoming request. The
service time Q is assumed to have a general distribution function Q(x) and a corresponding
LST O*(s).

Vacation Process Following the completion of a service, if there is no immediate request
to serve or the system shifts to a low-power mode, the tHAP enters a light sleep state (SM1)
with probability . Upon completion of SM1, the tHAP checks the number of pending
requests; if at least N are present, the tHAP resumes service with probability (1 — @»),
otherwise it enters a moderate sleep state (SM2) with probability @, . After SM2, the request
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Fig.2 A visual representation of the proposed model

count is checked again. If still less than N, the tHAP transitions into deep sleep (SM3) with
probability w3; otherwise, it returns to active mode with probability 1 — 3. This multi-level
sleep mechanism enables adaptive energy saving based on traffic conditions while maintain-
ing service responsiveness. Further, SM1, SM2, and SM3 are characterized by increasing
sleep durations S7, S2 and S3 respectively. The sleep durations S; (i=1,2,3) for each mode
SM; are modelled as random variables with cumulative distribution functions £; (x) and a
corresponding LST L7 (s).

Maintenance Process The server transitions into an idle state to perform PM at a rate 1, even
when n customers are present in the orbit. The maintenance duration follows a distribution
M(x) and a corresponding LST M™*(s). This rule reflects proactive servicing based on
operational time rather than system emptiness, aiming to reduce unexpected failures and
improve system reliability.

Breakdown Process Despite operating normally, the tHAP remains susceptible to failures,
resulting in short-term outages. These breakdowns, regarded as catastrophic events, are trig-
gered by exogenous Poisson processes with rate 6.

Repair Process When a tHAP fails, it is immediately dispatched for repair. The repair
time is modeled as a general distribution R(y) with LST R*(s). During repair, the tHAP
is unavailable for processing new connection requests. Interrupted requests resume their
remaining service once the tHAP and associated service channel are operational again.

Stand-by server To maintain service continuity, a standby server is activated whenever the
primary tHAP is under repair. The standby server immediately takes over pending requests,
providing uninterrupted processing. The service times of the standby server are assumed to
follow an exponential distribution with rate § > 0.
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Every stochastic process in the system is assumed to be independent of the others, which
is a standard approach used to maintain analytical tractability. Although tHAP operations
may exhibit correlations among sleep transitions, retrials, repairs, and maintenance events,
capturing such interactions would require a far more involved joint-process formulation.
Such independence assumptions are standard in queueing and reliability models, and despite
minor correlations that may occur in practice, they offer a reasonable and widely accepted
approximation of overall system behaviour.

3 Analysis of Steady-State Probabilities

The analytical framework in this section is based on classical stochastic process and queueing
theory, where system evolution is modeled using continuous-time Markov processes and
steady-state conditions are derived using standard analytical techniques. Such approaches
are well established in the literature and have been discussed extensively in recent works
by Selvamuthu (2025), which provide a rigorous theoretical foundation for the analysis of
retrial and batch-service queueing systems.

An M'X1/GIR1/1 retrial queue with dynamic sleep modes is used to model the client
request retrial process in the proposed tHAP system. Here, W(¢) denotes the tHAP’s state,
which corresponds to (0, 1,2, 3,4, 5, 6), such as idle, busy, in one of the sleep modes,
undergoing maintenance, or undergoing repair. Thus, we have

, when the tHAP is momentarily inactive at,

when the tHAP is operational at,

when the tHAP resides in its light sleep state (SM1) at timet,
when the tHAP resides in its moderate sleep state (SM2) att,
when the tHAP resides in its deep sleep state (SM3) atr,
when the tHAP resides in its maintenance state at timet,

, when the tHAP resides under repair atz.

V() =

NN W = O

The state of the system at given time ¢ is further shown to be defined by the bi-variate
Markov process {(W(¢), E(t)); t > 0 }. E(¢) tracks the number of requests in the orbit
at that moment. To retain the Markov property under generally distributed retrial, service,
sleep, maintenance, and repair times, supplementary variables are introduced. The variables

Table 2 Notations used for sojourn time distribution in the model

Description Retrial Service Sleep (i=1,2,3) Maintenance Repair

Cumulative distribution S(x) Q(x) L;(x) M(x) R(y)
function

Probability density s(x) q(x) i (x) m(x) r(y)
function

Laplace-Stieltjes S*(x) Q*(x) Vi* (x) M*(x) R*(y)
transform

Elapsed time S0 Q%) £ MO RO(r)
distribution
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$0), 0%, L?(t) G = 1,2,3), M%), and RO(¢) represent the corresponding elapsed
(age) times. Further, the distributional functions, their corresponding Laplace-Stieltjes trans-
forms, elapsed-time distributions, and model parameters used throughout the analysis are
summarized in Tables 2 and 3 respectively.

Theorem 1 Ergodicity of the embedded Markov chain {W,;n € N} holds true when
p < R, where p = S*(k + 1) + kE(X)o + [S*(k + 1) + ko |N — no [k E(X)E(P) —
R]and ¥ = —k E(X)w|[E(L) 4+ @2[E(Ly) + @3E(L3)]]Q*(0) — k E(X)E(Q) — 0 E(Q).

Proof The proof strategy mirrors that of Theorem 1 as provided by Kumar and Madheswari
(2003). O

Assume that {t,;n = 1,2, ...} is the collection of epochs at which an active, sleep,
maintenance or repair period ends. Thus, an embedded Markov chain is formulated for the
proposed system using a sequence of random vectors W,, = {(¥(¢,+), E(#,+))}. Hence,
the stability of the proposed system follows whenever p < R.

In the steady state, it is assumed that S(0) = 0, S(c0) = 1, Q(0) = 0, Q(oc0) = 1,
Li(0) =0, Li(co) =1, (i =1,2,3), M) =0, M(co) = 1 are continuous at x = 0
and R(0) = 0 and R(oco) = 1 are continuous at y = 0. Accordingly, the functions w(x),
B(x), vi(x), ¢ = 1,2,3), &(x) and u(y) are used to define the conditional completion
rates (hazard rates), for the retrial, active sleep modes, maintenance, and repair operations
respectively.

dS(x) dQ(x)

a)(x)dx = 1_75‘()(:), ﬂ(x)dx = 1—79()()7

Table 3 Model parameters and

Symbol Descripti
their descriptions ymbo escription

K Arrival rate of requests

Required batch size to initiate service

w Probability of entering SM1 (light sleep) after service
completion
) Probability of entering SM2 if requests < N after SM1
w3 Probability of entering SM3 if requests < N after SM2
N Wake-up threshold
n Predictive maintenance rate
6 Breakdown rate of the server
) Standby server rate
P;(1) Probability that the tHAP remains idle at time ¢
Pa(t) Probability that the tHAP is active at time ¢
Pg 1(2) Probability that the tHAP is under light sleep
at time ¢
Pg o (1) Probability that the tHAP is under moderate sleep
at time 7
Pg 3(1) Probability that the tHAP is under deep sleep at time #
Py (1) Probability that the tHAP remains under maintenance at
time ¢
Pp(1) Probability that the tHAP is under repair at time 7
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_ dﬁl(x) . _ dﬂz(x) . _ d£3(x) .
vi(x)dx = T L v (x)dx = T oo L) v3(x)dx = T o e
_ dM@) | _ AR
E)dy = e mdy = 1

Accordingly, the probabilities P;(t) = P{W¥(r) = 1, E(¢t) = 0}; and the corresponding
probability densities are defined as follows,

Pry(x,t)dx =P{E(t) =0,V (1) =n,x < So(t) <x+dx},fort,x >0, n> 1.
Ppn(x,t)dx =P{E(t) =1,V () =n,x < Qo(t) <x+dx},fort,x >0, n>0.
Psin(x,t)dx =P{E() =2(3,4),V(#) =n,x < E?(t) < x +dx}, fort,x >0,
i=1,2,3), n>0.
Pyn(x,t)dx =P{E(@) =3, V() =n,x < Mo(t) < x+dx}, fort,x >0, n>0.
Ppa(x,y, dx =P{O@1) =4, E(1) =n,y <RO(1) <y +dy/Q°(1) = x},
forr >0, (x,y) > 0,n>0.

Assuming that the system satisfies the stability condition, the limiting probabilities for
x >0,n>0,and (i = 1, 2, 3) are given by,

Pr =1lim; o Pr(t); PR,n(x) = limz%ooPR,n(xs 1);
PA,n(x) = limt%ooPA,n(/ﬁ 1); PS,i(x) =lim; ool (x, 1);

Pyn(x) =limi 00 Py n(x,t); and Pg ,(x,y) =lim; 00 Pp n(x,y,1).

