Discrete & Continuous Models
& Applied Computational Science

ISSN 2658-7149 (Online), 2658-4670 (Print)

2026, 34 (2) 175-186
http://journals.rudn.ru/miph

Research article
UDC 519.872
PACS 02.50.Ga
DOI: 10.22363/2658-4670-2026-34-2-175-186 EDN: JEHUQU

A queueing-inventory model for energy-constrained UAV base
stations in non-terrestrial networks

Alexander E. Askerov!, Sergey D. Bogolyubov!, Kseniia A. Leonteval,
Anastasia S. Vlaskinal!, Irina A. Kochetkoval-2

! RUDN University, 6 Miklukho-Maklaya St, Moscow, 117198, Russian Federation

2 Federal Research Center “Computer Science and Control” of the Russian Academy of Sciences, 44-2 Vavilova St, Moscow
119333, Russian Federation

(received: March 25, 2026; revised: April 25, 2026; accepted: April 30, 2026)

Abstract. Unmanned aerial vehicle base stations are envisioned as key enablers of sixth-generation non-terrestrial
networks, offering on-demand aerial coverage for remote areas, mass events, and emergency scenarios; however,
their operational continuity is fundamentally limited by finite onboard battery capacity, a constraint that existing
analytical models address inadequately by either ignoring energy dynamics or treating battery charge as a static
parameter. The purpose of this study is to develop an analytical framework that jointly captures stochastic
user service and discrete battery dynamics under a controlled recharging discipline. We propose a queueing-
inventory model in which the unmanned aerial vehicle base station is represented as a loss system with a discrete
energy resource and a threshold-based recharging policy; users arrive according to a Poisson process, service
times are exponentially distributed, each served connection consumes one energy unit, and recharging is
triggered when the battery level reaches a critical threshold. The system is formulated as a two-dimensional
continuous-time Markov chain, and explicit expressions are obtained for the mean number of active users,
the mean battery reserve, and the user blocking probability. Numerical experiments across three operational
scenarios — remote area monitoring, mass event coverage, and emergency response — reveal that the threshold
parameter governs a fundamental trade-off between user throughput and recharging overhead, providing
a tractable tool for selecting unmanned aerial vehicle specifications at the design stage of sixth-generation
communication systems.
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1. Introduction

Non-terrestrial networks are recognized as a critical component of next-generation communication
infrastructure, enabling the integration of space-borne and airborne platforms into terrestrial
networks to provide ubiquitous connectivity [1]. Within this framework, unmanned aerial vehicles
(UAVs) have emerged as key elements due to their mobility, deployment flexibility, low-altitude
operation providing line-of-sight connectivity, and relatively low operational costs [2]. However,
line-of-sight availability is not guaranteed in dense urban environments, where ground and rooftop-
mounted obstacles introduce non-trivial blockage effects that must be accounted for in deployment
planning [3]. The transition to sixth-generation (6G) networks necessitates a fundamental change
of perspective on non-terrestrial architectures, positioning UAV-based platforms as indispensable
components of the future communication landscape [4]. Indeed, UAVs are now recognized alongside
terahertz communication and intelligent reconfigurable surfaces as key enabling technologies for
6G wireless networks [5]. The integration of UAVs with 6G networks unlocks new possibilities for
applications ranging from real-time environmental monitoring and cargo delivery to emergency
communications and secure relay services [6].

Despite these promising prospects, UAV adoption faces a fundamental challenge: limited energy
autonomy. The operational continuity of UAVs is strictly constrained by the finite capacity of their
onboard batteries. Flight times of modern UAVs typically range from 10 to 60 minutes due to size,
weight, and power limitations [7]. Simply increasing battery capacity creates a paradoxical effect —
larger batteries increase weight, requiring more energy for lift and potentially degrading aerodynamic
performance [8]. When serving as mobile radio access nodes, additional payload equipment further
increases energy consumption, reducing operational time. In remote deployment scenarios lacking
ground infrastructure, UAVs must travel significant distances between service areas and recharging
stations before battery depletion [9].