The following equations, which describe the system’s dynamic behavior, are derived using
the supplementary variable method.

o0 o0 oo
K Py =/0 Ps,l,o(X)vl,o(X)dX+/0 Ps,z,o(X)Uz,o(X)der/O Ps3,00)v30(x)dx. (1)
dP,
Ifi; e+ (X)) PR p(x) =0; n > 1. (@)
dPs, u
%@) + (460 + B Pa () =K ) Xk Papk(x); n= N. (&)
x k=1
dPs 1, -
S;i%l(") + (kv () Ps, 1 () =k Y 1 Ps, ok (X); m < N — 1. 4
* k=1
dp -
%1(” + (k + v2(0))Ps 20 (¥) =k Y xpPs ok (x); n <N — 1. ©)
k=1
dpP u
5200 4 iy Ps 3.0 = Y i Ps sk n <N 1. ©)
k=1
dP u
”27*”()‘) + (ke + E@) Py (1) =% Y ag Pag i (6); n = 0. @)
* k=1
dPg p(x, u
% + 48+ 1) Ppa(x.Y) =K Y Ppa—i(x, )i n >0, ®)
k=1
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The steady state boundary conditions at x = 0, y = 0 are as follows:
o0 o0 o0
PR.A(0) = o /0 PAnB)dx + fo Ps.1 w001 (W)dx + 7 /0 Ps 2 w02 (x)dx
o0 o0 o0
+ /0 Ps 3 w03 (¥)dx + /0 Pat (06 () + /0 Pon (e, u(dy; n> 1. (9)
o0
Py 1(0) = / P 1(®)w(x)dx +kx1Pr; n=0. (10)
0

00 n [’}
Pan(0) = /0 PR+ RV (x)dx + kxpy R P1 + & ZXk/O PRu—k+Rr(x)dx; n = N.
k=1

sop ; N -1
P = {1 S (11)
o0
Pg2.,(0) = W2/ Ps.1n(x)vi(x)dx; n <N — 1. (12)
0
o0
Ps3.,(0) = w'3f Psop(X)va(x)dx; n < N — 1. (13)
0
Pp.0(0) =nPgo(x); n=0. (14)
o0
Pt = [ Pratdr 0z 1 (15)
0
o0
Pont 0 =0 [~ Py nzo. (16)
0

The normalizing condition is as follows,

o0

x 00 00 00 00
Pty / Pra(x)dx+) [ / Py n(x)dx + / Ps 1 p(x)dx + / P55 5 (x)dx
=1 0 =0 0 0 0

o0 o0 o0 o0
—I—/ Ps3.,(x)dx —l—/ Py p(x)dx —l—/ / Ppn(x, y)dydx] = 1.
0 0 0 0

3.1 The Steady State Solution

The generating function technique is employed to obtain the steady state solution of the
proposed model. The generating functions for | z | < 1 are defined as follows to solve the
above equations.

oo o0 o0
w(z) =) X, Pr(x,2) =Y Pra(0)Z"; Pr(0,2) =Y Pp,(0)z";
n=1

n=1 n=1

o0 o
Pa(x.2) =Y Pan(®)": Pa0.2) =Y Pan(0)2";
n=0 n=0

o0 o0
Psi(x,2) =) Psin(x)z" Psi(0.2) =) Psin(0)z", (i =1,2,3);
n=0 n=0

oo o
Py(x.2) =Y Pyn()": Pu(0.2) =Y Py a(0)2";
n=0 n=0
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e.¢] oo
Pp(x,y,2) = Y Ppa(x,)7"; Ps(x,0,2) =Y Pga(x,0)".
n=0 n=0

Multiplying the boundary conditions and the steady-state Egs. 2 to 16 by z” and summing
over n where (n =0, 1,2, ...), yields,

8%Pze(x,z)Jr(K(l —u(2)) +n+wx))Prlx,z) =0. amn
%PA(x,z)Jr[fc(l —u(z)) +60 + B()]Pa(x,2) =0. (18)
%Ps,i(x,z) + k(1 = u(2) + vi(0)]Ps,i(x,2) =0; (1 =1,2,3). (19
%PM(x,z)-i—[K(l —u(z)) + )Py (x,2) =0. (20)

%Pg(x, y,2) + el —u(z) +8(1 - %) + n()]Pp(x, z) = 0. @

PR(0,2) =W1/0 PA(X)ﬁ(X)dX-HUz/O PS,l(x)Ul(x)dx‘f‘wS/(; Pg 2(x)va(x)dx

+ /0 Ps 3(x)u3(0)dx + fo Py (OE()dx + fo Py (x. y)u(y)dy

—(k+n)P;. (22)
1 [ K o0 K Py
P4(0,2) = —R/ Pr(x, 2w (x)dx + —RX(Z)/ Pr(x,z)dx + X(z)—R.
Z 0 Z 0 Z
o
Ps.1(0.2) = /0 Pa(x, DB()dx. (23)
o0
Pgo = w2/0 Ps 1(x, z)v1 (x)dx. (24)
o0
Ps3(0,2) =HT3/O Pg 5 (x, D)vp(x)dx. (25)
o0
Py (0,2) = n[/o PR(x,z)dx + Py]. (26)
o0
Pp(x,0,2) :9/ Py (x, 2)dx. 27)
0

Solving the partial differential Eqs. 17 to 21, we get,

Pr(x,2) = PR(0,2)[1 — S(x)]e~*+Mx, (28)
Pa(x,2) = PA(0, 2)[1 — Q(x)]e” A (29)
Psi(x,2) = Psi(0,2)[1 — Li(x)]e” €OV (i =1,2,3). (30)
Py (x,2) = Py (0, 2)[1 — M(x)]e” €@ (31)
Pg(x,y,2) = Pp(x,0,2)[1 — R(z)]e” B, (32)

where, C(z) = k(1 —u(2)); ARR) =C() +60; B(x) =C(z)+8(1 — %),

@ Springer



Methodology and Computing in Applied Probability (2026) 28:103 Page 150f44 103

Theorem 2 Under the stability condition p < R, the probability generating functions (PGF's)
of the request-count distributions corresponding to the idle, active, sleep, maintenance, and
repair states of the tHAP are given by

P/U{KX(Z)[Q*(A(Z))g + OU=GEACD] 1 — M* )R - KZR}

Pr(2) = Dr(z) 49
K {s (k + MKIX (@) = 1] = S* (e + mn(l = M (C(Z)”} (1- Q*(AR)
Pa(z) = Dr(z) A(z) (34)
Pron @ (A@)(1 - LT<c<z>)>{3*(x +MK[X (@) = 11 = 8% +m)n
1- M*(C(z)))}
Ps 1(2) = Dr(2)C(z) G
Prormn QF (A LEC) (1 — L’;(C(z))){g*(/c + kX (z) — 1] — S*(k + 1)
n(1 — M*(C(z)))}
Pso(2) = Dr(2)C(z) G0
P ms Q*(.A(Z))LT(C(Z))L;(C(Z))(l — L;(C(Z))){S*(K + nk[X(z) —1]
—S*(k + )yl — M*(C(Z)))}
Ps3(z) = Dr(2)C(z) 7
PrnS*(c + 1K = [Q*(AR)s + %W]} *
B z (1 - M*(C(2)))
Py (2) = Dr(z) C@) %)
OP[(1 = R*B@N( — Q*(A(z))){S*(K AKX () = 1= 8% +mn
(1- M*(C(z)))}
Pp(z) = Dr(z)B(z)A(z) ' <7
where,
R~ {3*(K + 1)+ KE(X)0 + [S*(c + 1) + ko [N = no [k ECOE(P) — R]}
P (40)

[S*(k + mKkEX)[1 = nE(P)]][E(Q)A — 0E(R)) + | Q*(O)[E(L)) + w
[E(L2) + w3 E(L)]]] + S*(k + n)[R — 1+ nE(P)R + R[1 — nE(P)]]

(1 - 9*(A@))

6
Drz) =% = [S*(k + n) + K AR)o][Q* (AR))s + 1o 1= noBMm* ).

_S*k+m)
TR

s=1-o1(1 - L](CR)) — @ o [(1 = L5(C(@) + @3L5(C(2)) (1 - E?(C’(Z)))]
¢ = K EQ)m[E(Ly) + ml E(Ly) + w3 E(L3)]]-
N=¢ 0%60) — kE(X)E(Q) — 0E(Q).
Proof Using Eqs. 22 to 26 together with Eqgs. 28 to 31, and integrating with respect to x, the

probability generating functions are obtained as
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Pr(2) = [y Pr(x,2)dx; Pa(z) = [3° Palx,2)dx; Psi(z) = [5° Ps,i(x, 2)dx;

(i =1,2,3); Pu(@) = [y~ Pu(x,2)dx;

Similarly, using Eq. 27 together with Eq. 32, the corresponding probability generating
functions are defined as

Pp(x,2) = [y Pp(x,y,2)dy, Pp(z) = [~ Pp(x,2)dx.

Consequently, Eqs. 33-39 are obtained.

The normalizing condition is used to determine the unknown probability Py, which denotes
the probability that the server remains inactive. Specifically, P; is obtained by setting z = 1
in Egs. 33 to 39 and applying L’ Hopital’s rule whenever required.

Pr+ Pr(1) + Po(1) + Ps,1 (1) + Ps2(1) + Ps3(1) + Py (1) + Pp(1) = 1.
o

Theorem 3 Under the stability constraint p < R, the PGF of the number of requests in the
system and the orbit are given by:

K(z) = Pr + Pr(z) + Ps,1(z) + Ps2(2) + Ps3(2) + 2[Pa(z) + Py (z) + Pp(z)] (41)

H(z) = Py + PRr(z) + Ps,1(z) + Ps2(2) + Ps3(z) + Pa(z) + Py (z) + Pp(z)  (42)

where Py is represented by Eq. 40.

Proof The proof follows directly by substituting Egs. 33 to 39 into Eqs. 41 and 42. O

4 System Performance Measures

When the system satisfies the stability condition p < R, as described below, the steady state
probabilities of various system states are obtained from Eqs. 33 to 39.

1. Let Pg signify the stationary probability that the tHAP is not active during the retrial

interval.

Pm[KE(X) + s Q" (0) — kE(X)E(Q) — 0E(Q)] — nk E(X)E(P) — KR}
Pg =

R — {3*(:« +n) +KkE(X)o + [S*(k + 1) + ko |R —no [k E(X)E(P) — R]}
(43)
2. Let P4 signify the stationary probability that the tHAP is active

Py Pi[S*(c + mcECOL — nE(P)]]E(Q)

R— {s*(x + 1) +kEX)o + [S*(k + 1) + ko [R —no [k E(X)E(P) — R]}

(44)
3. Pg, signify the steady state probability associated with the tHAP remaining in SM1.
Py QF(O)E(L[S* (c + mr E(X)[1 — nE(P)]]

P571= .
R— {s*(x + ) +kEX)o + [S*(k + 1) + ko [R —no [k E(X)E(P) — R]}

(45)
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4. Pg > signify the steady state probability associated with the tHAP remaining in SM2.
Pra @ Q* (0) E(L2)[S* (k+mx E(X)[1—nE(P)]]

Pgo = .
R— {8*(/( + )4k EX)o + [S*(k + 77)+KU]N—1;0[KE(X)E(P)—R]}

(46)
5. Pg 3 signify the steady state probability associated with the tHAP remaining in SM3.
Pronanm; Q*(0) E(L3)[S* (c + M E(X)[1 — nE(P)]]

Pg3= .
R-— {S*(K + ) +kE(X)o+[S*(k + 77)+KU]N—170[KE(X)E(P)—R]}

(47)
6. Py signify the steady state probability associated with the tHAP under maintenance.

Py — PinS*(k + n)E(P)[R — [¢' Q*(0) — k E(X)E(Q) — 0E(Q)]]

R— {S*(K + 1) +KkE(X)o + [S*(k + 1) + k0 |R = no [k E(X)E(P) — R]}

7. Pp signify the steady state probability associated with the tHAP under repair.
PIE(Q)E(R)[S*(k +mx E(X)[1 — nE(P)]]

P = .
R— {S*(K + 1) +kEX)o + [S*(k + 1) + k0 [R —no [k E(X)E(P) — R]}

4.1 Mean Size of a System and its Orbit

When the system is in steady state,
(i) Under the stability condition, the mean orbit size L, is computed by taking the derivative
of Eq. 42 with respect to z and evaluating it at z = 1.
Nry ()Dry (1) = Dry (1)Nr, (1)
3(Dry (1)) '

/ d
L,=H ()=Ilim —HGz) =P
q ey Zl_f)nldz (2) 1|:

(ii) Under the stability condition, the mean system size L is computed by taking the
derivative of Eq. 41 with respect to z and evaluating it at z = 1.

L — K/(l) — lim iK(z) _p Nry (1)Dr (1) 7 Dry (DNr, (1) .
—1dz 3(Dr1 (1))2

The parameter values are given in Appendix A.
(iii) Little’s law facilitates the computation of the expected system time

Ly
W, =
KE(X)
and queueing time
Ly
W, = ,
KkE(X)

both of which are measured in units of time since they represent the average delay
experienced by a request in the system and in the queue, respectively.
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4.2 Special Cases

e No batch arrival, single exponential service, no retrial, no repair, no maintenance, no
standby server, no SM2 and no SM3 with N=1. Pr[A; =n]=1,R = 1, 8" (k+n) — 1,
0=0,n=0,8 =0, o =0, o3 = 0. Accordingly, the proposed model reduces to a
M /M /1 queue with single vacation. In this case, K (z) can be simplified to the following
expression which agrees with the results established in recent works by Gross et al.

(2019). )
Pric(l =)z = 1= Q@ (k(1 = D[l = @1 (1 = L3 c(1 = DI +#2(1 = 2)

+ «z]]

K(z) =
& = O 0+ 20— 9llQ G — D) — o1 — £ el — o]

Pric(1 = 2)[z — 1+ Q* k(1 — 2))(z — (1 — 2))]

K(z) =
@ (1 — 2z — Q*(c(1 — )21 - 2)]

e No batch arrival, No batch service, no repair, no maintenance, no standby server, no sleep
modes with N=1. Pr[Ay =n]=1,R=1,0 =0,n=0,§ =0,¢91 =0, ¢, =0,
@3 = 0. Then, the proposed model reduces to an M /G/1 retrial queue the resulting
expression for K (z) is consistent with the results reported in the recent monograph on
retrial queues by Templeton and Falin (2023).

Pl =)z 4+ 8 (k + 1l = Q* k(1 = )]+ 0 Q*(k (1 — 2)klz — k(1 = 2)]]

K
@ k(1= )z — Q" (e (1 — D)IS* (ke + ) +#2(1 — 2)0]]

e No batch arrival, single exponential service, no retrial, no repair, no maintenance, no
standby server, no sleep modes with N=1. Pr[4y =n] =1, R=1,0 =0,n =0,
6 =0,¢1 =0, ¢ =0, 93 = 0. Then, the proposed model becomes a simple M /M /1
queue whose K (z) (PGF) agrees with the outcome given recently by Selvamuthu (2025)
and the classical formulation given by Gross et al. (2019).

5 Numerical lllustrations

To validate the analytical findings and demonstrate the impact of various system param-
eters on performance, a series of numerical experiments were conducted. The results are
presented in Tables 4, 5, and 6, which examine the influence of distinct system parameters
on key performance indicators such as the average number of customers, average waiting
time of customers and steady-state probabilities associated with various server modes. These
tabulated values clearly reveal the sensitivity of the dynamic behavior of the proposed tHAP
system under different configurations.

Table 4 The influence of

maintenance rate (1) on Ws. W, Maintenance Rate Wy Wy Ps 4 Py

Ps.1, Pa 1.6 0.0237 0.0319 0.0479 0.0137
1.7 0.0241 0.0324 0.0454 0.0130
1.8 0.0246 0.0329 0.0434 0.0124
1.9 0.0250 0.0335 0.0418 0.0119
2.0 0.0256 0.0342 0.0404 0.0115
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Table 5 The influence of service

rate (8) on Ly, Ly. Pg. Py Service Rate Ly Lg Pgr Py
0.1 0.9579 0.8823 0.0044 0.0069
0.2 0.7168 0.6476 0.0046 0.0083
0.3 0.5351 0.4756 0.0048 0.0097
0.4 0.4180 0.3706 0.0048 0.0111
0.5 0.3624 0.3286 0.0049 0.0124

As the maintenance rate (1) increases from 1.6 to 2.0, the system and queue waiting times
(Wy, W,) increase due to more frequent interruptions which is illustrated in Table 4. The
steady state probability of being in light sleep (Ps,1) and active mode (P4) both decrease,
as the tHAP spends more time under maintenance. The system experiences more frequent
pauses in service, which reduces the opportunity for completing batches and initiating sleep
transitions. Because requests continue to arrive even during maintenance, more users remain
in the system for longer periods, leading to a gradual rise in the waiting times Wy and W,,. At
the same time, (Ps 1) and (P4) both decrease, since maintenance occupies a larger portion
of the operational cycle and leaves fewer intervals where service or sleep-mode switching
can occur. These observations are obtained for the parameter settings k = 5,6 = 7,60 = 6,
01 =0.9, u = 6.5, B =4, while varying only the maintenance rate (7).

In Table 5, with a higher service rate (8) from 0.1 to 0.5, the system and queue sizes
(Lg, Ly) decrease due to faster processing. However, the steady state probability of retrial
(Pr) and the chance of no users (Py) increase, since requests are cleared quicker. A higher
(B) allows each batch to be completed more quickly, so fewer customers accumulate in
the system, resulting in reduced L; and L,. Because service finishes sooner, the server
reaches periods with no pending requests more often, which leads to a gradual rise in the
idle probability (Py). The slight increase in (Pg) reflects the fact that orbiting users find the
server free more frequently and attempt service sooner. Further, these results are generated
under the parameter valuesk = 5,6 = 7,0 = 6,n = 0.3, o = 0.7, 93 = 0.8, with variation
applied solely to the service rate (8).

In Table 6, as breakdown rate (¢) increases, system and queue sizes (Ly, L,) and waiting
time (W, W,) all increase, because frequent failures lead to more waiting and congestion.
Here, the system experiences more frequent interruptions in service, which prevents batches
from completing smoothly. As a result, customers remain in the system and orbit for longer
durations, leading to larger values of L; and L,. Because each breakdown forces the server
into a non-operational state while arrivals and retrials continue, the overall waiting times W
and W, also grow substantially. The outcomes are presented for the parameter configuration
k=5038=Tun=065,8=4 ¢ =0.9, g3 = 0.8, where only the breakdown rate (9) is
varied.

Table 6 The influence of

breakdown rate (8) on Ly, Lg. Breakdown Rate Ly Ly W Wy

Ws, Wy 6 0.1938 0.1887 0.8560 0.8247
7 0.4659 0.4770 1.0260 0.9888
8 0.7570 0.7718 1.3666 1.3210
9 1.0113 0.9747 2.1466 2.0966
10 1.2126 1.1683 3.1609 3.2985
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Figure 3 includes 2D plots that visualize the relationship between individual system
parameters and performance indicators. These plots help demonstrate trends and monotonic
behavior as key inputs vary.

Figure 3(a) depicts that as the maintenance rate (1) increases, both waiting times (W)
and (W;) show a steady upward trend. At the same time, the tHAP becomes less active
(P4) and spends less time in light sleep (Ps,1) mode. This pattern follows naturally, (i.e.,) as
the maintenance rate (1) increases, the tHAP enters the maintenance state more frequently,
reducing the proportion of time available for active service and sleep transitions. Since no
service is provided during maintenance, arriving and retrial requests continue to accumulate
in the orbit, which results in higher Wy and W,). The decrease in P4 occurs because frequent
maintenance interrupts the service process and limits the opportunities for initiating new
batches. Likewise, Pg, 1 declines, as sleep transitions can occur only after a completed service,
and a higher maintenance rate reduces the number of such opportunities.