These constraints necessitate analytical frameworks that capture the stochastic interaction between
user traffic, energy consumption, and recharging discipline. Existing queueing models for UAV
networks typically abstract away energy constraints or treat battery charge as a static parameter,
failing to capture the dynamic interplay between stochastic service and battery replenishment.
Conversely, energy consumption models for UAVs lack the stochastic service perspective necessary
for quality-of-service analysis in 6G scenarios. While substantial research has addressed each stream
independently, as reviewed in Section 2, their synthesis remains underexplored.

To address this gap, we adopt the formalism of queueing-inventory systems, which provides
a unified mathematical framework for jointly modeling service processes and resource
replenishment [10]. The UAV battery charge is treated as a discrete resource consumed by stochastic
user connections and replenished exclusively through controlled charging from a ground station.
The main contributions of our study are as follows:

- We propose a queueing-inventory model for a UAV base station that jointly captures stochastic
user arrivals and discrete battery dynamics under a threshold-based recharging policy.

- We formulate the system as a two-dimensional continuous-time Markov chain and derive explicit
expressions for three key performance indicators: the mean number of active users, the mean
battery reserve, and the user blocking probability.

- We conduct a numerical study across three representative operational scenarios — remote area
monitoring, mass event coverage, and emergency response — and quantify the fundamental
trade-off between user throughput and recharging overhead governed by the critical threshold
parameter.
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The remainder of this paper is organized as follows. Section 2 provides a concise review of related
work on UAV energy modeling and queueing theory applications. Section 3 describes the system
model, including the network scenario, user arrival process, and energy management policy. Section 4
presents the analytical model, where we define the state space, transition rates, and global balance
equations, and derive key performance measures. Section 5 contains the numerical results and
discussion for three representative operational scenarios. The final section concludes the paper and
provides an outlook for further investigations.

2. Related work

This section reviews three streams of related work directly relevant to the proposed model: UAV
energy modeling, queueing-theoretic analysis of UAV networks, and queueing-inventory frameworks
for resource-constrained systems.

Energy constraints remain a primary operational limitation for UAV systems. Beyond the
fundamental size, weight, and power trade-offs [7], propulsion efficiency varies significantly with
flight parameters, and payload configuration substantially impacts overall consumption patterns [8].
Empirical models based on battery discharge experiments have established quantitative relationships
between flight characteristics and energy consumption rates [11], while generalized propulsion
models capture the nonlinear effects of velocity and acceleration on energy usage [8]. Energy-
aware path planning has been shown to extend operational time by 15-30% compared to baseline
approaches, though gains depend heavily on environmental conditions [9]. Radio-frequency energy
harvesting techniques have also been explored as a means of sustaining UAV operations [12], yet such
solutions remain limited by low power density and environmental variability. Trajectory optimization
combining metaheuristic and reinforcement learning methods has demonstrated adaptive energy
management under dynamic conditions [13]. More recently, privacy-preserving federated learning
frameworks have been applied to UAV path optimization, enabling autonomous data-driven route
planning without centralized data sharing [14]. Diffusion approximation has been applied to model
stochastic energy changes in harvesting batteries [15], offering a complementary perspective to the
discrete-state approach adopted in the present work.

Queueing-theoretic approaches have been employed to analyze UAV network performance under
stochastic traffic conditions. The interaction between signal interference and queue dynamics in
unlicensed spectrum has been studied, yielding models for distributed transmission control that
account for both channel conditions and buffer states [16, 17]. Digital twin architectures integrated
with queueing analysis have shown potential for real-time performance optimization [18]. For multi-
UAV systems, Markov models capturing controlled degradation strategies in swarm delivery scenarios
have been developed [19], virtual coordinate-based intra-swarm routing protocols have been proposed
for GPS-denied environments [20], and deep reinforcement learning has been applied to dynamic
resource allocation under quality-of-service constraints [21]. Cognitive communication frameworks
with optimized downlink power control have also been investigated [22]. Joint resource allocation
and path planning in mobile edge computing scenarios have been examined to minimize latency and
energy expenditure simultaneously [23]. While these works address various aspects of UAV network
performance, they do not incorporate discrete energy inventory dynamics into the queueing model.

The queueing-inventory framework simultaneously captures service processes and resource
dynamics, making it a natural fit for systems in which service capacity depends on a replenishable
resource. A comprehensive survey of inventory systems with positive service time established
the theoretical foundations for this class of models [10]. The applicability of the framework to
energy-constrained systems has been demonstrated through analysis of queues with controlled
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Figure 1. Schematic representation of the UAV base station system

replenishment under general input processes [24]. Queueing-inventory systems under catastrophic
inventory depletion and various replenishment policies have been investigated [25], illustrating the
versatility of inventory-based models for capturing complex resource dynamics.