Figure 3(b) depicts that as the service rate (8) increases, the plots for system size (L,) and
queue length (L) slope downward. This reflects smoother, faster processing reducing con-
gestion. Interestingly, since the system becomes more efficient, Pg and P; slightly increase
suggesting more frequent periods where the server is waiting for work. This behaviour is con-
sistent with the model structure, as the service rate (8) increases, the tHAP clears requests

2D effect of mail rate 2D effect of service rate

1.6 1.65 7 1.75 18 1.85 19 1.95 2 0.1 0.15 0.2 0.25 0.3 0.35 0.4 045 0.5
Maintenance rate 7 service rate J

(a) Wy, Wy, Ps,1, Pa vs maintenance rate n (b) Ls, Lq, Pr, Py vs service rate 3

2D effect of breakdown rate

i - Sy £
6 6.5 it 75 8 85 9 95 10
Breakdown rate 0

(¢) Ls, Lg, Ws, Wy vs breakdown rate 6

Fig.3 Visualization of graph data in two dimensions

@ Springer



Methodology and Computing in Applied Probability (2026) 28:103 Page210f44 103

more quickly, which reduces both L; and L. Faster service lowers congestion and shortens
customer waiting times. At the same time, once batches are completed more rapidly, the
server experiences more intervals where it has no pending work, which explains the slight
increase in P; and Pg. Consequently, a higher service rate reduces the system load and
increases the likelihood that arriving or retrial customers encounter an idle server.

Figure 3(c) depicts that as the breakdown rate (6) increases, there is a sharp increase
in system size (L) and queue length (L,) along with waiting time of the system (W)
and queue (W;). This highlights how system failures severely impact performance more
breakdowns mean more users in queue and longer delays. This outcome is aligned with the
model dynamics, as 6 increases, the tHAP moves into the repair state more frequently, during
which no service can be offered. However, arrivals and retrials continue, causing requests
to accumulate in the orbit. This leads to larger values of Ly and L, along with noticeably
longer waiting times W and W,. The growth in congestion is expected, as higher breakdown
frequency reduces the overall effective service availability and increases the periods during
which the system is unable to process requests.

Figure 4 shows 3D surface plots illustrating the joint effect of two parameters simultane-
ously. These graphs provide a more comprehensive view of system sensitivity and interaction
effects among parameters.

Figure 4(a) shows how both P; and Pg rise as maintenance rate increases. The plot
forms arising surface, visually emphasizing how higher maintenance slows the system down,
reducing efficiency. The rising surface shows that when maintenance becomes more frequent,

3D impact of maintenance rate 3D impact of service rate

(a) Pr, Pr vs maintenance rate n (b) Ls, Ws vs service rate 8

3D impact of breakdown rate

~—" 7
6

(¢) Lq,Wq vs breakdown rate 6

Fig.4 Graphical depiction in 3D space
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the system exhibits a greater tendency to move in and out of non-service states, creating
more opportunities for idle periods to appear once maintenance concludes. At the same
time, incoming requests are more likely to reattempt access because the server’s availability
becomes less predictable. The 3D trend therefore reflects how increased maintenance activity
disrupts the natural flow of service and produces more fluctuations between idle and retrial
events.

Figure 4(b) displays a descending surface where Ly and W; both decrease with increased
service rate. It shows the combined benefit of faster processing on queue length and delay.
Note that, the downward sloping surface indicates that higher processing capability com-
presses the overall workload more effectively, keeping both the queue content and the time
spent in the system at consistently lower levels. Rather than capturing only the direct effect
of B, the surface demonstrates how reductions in workload and delay occur simultaneously
across different operating conditions. This joint behaviour emphasizes the stabilizing influ-
ence of faster service in scenarios with fluctuating traffic intensity.

Figure 4(c) reveals that as breakdown rate increases, L, and W, rise sharply together.
The surface curves upward, illustrating the heavy impact of breakdowns on user experience.
Further, this upward surface demonstrates that even moderate increases in 6 amplify the
pressure on the system, as interruptions create pockets of unserved work that build up rapidly.
The surface representation highlights that the adverse effects are not merely linear or additive;
longer queues and extended waiting times tend to reinforce each other as breakdowns become
more frequent. This combined escalation is evident in the steepening of the surface for larger
values of 6.

6 Evaluation of Energy Conservation
6.1 Power Savings Factor
Power Saving Factor (PSF) is defined as the percentage of total operational time during which

the tHAP resides in energy-saving sleep modes. By using the Eqs. 45 - 47, we obtain the
following,

PSF = (Ps,1 + Ps» + Ps3) x 100%
6.2 Expected Energy Consumption in the Proposed Model

E proposea refers to the total average energy consumed per unit time by a tHAP under an
energy-aware architecture that includes active operation, idle periods, sleep states, mainte-

Table 7 Assumed power

consumption across tHAP states Server states Values J/s
E Active 234.2
Epate 382
Esmi 255
Esmo 2.9
Esu3 2
EMain 30
ERepair 120
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nance, and repair modes. It quantifies the long-term power usage considering both traffic
dynamics and energy-saving mechanisms.

Consequently, the average energy consumption of the tHAP over a given time interval
for the proposed model can be approximated using the following formulation. Furthermore,
Table 7 presents the assumed energy consumption values across various tHAP operational
states, based on the findings in Liu et al. (2015); Niu et al. (2015); Lahdekorpi et al. (2017).
Also, all energy terms are measured in J/s, representing average power consumption.

Eproposed = EactivePa + Eiaie P1 + Esm1 Ps1 + EsmaPs2 + Esm3 Ps3 + Epain Pu
+ ERepair Pg, (48)

where,

e Eacive = The energy consumed when the tHAP is fully operational and serving the
requests, involving all major subsystems like transceivers, baseband units, and cooling
systems.

e Ej4. = The energy drawn when the tHAP is powered on but not currently serving any
requests a moderate consumption state with readiness to transition.

e Esyi, Esya, Esys = The energy drawn during light, moderate, and deep sleep modes
respectively, where increasing sleep depth progressively shuts down non-essential com-
ponents, yielding significant energy savings.

e Eyqin = The energy consumed during PM, where the tHAP remains partially active for
diagnostic checks and software-level servicing. Since only essential control and moni-
toring units are operational, the power draw is modest. A value that is slightly below idle
mode is assumed, reflecting minimal hardware usage.

® ERepair = The energy consumed when the tHAP undergoes hardware fault recovery.
Though user traffic is suspended, internal testing modules, control logic, and possibly
the standby server are active, resulting in moderate power usage. A value which is sub-
stantially lower than active mode but higher than idle is assumed, accounting for partial
system engagement during repair.

6.3 Expected Energy Consumption Percentage

Expected Energy Conservation Percentage (E percens) measures the proportion of energy
saved by the system compared to an always-on baseline scenario. It represents the overall
efficiency gain achieved through power-saving mechanisms in percentage terms. Thus, from
Eq. 48 we obtain,

E )
Epercent = (1 — 7Pmpmed> x 100
EBaseline

where, Epgseline = represents the expected energy consumption of the tHAP without any
sleep mechanisms, i.e., in a traditional always-on setting.
In this baseline model:

The tHAP never enters sleep modes,

All idle or low-traffic periods are treated as idle time (consuming idle-state power),
Sleep mode probabilities are assumed to be zero,

The tHAP cycles only between active, idle, maintenance, and repair states.
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6.4 Expected Delay

In queueing theory, expected delay (also known as sojourn time) refers to the average time
a customer or request spends in the system from the moment it arrives until its service is
completed. This includes all time spent waiting in the queue,or activation delays, service
time, and additional delays due to system behaviors such as sleep transitions or maintenance
periods.

In the context of the proposed 5G tHAP with dynamic sleep control, the expected delay
becomes a composite measure of multiple components as mentioned below,

Edelay = EQdelay + ESdelay + ESMdelay + EMdela_v

where,

KE(X2)E(Q%)
: _ _ 2(1-kEX)EQN)
e Eggelay = Delay due to batch service, as service begins only when a fixed-size batch is

formed
=YK, P(R=r)E(Q)).
® ESMmdelay = Delay incurred due to the tHAP being in a sleep state (light, moderate, or
deep)
@ QO[S ke ECO—nEP)|[ EL)+o2(E(Lo)+o3E(Ls)) |
T R-[S*(k+n)trolls’ Q*(O)—k E(X)E(Q)-0E(Q)]—no [k E(X)E(P)+R]’
o Epgdelay = Downtime delay due to PM events
B nS* (et E(P)[ R-[s' Q*(0)—k EX)E(Q)~0 E(Q)]]
T R—[S*(k+n)+kolls’ QF(0)—k E(X) E(Q)—0 E(Q)]—no [k E(X)E(P)+R]

o Epgelay = Average waiting time in the queue before service begins =

6.5 Proposed System Throughput

In a batch service system, throughput is defined as the average number of requests served
per unit time, considering that services are completed in batches rather than individually.

r

E(Q1)’

Throughput = Py x

6.6 Numerical Observation

To assess the efficiency of the proposed tHAP model, a numerical analysis is performed
focusing on key performance indicators such as energy consumption and expected delay.
The analysis aims to capture the dynamic behavior of the system under realistic operating
conditions and quantify the potential benefits of energy-saving mechanisms.

The data in Table 8 illustrates the impact of increasing sleep transition probabilities
(w1, w2, w3), corresponding respectively to light, moderate, and deep sleep states, on key

Taes Bt ey miion S 11w
(0.2,0.3,0.4) 2.9496 1.7920 0.2705 0.2500
(0.4,0.5,0.6) 3.6963 2.9632 0.2857 0.3375
(0.6,0.7,0.8) 3.5003 3.0301 0.3390 0.4580
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Effect of Sleep Transition Probabilities on System Metrics
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Fig.5 Effect of sleep transition probabilities

system performance measures such as Ly, Ly, W, and W,. When the sleep-transition proba-
bilities increase, the system becomes more likely to enter the deeper sleep states, particularly
the SM2 to SM3 pathway. Since these deeper sleep modes have longer mean sojourn times
and larger wake-up delays, the server spends a greater proportion of time unavailable for
processing requests. This reduces the effective service capacity and increases the number of
arrivals and retrials that accumulate while the server is inactive. Consequently, the queue and
orbit grow, leading to larger values of W, and W;. In addition, deeper sleep modes intro-
duce longer contiguous periods of unavailability, which amplifies delay through increased
variability in service opportunities. Overall, the rise in waiting time is primarily driven by
the higher probability of entering SM3, which imposes longer wake-up delays and lowers
short-term service availability.

Figure 5 illustrates the response of queue length and delay metrics to increasing sleep-
transition probabilities. As the heights of the bars increase, it becomes evident that higher
transition probabilities drive the system more frequently into deeper low-power states, high-
lighting the effectiveness of the sleep controller in achieving energy savings. At the same
time, the visual trend shows that prolonged residence in deeper sleep modes leads to longer
wake-up delays and a reduction in immediate service availability. Consequently, requests
accumulate in the system, resulting in increased queue lengths (Ls and L,) and waiting
times (W, and W, ). This graphical representation clearly emphasizes the inherent trade-
off between improved energy efficiency and degraded delay performance, indicating that
sleep-transition probabilities must be carefully tuned to maintain an acceptable quality of
service.

Table 9 examines how system performance changes as the depth of sleep modes increases—
from only SM1, to SM14+SM2, and finally SM1+SM2+SM3. As deeper modes are added, the
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Table9 Impact of sleep mc'>de Sleep Mode Ly W, PSF%
depth on performance metrics
SM1 3.9264 0.2398 28.66
SM1+SM2 4.1704 0.3547 34.74
SM1+SM2+SM3 5.9749 0.4256 52.13

tHAP spends longer cumulative time in low-power states, since transitions into SM2 and SM3
involve progressively longer sleep durations. This reduces immediate service availability.
Consequently, the system size L increases because requests accumulate while the server
remains in deeper sleep states, and the system time W; also increases due to longer wake-up
delays and additional sleep-to-active transitions before service can resume.

At the same time, the Power Saving Factor (PSF%) improves substantially-rising from
28.66% under SM1 to 52.13% when all three sleep modes are enabled—because deeper sleep
modes turn off more subsystems for longer intervals. Thus, the observed increase in Ly and
W; is driven not by traffic intensity, but by extended suspension of service caused by deeper
sleep stages, particularly SM3, which has the slowest reactivation. The corresponding gain
in PSF highlights the inherent energy—delay trade-off of multi-level sleep strategies.

Figure 6 presents a bar-graph comparison of system size (L), delay (W), and (PSF%)
across increasing sleep modes. The bars clearly illustrate that as additional sleep modes are
introduced, the bars for (L) and (W;) rise progressively, reflecting the longer wake-up paths
and reduced immediate service availability associated with deeper sleep states. In contrast, the
PSF% bar increases sharply with each added sleep layer, visually emphasizing the substantial

Impact of Sleep Mode Depth on Performance Metrics
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Fig. 6 Effect of sleep mode depth on performance metrics
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Table 10 Energy consumption comparison for proposed and baseline models

Sleep Mode E proposed (With sleep) Epaseline (Without sleep) Epercent
SM1 5.1466 5.9650 16.53
SM1+SM2 3.6275 4.7597 23.78
SM1+SM2+SM3 2.8100 3.9276 28.46

energy benefits gained when the tHAP spends more cumulative time in low-power modes.
The bar pattern highlights the central trade-off: deeper sleep modes lead to markedly higher
energy efficiency but also increased delay and temporary build-up of queued work. Thus,
the bar graph reinforces the need for an efficient balance between energy savings and QoS
performance when selecting the appropriate sleep-mode depth.

Table 10 presents a comparative evaluation of energy consumption between the pro-
posed sleep-enabled tHAP model (Epoposed) and a baseline architecture operating without
any sleep mechanisms (Epaseline)- Across all three configurations - SM1, SM1+SM2, and
SM1+SM2+SM3- the proposed model consistently exhibits lower energy usage. This reduc-
tion arises because the tHAP in the proposed framework actively transitions into light,
moderate, and deep sleep modes during low-traffic periods, allowing several power-hungry
subsystems (transceiver chain, cooling units, baseband processors) to shut down or operate
at minimal levels. In contrast, the baseline model is forced to remain either active or idle at
all times, resulting in sustained energy draw even when no requests are present.

Energy Consumption Comparison Across Sleep Modes
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Fig.7 Energy consumption comparison
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SM1 0.4559 0.2894
SM1+SM2 2.2506 0.1016
SM1+SM2+SM3 3.7676 0.0636

As deeper sleep modes are incorporated, the energy percent of the proposed model
becomes more pronounced. When only SM 1 is enabled, the proposed system already achieves
areduction of 16.53% in energy consumption compared to the no-sleep baseline. Activating
SM2 and SM3 further strengthens this benefit, raising the savings to 28.46%. This widen-
ing gap arises because the deeper modes deactivate more subsystems and keep the tHAP
in low-power operation for longer durations, thereby reducing the average power drawn
by the system. Consequently, the proposed architecture consistently delivers greater energy
efficiency, with larger improvements as additional sleep levels are utilised.

Thus, the proposed model achieves meaningful energy conservation because it dynam-
ically adapts its operational state based on demand, whereas the baseline consumes
near-constant power regardless of traffic fluctuations.

Figure 7 compares the total energy consumption of the baseline (always-on) model with
the proposed multi-sleep tHAP architecture. The bar graph shows a consistent reduction in
energy usage under the proposed model, and this gap widens as deeper sleep modes are
enabled. This downward shift occurs because multi-level sleep progressively disables more
hardware modules, resulting in significant operational power savings. The accompanying
energy-saving percentage bar further emphasizes that as the system moves from shallow to

4Impact of Sleep Mode Depth on Expected Delay and Throughput
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Fig.8 Impact of sleep mode depth on expected delay
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Table 12 Impact of batch size on Batch Size

delay and throughput Egelay Throghput
5 14.9457 0.0059
12.8809 0.0147
9 10.8249 0.0215
11 8.7886 0.0335
13 6.7566 0.0450
15 47316 0.0572

deeper sleep configurations, the percentage of conserved energy increases steadily, demon-
strating the strong efficiency gains achieved by dynamic sleep control.

Table 11 evaluates how the expected delay and system throughput change when the tHAP
is allowed to use deeper sleep modes. As additional sleep levels are enabled, the server
experiences longer inactive intervals before returning to service. These extended off-periods
reduce the frequency with which customers can be served, so each request remains in the
system for a longer duration, resulting in an increase in Eg.qy. At the same time, deeper
sleep modes reduce the number of service completions possible within a given time window,
which lowers the effective throughput. This is not due to increased traffic or congestion, but
directly caused by the reduction in active-service availability: as the server spends more time
in SM2 and especially SM3, fewer service opportunities occur per unit time.

18 Impact of Batch Size on Delay and Throughput
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Fig.9 Impact of batch size
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Thus, Table 11 highlights the classical delay—throughput trade-off: enabling deeper sleep
conserves more energy but reduces the short-term service rate, which in turn raises delay and
lowers the observed throughput.

Figure 8 illustrates how the expected delay grows as the sleep mode depth increases. The
bar graph shows a clear upward progression in delay when moving from shallow to deeper
sleep configurations. This is visually intuitive because deeper sleep stages require longer
reactivation times, and the bar spacing highlights how these wake-up penalties accumulate.
Unlike the table, which reports numerical changes, the bar graph emphasizes the magnitude of
delay growth and makes the compounding effect of sleep depth immediately evident. Though
deeper modes significantly cut energy consumption, the bars highlight the corresponding rise
in delay, reinforcing the key system trade-off between efficiency and responsiveness.

Table 12 demonstrates the impact of varying batch sizes on system performance in terms
of expected delay and throughput. As shown in Table 12, increasing the batch size leads to a
monotonic decrease in expected delay and a significant increase in throughput. This behavior
stems directly from the quorum-based service mechanism: a larger batch allows the tHAP
to serve more accumulated requests within a single service cycle, thereby distributing the
service time across multiple users. As batch size grows, the server clears orbiting customers
more rapidly, reducing repeated retrials and lowering congestion. At the same time, through-
put improves because each service completion now contributes a higher number of served
requests, even though the service time per batch remains unchanged. Thus, the improvement
arises not from faster service, but from more efficient utilization of each service opportunity,
particularly under moderate-to-heavy load where batches are readily formed.