Despite this body of work, no existing model jointly addresses stochastic user traffic and discrete
battery dynamics under a threshold-driven recharging policy in a UAV base station context. This gap
motivates the queueing-inventory formulation proposed in the present paper.

3. System model

The system under consideration is a UAV-mounted base station deployed in environments with
limited or absent ground infrastructure, such as remote areas, mass public events, or emergency
response zones. The UAV provides wireless connectivity to users in its coverage area while operating
autonomously on battery power. The system comprises three main components: a rechargeable
battery that supplies energy for user service, a transceiver unit that handles incoming user
connections, and a controller that governs system operation by monitoring both the battery level
and the number of active connections. The transceiver unit can handle up to N user connections
simultaneously, reflecting the radio resource limitations of the UAV. The battery has a finite capacity
divided into K identical energy slots, where each slot represents the energy required to serve one
user connection to completion. The critical threshold s (0 < s < K) defines the minimum battery
level at which the UAV must cease serving users and initiate recharging. A schematic representation
of the system architecture is shown in Figure 1.

Users arrive at the coverage area and request connection to the base station according to a Poisson
process with intensity 1. If the number of active connections is less than N and the battery level is
above the threshold s, the arriving user is accepted and service begins immediately; otherwise the
user is blocked and lost. The system thus operates as a loss system without waiting. Each completed
connection consumes exactly one energy slot, causing the battery level to decrease by one unit upon
service completion. Service times are independent and exponentially distributed with rate u.

The controller continuously monitors the battery level. When the charge drops to the critical
threshold s, the UAV ceases to accept new users, suspends all ongoing connections, and proceeds to
the recharging station, which is assumed to be always available. The recharging process restores the
battery from level s back to the maximum capacity K, with recharging time exponentially distributed
with rate v. The UAV remains completely unavailable for user service during the entire recharging
cycle and resumes normal operation only after the battery reaches level K. The notation used
throughout this paper is summarized in Table 1.
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Table 1
Main notation

Parameter Description

N Maximum number of simultaneous user connections

=

Maximum battery capacity (energy slots)

s Critical battery threshold (0 < s < K)

A User arrival rate (Poisson process intensity)

u Per-connection service rate (exponential service time)

v Battery replenishment rate (exponential recharging time)
n Current number of active connections

k Current battery level (energy slots)

4. Queueing-inventory model

The state of the system at time ¢ is described by a two-dimensional stochastic process {7i(t), k(t)},
where 7i(t) is the number of active user connections (0 < 7(t) < N) and k(t) is the current battery
level (s < k(t) < K). The system operates in two modes: the serving mode, in which the UAV accepts
user connections with battery level above the threshold s, and the recharging mode, in which the
UAV is at the charging station with battery level s and no connections are served. The state space is
accordingly defined as:

X={n,s):0<n<N-1}Ju{(n,k) :0<n<N,s<k<K}

States with k < s are unreachable, since the battery never drops below the recharging threshold.
The state (N, s) is also unreachable: the battery reaches level s only upon a service completion, which
simultaneously frees one connection slot, so the system transitions to (N — 1, s) rather than (N, s).
Consequently, all recharging states satisfy 0 < n < N — 1. A schematic representation of the model is
shown in Figure 2.

The system dynamics are governed by three types of transitions, as illustrated in the transition
intensity diagram (Figure 3):

- User arrival: from state (n, k) to (n + 1,k) at rate 1, whenn < N and k > s.

- Service completion: from state (n,k) to (n — 1,k — 1) at rate nu, when n > 0 and k > s. If the

resulting battery level equals s, the system enters recharging state (n — 1, s).

- Recharging completion: from state (n,s) to (n,K) atrate v, for0 < n < N —1.

The nonzero elements of the transition intensity matrix Q are:

Q[(n,s), (n,K)]=v, 0<n<N-1,
Q[(n,k), (n+1,k)]=4, 0<n<N-1,s+1<k<Kk,
Ql(n,k), (n—1,k—1)]=nu, 1<n<N,s+1<k<K.
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Figure 2. Queueing-inventory model Figure 3. Transition intensity diagram

Let (n, k) = lim,_, , P{7i(t) = n,k(t) = k} denote the stationary probability of state (n,k). The
global balance equations are:
v(0,s) = um(l,s + 1),
vr(n,s) = (n+ Dur(n+1,s+1), n=1,...,N—1,
An(0,k) = ur(1,k+1), k=s+1,...,K—1,
A+ nwr(n,k)y=Az(n—1,k)+ (n+ Dur(n+1,k+1), n=1,..,.N—-1,k=s+1,...,K—1,
Nun(N,k) = An(N - 1,k), k=s+1,...,K,
A7(0,K) = v7(0, s),
A+ nuwr(n,K) =vr(n,s) + Ar(n—1,K), n=1,..,N—-1,

supplemented by the normalization condition ), (ke 7(n, k) = 1. The stationary distribution is

obtained numerically by solving this linear system.
Based on the stationary distribution, three key performance metrics are defined. The mean number

of active connections is:

N K N-1
L= Z Z nm(n, k) + Z nz(n,s).
n=0 k=s+1 n=0
The mean battery reserve is:
N K N-1
Yayg = z z kr(n, k) + Z sm(n, s).
n=0 k=s+1 n=0
The user blocking probability accounts for two sources of blocking — energy depletion and capacity
saturation:
N-1 K
Piiock = Z n(n,s) + Z (N, k).
n=0 k=s+1

energy blocking  capacity blocking

These performance metrics are evaluated numerically in Section 5 for varying system parameters
N, K, s, A, u, and .
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Figure 4. Performance metrics as functions of critical battery threshold s for varying arrival intensities A: (a) user blocking
probability Ppjec, (b) mean number of active connections L, (c) mean battery reserve Yy,

5. Numerical results

Having obtained the stationary distribution 7z(n, k) for all states (n,k) € X, we evaluate the three
performance indicators introduced in Section 4: the mean number of active connections L, the mean
battery reserve Y,,,, and the user blocking probability Py, . The numerical analysis proceeds in
two stages. First, we examine the sensitivity of all three metrics to the critical threshold s for varying
arrival intensities. Second, we evaluate system behavior across three representative operational
scenarios that reflect distinct real-world deployment conditions.

Figure 4 illustrates the dependence of Pyjqcx, L, and Yo, on the critical threshold s for three values
of the arrival intensity (1 = 2, 3.5, 4.5). The blocking probability increases monotonically with both s
and A: higher values of s trigger recharging cycles more frequently, reducing the time the station is
available for user service, and this effect is amplified under heavier traffic. The mean number of active
connections remains relatively stable at low 1 but decreases slightly as s increases at higher loads,
reflecting the growing fraction of time spent in the recharging mode. The mean battery reserve Y,
grows nearly linearly with s across all arrival intensities, confirming that it is primarily determined
by the threshold rather than by traffic load. Collectively, these results demonstrate that s governs
a fundamental trade-off: conservative thresholds preserve battery reserves and reduce the risk of
energy depletion, while aggressive thresholds sustain higher throughput at the cost of increased
blocking.

To evaluate system performance under realistic deployment conditions, we consider three
scenarios summarized in Table 2, each characterized by distinct traffic intensity, radio resource
capacity, battery capacity, and recharging rate. The ratio K/N reflects the energy-to-capacity balance,
while the product K X v characterizes the overall energy throughput of the recharging infrastructure.