Figure 9 illustrates how changes in batch size influence the system’s expected delay
and throughput. The bar plot shows a clear opposing trend: as the batch size increases, the
expected delay steadily decreases, while the throughput rises correspondingly. This visual
pattern reflects the operational advantage of processing multiple arrivals together which clear
more work per activation, reducing the average waiting time experienced by each individual
request. At the same time, servicing more requests per cycle boosts the effective throughput,
which is why the orange bars grow consistently with batch size. Overall, the figure highlights
that enlarging the batch size enhances system productivity while simultaneously lowering
delay, demonstrating a favourable performance gain without additional complexity.

Table 13 compares the system with and without PM. The introduction of PM produces a
noticeable improvement in throughput and a slight reduction in expected delay. This stems
from the fact that PM proactively prevents catastrophic breakdowns, thereby reducing the
time the tHAP spends in the repair state—a mode that typically incurs long downtime and inter-
rupts ongoing service. With fewer breakdown events, the system remains available for active
service more frequently, which directly enhances throughput. Additionally, although PM
introduces short maintenance intervals, these are substantially less disruptive than unplanned
failures; hence, the overall delay decreases marginally. Energy consumption also drops under
PM because longer repair periods (which consume moderate power but yield no service) are

Table 13 Impact of predictive maintenance

Predictive Maintenance Throghput Edelay Eproposed Epercent
Without PM 0.0224 9.5906 3.8792 28.46
With PM 0.0375 9.5834 2.7255 22.95
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- Effect of Predictive Maintenance on Energy Metrics
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Fig. 10 Impact of predictive maintenance

replaced by shorter, controlled maintenance intervals. As a result, PM reduces wasted oper-
ational energy and improves the overall energy-saving percentage of the system.

Figure 10 visually contrasts the system performance with and without PM. The bar heights
make it clear that incorporating PM simultaneously lowers the overall energy consumption
and moderates the energy-saving percentage. The drop in the blue bar shows that the system
expends less energy per unit time when PM is enabled, while the orange bar indicates that
the proportion of energy saved remains substantial even though it decreases slightly. This
graphical pattern highlights that PM shifts the system toward a more stable and energy-
efficient operating regime, with fewer abrupt repair intervals and more controlled operation.
Overall, the figure reinforces that PM offers a practical balance, reduced energy usage with
consistent savings, thus making the system more reliable and economical.

6.7 Comparative Analysis

To demonstrate the performance improvement offered by the proposed model, a quantitative
comparison with the existing model (Priya et al. 2025) is carried out using throughput, average
energy consumption, and energy-saving percent metrics under identical system parameters.
Figure 11(a)-(c) summarize the comparative results.

The throughput analysis depicted in Fig. 11(a) is performed over the SM3 range 5-9
to emphasize the service-intensive regime. In this region, the proposed model consistently
achieves higher throughput than the existing model; for example, at SM3 =5, the proposed
model attains a throughput of 0.095 compared with 0.068 for the existing model, and this
trend persists across all SM3 values. This improvement is primarily attributed to the inte-
grated predictive maintenance module, standby server support, batch-service discipline, and
retrial-control mechanisms that collectively ensure more efficient utilization of active ser-
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Fig. 11 Comparison between existing model and proposed model

vice periods. These system features reduce service interruptions and maintain smoother traffic
flow, enabling the proposed model to outperform the existing model in throughput.

Energy-oriented metrics are evaluated over the SM3 range 2-6, where low-power operation
is more critical. The impact of energy-saving percent (E peycens) presented in Fig. 11(b) shows
that the proposed model provides substantially higher energy-efficiency than the existing one.
For instance, the savings increase from 3.8% to 6.8% for proposed model as SM3 increases
from 2 to 6, whereas the existing model improves only from 2.9% to 5.3% in the same range.
Similarly, average energy consumption (Eroposeq) remains lower for the proposed model
across all values of SM3 whichc is depicted in Fig. 11(c). It is clearly noticeable that when
SM3 =2, proposed model consumes 28.4 J compared with 33.8 J in the existing model, and at
SM3 = 6 the consumption reduces to 16.4 J for the proposed model versus 17.1 J for existing
model.

Thus, the superior energy-efficiency performance of the proposed model arises from its
deeper integration of adaptive sleep strategies and reliability-aware operational controls. The
proposed model employs optimized transitions into low-power sleep modes, which sub-
stantially reduce the duration of high-energy active states. As a result, even when the system
experiences similar traffic conditions as the existing model, the proposed mode consumes less
total energy over time. Furthermore, the standby server and predictive maintenance compo-
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nents minimize unexpected breakdowns and eliminate unnecessary wake—sleep oscillations,
both of which are major contributors to energy wastage in airborne communication platforms.
By stabilizing the service process and preventing spurious activations, these mechanisms
allow the platform to harvest greater energy savings while simultaneously reducing aver-
age energy consumption. Collectively, these design enhancements explain why the proposed
model consistently demonstrates higher energy-saving percent and lower average energy
consumption than the existing model (Priya et al. 2025).

7 Cost Minimization in Energy-Aware tHAP

Cost optimization is a vital component in the design and management of modern energy-
efficient wireless systems, where balancing operational performance with resource consump-
tion is key. In the proposed tHAP model, various system behaviors including retrial traffic,
multi-level sleep modes, PM, and repair dynamics introduce complexities that impact overall
performance and operating cost. To address this, we formulate a comprehensive system-level
cost function that captures the influence of these parameters under steady-state conditions,
without combining separate objectives such as energy and delay explicitly.

To efficiently search for optimal configurations that minimize this cost, we employ
three powerful nature-inspired metaheuristic techniques: the Whale Optimization Algorithm
(WOA), the Artificial Bee Colony (ABC) algorithm, and the Grey Wolf Optimizer (GWO).
These algorithms are particularly well-suited for solving complex, non-convex optimization
problems due to their global exploration capability, convergence reliability, and minimal
dependence on problem-specific gradient information. Through comparative evaluation, the
proposed optimization framework demonstrates its effectiveness in fine-tuning key system
parameters, leading to enhanced energy efficiency and reduced operational cost.

7.1 Cost Analysis

To evaluate the economic performance of the proposed system, a cost analysis framework is
developed to determine the most efficient values for key service parameters, namely y;, and
¥v. The total cost is modeled as a function comprising multiple operational components, each
reflecting the cost incurred by the tHAP’s different activities over time. These components
such as service operation, sleep states, maintenance, and repair are considered on a per-unit-
time basis. The cost structure assumes linearity, which facilitates straightforward optimization
and provides insight into how parameter tuning impacts overall system expenditure.

Gy, -The cost incurred per unit time for holding each request within the tHAP.
Gp - Per-unit-time expense when the tHAP operates under standard active conditions.
Gy - Per-unit-time expense when the tHAP is under sleep modes.
Gm - Per-unit-time expense when the tHAP is under maintenance
G - Per-unit-time expense when the tHAP is under maintenance.
G - Cost associated with serving a request during the tHAP’s busy periods.
G» - Cost associated with retaining a request during the tHAP’s sleep modes.

Consequently, the expected cost function takes the form:

TC =GpLy +GpPa+ Gy(Ps;1 + Psp+ Ps3) +GuPy +GrPp+ Giyp + Dayy. (49)
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The substantial non-linearity of the cost function in Eq. 49 makes it analytically intractable.
Therefore, recognizing that the total cost depends on the service rates (yp, ), we resort to
a meta-heuristic approach for optimization.

7.2 Performance-Centric Cost Tuning using WOA, ABC, and GWO

In the context of energy-efficient tHAP operations, cost optimization plays a pivotal role in
balancing service performance with resource utilization. Rather than optimizing for individ-
ual performance metrics, this approach seeks to determine the best service rate parameters
specifically y; for the active mode and y;’ for the low-power (sleep) mode that minimize
the total operational cost of the system. By formulating the problem as a constrained mini-
mization task, the model captures how parameter tuning influences the economic and energy
efficiency of the tHAP under varying traffic and system dynamics.

To solve this nonlinear and analytically intractable optimization problem, three nature-
inspired metaheuristic algorithms as mentioned above are employed. Each algorithm explores
the solution space to find the optimal pair (y;, y,) that yields the minimum total cost.

Mathematically, the cost-minimization problem takes the form:

TC(yy.yy) = Minimize TC(yp. yo).
yh’yi

To analyze how the cost function responds to varying parameters, the relevant cost values
used are summarized in Table 14.

7.3 Formulation of the Optimization Problem

In the optimization study, Eq. 49 is used as the objective function, where the decision vari-
ables are y}, and y,. These variables directly influence the cost components related to delay
and energy consumption. The search space for both y;, and y, is restricted to the interval [2, 8]
to ensure that the optimization is carried out within a feasible and operationally meaningful
range. Values smaller than 2 correspond to unrealistically short sleep or vacation periods that
provide negligible energy benefits, while values larger than 8 lead to excessively long inactive
durations that significantly increase delays. Furthermore, choosing this interval guarantees
that the stability condition p < R is satisfied for all feasible parameter values, ensuring that
the system load remains strictly below the effective service capacity during the optimization.
Thus, the interval [2, 8] provides a balanced and safe region in which Eq. 49 is meaningfully
minimized while preserving system stability. Consequently, the metaheuristic search deter-
mines the optimal service-rate parameters y; and y,, which minimize the total operational
cost while satisfying all the feasibility and stability constraints.

Contidered o mlyien T Costsets Gy Gy G Gn G G O
comparison Set 1 95 25 15 55 20 15 12
Set2 75 45 25 25 10 25 15
Set 3 15 15 20 30 5 30 20
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7.4 Whale Optimization Algorithm (WOA)

The Whale Optimization Algorithm (WOA) is a bio-inspired metaheuristic proposed by
Mirjalili and Lewis (2016) that mimics the bubble-net hunting behavior of humpback whales.
It balances exploration and exploitation through encircling, spiral updating, and search for
prey, making it effective for solving nonlinear and multidimensional optimization problems.
Nadimi-Shahraki et al. (2023) gave a systematic approach on WOA.

In the case of WOA, system parameters such as w = 2.5,8 = 4, vz = 9, w; = 0.25,
wy = 0.5, w3 = 0.25,& = 3.3, and = 13 are fixed while optimizing the overall cost. The
decision variables are restricted to the interval (Aggarwal et al. 2025; Daraseliya et al. 2025),
and the optimization is executed for 150 iterations with a population size of 75, resulting
in a total of 11,250 function evaluations. The search is performed in a two-dimensional
space corresponding to (yp, ¥y), with initial candidate solutions sampled uniformly within
the feasible range. The main WOA control parameter decreases linearly from 2 to 0 during
the search to gradually shift the algorithm from exploration to exploitation. At each iteration,
candidate solutions are updated using the standard encircling and bubble-net mechanisms,
and the fitness of each whale is evaluated using the objective function in Eq. 49. Any candidate
solution that moves outside the allowable range is automatically adjusted to the nearest valid
boundary. A convergence curve is recorded by storing the best cost value at every iteration.
The algorithm terminates when the maximum iteration count is reached or when no noticeable
improvement in the objective value is observed, and the final outputs are the optimal values
(yy» vy and the minimum cost.

Algorithm 1 outlines the procedural steps of the WOA algorithm in pseudocode form,
while Table 15 summarizes the impact of parameters (k, 1, #) on the minimum total cost and
optimal service rate (y,", y,') employing WOA.

Algorithm 1 Pseudo Code for WOA Algorithm.

Initialize whale population randomly within the search space.
Evaluate the fitness of each whale.
Identify the best solution (leader).
for every iteration do
Update ¢, C, D, m and q
for each whale do
if q <0.5 then
if C<1 then
Update position using encircling strategy.
else if C>1 then
Move randomly toward another whale (exploration).
end if
else if ¢>0.5 then
Update position using spiral movement (exploitation).
end if
end for
Evaluate new positions and update the best solution if improved.
end for
Return the best solution found.
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Table 15 Impact of k, 7,6 on (TC, y];“, 7o) using WOA
Parameters (Tc, yg‘, 7o)
Cost set 1 Cost set 2 Cost set 3
0.5 (35.4404,2.1770,2.9923) (69.1882,1.7523,2.8664) (83.7735,1.9102,2.7403)
K 0.7 (38.4624,2.2572,2.9192) (74.7859,1.8323,2.7983) (93.8934,2.0315,2.6080)
0.9 (40.2894,2.3839,2.7850) (81.0015,1.9042,2.7162) (104.6975,2.1455,2.4505)
11 (47.2833,2.3630,2.8032) (69.1225,1.7547,2.8741) (86.7321,1.9378,2.7090)
n 13 (47.1808,2.3799,2.7942) (69.0378,1.7660,2.8754) (86.6553,1.9383,2.7342)
15 (47.1071,2.3771,2.8013) (68.9489,1.7761,2.8868) (86.6292,1.9482,2.7386)
(47.3524,2.3620,2.8004) (71.8884,1.7935,2.8347) (86.0791,1.9105,2.6704)
6 (45.4617,2.3346,2.8146)  (71.6885,1.7793,2.8129)  (85.7830,1.9027,2.6352)

(44.2915,2.3184,2.8244)

(71.6201,1.7695,2.7958)

(85.6795,1.9032,2.5979)

7.5 Artificial Bee Colony Optimization (ABC)

The Artificial Bee Colony (ABC) algorithm is a swarm intelligence-based optimization tech-
nique developed by Karaboga and Basturk (2007). It simulates the foraging behavior of honey
bees in search of high-quality food sources. The bee colony is typically divided into three
types: employed bees, onlooker bees, and scout bees, each contributing differently to explo-
ration and exploitation. Employed bees exploit known food sources, onlooker bees select
food sources based on shared information, and scout bees explore new potential regions
randomly. ABC is particularly known for its strong exploration capabilities and robustness
in handling complex, multi-modal optimization problems. Recently, Mathavavisakan and
Indhira (2025), combined ABC and neuro-fuzzy systems to minimize cost in a batch arrival
retrial queue with working vacations.

In the case of ABC, the number of employed bees and onlooker bees is set to 37 each (half
of the total population size of 75), and the number of scout bees is determined adaptively based
on the abandonment criteria. System parameters suchasé = 4,w = 2.5,v3 = 9, w1 = 0.25,
wy = 0.5, w3 = 0.25,& = 3.3, and p = 13 are fixed while optimizing the overall cost. The
abandonment limit is fixed at 100, and the acceleration coefficient is set to 2, which controls
the neighbourhood search around each food source. The optimisation is carried out over
100 iterations, with the decision variables restricted to the interval (Aggarwal et al. 2025;
Daraseliya et al. 2025). The search is performed in a two-dimensional space corresponding to
the decision vector ()5, ¥y ), and all initial candidate solutions are generated uniformly within
this feasible domain. Across the 100 iterations and 75 bees, the algorithm performs a total
of 75 x 100 = 7,500 objective-function evaluations. At each iteration, the fitness associated
with each candidate is calculated from the objective value in Eq. 49 using an exponential
scaling, and onlooker bees select food sources via a roulette-wheel selection mechanism
based on these fitness values. Any solution that fails to improve for 100 consecutive trials
is abandoned and replaced by a scout bee through random reinitialisation within the same
bounds. A convergence curve is recorded by storing the best cost value at every iteration. Upon
termination, the algorithm returns the minimum cost obtained along with the corresponding
optimal parameters (y;’, ¥,;).

Algorithm 2 outlines the procedural steps of the ABC algorithm in pseudocode form,
while Table 16 summarizes the impact of parameters (k, 1, 6) on the minimum total cost and
optimal service rate (y;", y,;) employing ABC.
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Table 16 Impact of k, 7,6 on (TC, y];“, 7o) using ABC

Parameters (TC.y . v)
Cost set 1 Cost set 2 Cost set 3
0.5 (34.5370,2.2023,2.9539) (69.1821,1.7515,2.8696) (83.0791,1.9088,2.6715)
0.7 (39.6393,2.2596,2.9016) (74.7860,1.8316,2.8021) (90.6220,1.9915,2.5730)
0.9 (44.2916,2.3118,2.8267) (81.0004,1.9101,2.7056) (98.8850,2.0724,2.4579)
11 (35.4811,2.2053,2.9559) (69.1223,1.7581,2.8735) (83.6642,1.9608,2.6325)
13 (35.2332,2.2102,2.9547) (69.0378,1.7707,2.8731) (83.5694,1.9684,2.6315)
15 (35.0451,2.2100,2.9557) (68.9829,1.7766,2.8765) (83.5100,1.9811,2.6322)
5 (34.6070,2.1783,2.9901) (69.1822,1.7526,2.8718) (83.7319,1.9520,2.6283)
6 (35.1703,2.1943,2.9642) (69.5452,1.7451,2.8426) (82.6787,1.9382,2.6055)
7 (35.6372,2.2085,2.9497) (69.8410,1.7391,2.8208) (82.0822,1.9252,2.5762)

7.6 Grey Wolf Optimizer (GWO)

The Grey Wolf Optimizer models the leadership hierarchy and hunting strategy of grey
wolves in nature introduced by Mirjalili et al. (2014). By simulating the roles of alpha, beta,
delta, and omega wolves, the algorithm effectively navigates between global exploration and
local exploitation during optimization. A Markovian retrial queue with feedback and failures,
optimized via GWO was studied by Dhibar and Jain (2025).

In the case of GWO, the control parameter decreases linearly from 2 to 0 over the course
of 150 iterations to balance exploration and exploitation. The population size is set to 75,
and the decision variables are restricted to the interval (Aggarwal et al. 2025; Daraseliya
et al. 2025). System parameters such as w = 2.5, = 4, v3 = 9, w1 = 0.25, wr, =
0.5, w3 = 0.25, &£ = 3.3, and u = 13 are fixed while optimizing the overall cost. The
optimization is performed in a two-dimensional search space corresponding to (yp, ¥y), with
all wolves initialised uniformly within this domain. At each iteration, the fitness of every wolf

Algorithm 2 Pseudo Code for ABC Algorithm.

Initialize food sources (solutions) randomly.
Evaluate the fitness of all food sources.
while stopping criterion is not met do
for each employed bee do
Generate a neighbor solution.
Apply greedy selection.
end for
Calculate selection probabilities.
for each onlooker bee do
Choose a food source based on probability.
Generate a neighbor solution.
Apply greedy selection.
end for
if any food source exceeds the abandonment limit then
Replace with a new randomly generated solution.
end if
Memorize the best solution found so far.
end while
Return the best food source.
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Table 17 Impact of k, 0,6 on (TC, y];“, 7y) using GWO
Parameters (TC.y . v)
Cost set 1 Cost set 2 Cost set 3

0.5 (35.6930,2.2777,2.9535)
0.7 (39.6395,2.2541,2.9007)
0.9 (43.9960,1.6231,1.4774)
11 (37.4061,2.2340,2.9242)
13 (37.1923,2.2350,2.9319)
15 (37.0313,2.2413,2.9288)
5 (37.2602,2.7724,3.3868)
6 (37.4491,2.2223,2.9480)
7 (37.5528,2.2601,2.9425)

(69.1356,1.8326,2.8807)
(74.9031,1.9059,2.9415)
(78.0182,1.9160,2.9061)
(72.4468,2.3886,2.8481)
(71.8163,1.8150,2.8388)
(71.8002,1.8208,2.8632)
(71.9313,1.8321,2.8071)
(73.7959,1.5083,2.8024)
(74.2202,1.5850,2.4067)

(82.9769,1.9120,2.6866)
(91.5815,2.0016,2.5770)
(55.7902,2.2717,2.3350)
(85.6639,1.9676,2.6011)
(85.5828,1.9753,2.6631)
(85.4316,1.9813,2.7427)
(87.0401,1.9991,2.7354)
(86.8946,1.9947,2.6006)
(85.2134,1.9195,2.4732)

is evaluated using the objective function in Eq. 49, and any wolf that steps outside the feasible
range is returned to the nearest valid boundary. The hierarchy of the pack (alpha, beta, and
delta wolves) is updated based on these fitness values, and the remaining wolves update their
positions using the standard leader-guided mechanism. A convergence curve is generated
by recording the best cost value at each iteration. With 75 wolves and 150 iterations, the
search involves a total of 75 x 150 = 11,250 objective-function evaluations. The algorithm
terminates after the maximum iteration count is reached and returns the minimum cost along

with the optimal parameters (v, y;;).

Algorithm 3 outlines the procedural steps of the GWO algorithm in pseudocode form,
while Table 17 summarizes the impact of parameters (k, 1, #) on the minimum total cost and
optimal service rate (y;, y,;) employing GWO.

Algorithm 3 Pseudo Code for GWO Algorithm.

Initialize grey wolf population within bounds.
Evaluate fitness of each wolf.

Identify alpha (best), beta (second), and delta (third) wolves.

for t = 1 to Maxlterations do
Update control parameter.
for each wolf Xi do
for each leader (alpha, beta, delta) do
Compute vectors A and C.

Compute distance and candidate position.

end for

Update Xi as the average of all three positions.

end for
Evaluate fitness of updated wolves.
Update alpha, beta, and delta accordingly.
end for
Return the alpha wolf as the optimal solution.
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7.7 Comparative Analysis within WOA, ABC and GWO

To evaluate the effectiveness of the optimization methods employed, a comparative analysis
was conducted among the WOA, ABC and GWO. All algorithmic simulations were executed
in MATLAB, which was used to generate the corresponding cost values and comparative
results presented from Tables 15 to 17. The performance of each algorithm was assessed
based on the final minimized cost value and consistency across multiple simulation runs.
Results indicated that ABC slightly outperformed WOA and GWO in terms of achieving
a lower total system cost, suggesting its stronger exploitation capabilities in fine-tuning
service rate parameters. Meanwhile, WOA demonstrated competitive performance with fewer
fluctuations, and GWO showed reasonable results though with slightly higher variation.
Overall, all three algorithms effectively minimized the objective function, but ABC emerged
as the most efficient for the given problem setting.

7.8 Convergence Behavior of WOA, ABC, and GWO

The convergence patterns of the three metaheuristic algorithms were also examined to under-
stand their search dynamics. ABC displayed a steady and rapid convergence toward the
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Fig. 12 Convergence of the cost function
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GWO

Total cost
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Fig. 13 Optimality of the cost function

optimal cost value, indicating its efficiency in balancing exploration and exploitation. WOA
converged slightly more slowly but consistently, maintaining stability without premature con-
vergence. In contrast, GWO showed faster initial progress but exhibited some stagnation in
later iterations, hinting at limited exploitation in fine-tuning the solution. These observations
affirm that while all algorithms are capable of navigating the cost landscape effectively, ABC
provides the most robust convergence behavior for the formulated optimization problem. The
convergence behavior of the three algorithms is illustrated in Fig. 12, while the optimality
and variation of the total cost function across optimization runs are depicted in Fig. 13.

8 Conclusion and Future Work

In this study, a novel energy-efficient modeling framework for a tHAP incorporating a retrial
queueing system enhanced with multi-level sleep modes and dynamic system behaviors was
presented. By integrating three distinct sleep states SM1 (light), SM2 (moderate), and SM3
(deep) the model captures a traffic-aware sleep strategy that intelligently balances energy
consumption with service responsiveness. The stochastic analysis, supported by steady-state
probability solutions and performance measures, confirms the effectiveness of deeper sleep
modes in significantly reducing power usage, especially during periods of low traffic.
Furthermore, a cost optimization framework was formulated and addressed using three
distinct metaheuristic algorithms, effectively identifying near-optimal parameter. Compara-
tive results validate the robustness and performance of the proposed solution under realistic
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tHAP operating conditions. Overall, this study offers a comprehensive and scalable solution
for next-generation tHAP design, promoting intelligent energy management without com-
promising user experience. The integration of queuing dynamics, predictive control, and
optimization provides a strong foundation for future green 5G and beyond network architec-
tures.

Future work may focus on integrating more advanced queueing scenarios, such as priority-
based or heterogeneous service classes, to better reflect diverse traffic patterns in 5G networks.
The model can also be extended to include multi-server systems or interconnected tHAPs,
capturing the effects of load balancing and handovers. Incorporating adaptive sleep mode
transitions driven by real-time traffic prediction using machine learning can further optimize
energy efficiency. Finally, leveraging hybrid metaheuristics or reinforcement learning could
enable smarter, real-time cost and energy management in dynamic network environments.

Appendix A

Nr;/(l) = 2{—KE(X)[R(R — 1) = 8 +)ls Q*(0) — kE(X)E(Q) — 0E(Q)] — 1

E(X)E(P) + o[k E(X)[1 =k E(Q) + nE(P)] +k[s Q*(6) —0E(Q) — R1]]
+ [k E(X)S*(c + m[1 — nE(P)N[m1« E(X)Q*(O)E(L1) + w2 E(L2) + w3E(L3)]]

+1-Q%O)] - §*(c + Mu[k EX)E(P)[R — [s Q*(60) — kE(X)E(Q) — GE(Q)]]}.
Nry (1) = 3{—KE(X2)[R(1 — 1) = S*(kc + 1+ Q") — kE(X)E(Q) — 0E(Q)]

— nE(X)E(P) + o[k EQO[1 — kE(Q) + nE(P)] + «[s Q*(0) — 0E(Q) — R]]]

- KE(X)[R(R — D[l —k —nol—S*k + [l — 20 O%(8) — k E(X)E(Q) — 0

E(Q)] -5 Q*(0) — 2 E(X)E(Q)s — k[E(X2)E(Q) + E(X)E(Q2)] — 0E(Q)]]
— KE(X2)o + 3002 E(X)E(P)R + K[E(X2) E(P) + E(X)E(P)]] + o [k E(X2)

+ 2 E(X)[s Q*(0) — kE(X)E(Q) — 0E(Q)] +«ls  Q*(0) — A E(X)E(Q)s —«
[E(X2)E(Q) + E(X)E(Q2)] = 0E(Q2)] + nk[E(X2)E(P) — E(P)E(X)] —«

R(R — 1)]} + [£S*(k + DIEX)[1 = nE(P)] — nE(X)E(Py)]][w1 Q*(0)x E(X)
[E(L1) + @2 E(Ly) + @3 E(L)I + 1 — Q¥(O)] + [k E(X)S* (k + n)(1 — nE(P))]
[wl Q*(O)K[E(X)[E(L12) + @2 E(L2) + w3 E(L3)E(X2)E(Ly) + E(X2)[E(Ly)

+ @[E(L2) + w3E(L3)]]] — 20} (KE(X))Z[E(Q)[E(LL) +@2[E(L2) + w3E(L3)]]
+ @ Q" (O)E(L)E(L1) + w3[E(L1)E(L3) + E(Lp)E(L3)1]] +2(1 — Q*(0))

9E(R)] — 8*(kc + mn[k(E(X2)E(P) + E(X)E(P2)(R — [s'Q*(6) — kE(X)E(Q)
—OE(Q)]) +kEX)E(P)R(R — 1) — [ Q*(8) — AE(X)E(Q)s — k[E(X2)E(Q)

+ E(X)E(Q2)] = 0EQ)D] -
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Dr; (1) = —2cE(X) |:R —[S*(kc + 1) + KE(X)a] — [S*(k + ) + xollc O (0) — K E(X)

E(Q) —0E(Q)] —nolk E(X)E(P) + R]]

Dry (1) = _3KE(XZ)[R —[S*(k + 1) + K E(X)o] — [S*(k +n) + kol Q*(0) — kE(X)
E(Q) —0E(Q)] = nolR — KE(X)E(P)]] - 3:«E(X)[R<R D= [8"k +m) +x
E(X2)o] = 2[8*(k + n) + kEX)olls Q*(0) — k E(X)E(Q) — HE(Q)] — [S*(k + )
+rolls’ Q°0) — A E(X)E(Q)¢ —KIE(X2)E(Q) + E(X)E(Q2)] — 0E(Q)] — 1o

[R(R — 1) — k[E(X2)E(P) + E(X)E(Py) + 2E<X>E(P)R]1]A
N (1) = Nry (1) = 6[s*<x + M ECOE(P)[[s Q*(8) — kE(X)E(Q) — 9E(Q)] - R]
+2(1 = Q @)1 — BERKEX)S* (e + m[1 — nE(P)]]]-
&' =ik [E(X)[E(le) +@[E(Ly) + o3 E(Lap)]] + E(X)IE(L1) + ma[E(L))

+ w3E(L3)]]] + 2w @y (E(X)) E(LDE(Ly) + 3 E(Ly) E(L3)]).
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