In the remote area scenario, the UAV operates under severe resource constraints: a very small
number of simultaneous connections (N = 2-3), a modest battery (K = 5-6), and extremely slow
based recharging (v = 0.05-0.10). Because the system spends most of its time in the recharging
mode, the blocking probability is the highest among all three scenarios and remains nearly constant
at approximately 0.97 as 1 increases, while both the mean number of active connections and the
mean battery reserve stay at very low levels. In the mass event scenario, the system has substantially
more radio resources (N = 12-20), a larger battery (K = 25-35), and moderate recharging capability
(v = 0.30-0.60). The blocking probability grows from approximately 0.40 to 0.72 as 1 increases,
reflecting progressive capacity saturation under heavy traffic, while the mean battery reserve
decreases steadily due to continuous high-rate energy consumption. In the rescue and emergency
scenario, all system parameters are scaled to their maximum values (N = 20-30, K = 40-60,
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Table 2
System parameters for three operational scenarios
Scenario A N K K/N v Kxv
(A) Remote area 0.5-1 2-3 5-6 2.0-2.5 0.05-0.10 0.3-0.5
(B) Mass events 10-30 12-20 25-35 1.5-2.0 0.30-0.60 10-15
(C) Rescue and emergency 15-25 20-30 40-60 1.3-1.7 0.80-1.20 35-60
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Figure 5. Performance metrics as functions of arrival intensity A for three operational scenarios: (a) user blocking probability
Ppocks (b) mean number of active connections L, (c) mean battery reserve Y,

v = 0.80-1.20) to maximize availability. This generous provisioning yields the lowest blocking
probability among the three scenarios, rising from approximately 0.15 to 0.40, and supports the
highest mean number of active connections. However, the mean battery reserve exhibits the steepest
decline, underscoring the intense energy demand imposed by sustained high-throughput operation.

Figure 5 presents Ppjq.x, L, and Yy, as functions of A for each scenario. The results confirm the
qualitative distinctions described above and reveal how the interplay between traffic load, battery
capacity, and replenishment rate shapes system performance across deployment contexts. The
remote area scenario exhibits the highest blocking probability due to its severely limited resources and
slow recharging, while the rescue and emergency scenario achieves the lowest blocking probability
owing to its maximized capacity and rapid recharging infrastructure.

6. Conclusion

This paper proposed a queueing-inventory model for a UAV base station with a discrete energy
resource and a threshold-based recharging policy. The system was formulated as a two-dimensional
continuous-time Markov chain, yielding explicit expressions for the mean number of active
connections, the mean battery reserve, and the blocking probability. Numerical analysis across three
scenarios — remote area monitoring, mass event coverage, and emergency response — confirmed that
the threshold parameter s governs a fundamental trade-off between user throughput and recharging
overhead, providing a tractable tool for UAV specification selection at the design stage of 6G systems.
Future work includes incorporating flight trajectory energy costs, multi-UAV cooperation with
handover mechanisms, and heterogeneous traffic models such as batch arrivals or non-exponential
service times.
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Cuctema MaccoBoro o6cny)XmMBaHus € 3anacamu gas
6ecnnnoTHbIX 6a30BbIX CTAHLUI C OrPpaHUYEHHbIM
3HepPropecypcom B HEHa3eMHbIX CeTAX
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AHHoTauus. BecinioTHBIe 6a30Bble CTAHIINY PACCMATPHUBAIOTCS KaK KII0UeBble 3IeMeHTH HEHa3eMHBIX ceTel
IIECTOTO ITOKOJIEHUsI, 00eCIIeInBaloIIie MOOMIbHOE IOKPHITHE B YAAJIEHHBIX PallOHaX, IPX MAaCCOBBIX MepO-
MPUATHAX U B YPe3BBIYAHBIX CUTYalUsX; BMECTe C TeM UX OllepallioHHask HeIIPePhIBHOCTD IPUHITUIINAIBHO
orpaHUYeHa KOHEYHOH eMKOCTbI0 G0PTOBOTO aKKyMYJ/ISTOPAa — OTPaHUYEHNe, KOTOPOe CYIIeCTBYIOIINEe aHaIHU-
TUYeCKUe MOZJeIN TU60 UTHOPUPYIOT, 1160 YIUTHIBAIOT JIUIIb CTATUYECKH. L]e/I1bI0 NCCIeJOBaHYSI SIBIISIETCS
paspaboTka aHaTUTUIECKOH MO/ie/IN, COBMECTHO OIIMCHIBAIOIIel CTOXaCTHYeCKoe 06CIy)KBaHMe IT0Ib30BaTe-
JIel U JUCKPeTHYIO AMHAMUKY 3aps/ia 6aTaper B yCJIOBHUAX IOJUTUKY IoA3apsanku. [Ipesiaraercs cucremMa
MacCOBOT0 OOCIy>KMBAHUI C 3aIIacaMu, B KOTOPOH OecrinioTHas 6a3oBast CTaHIMS IPeACTaBIeHa KaK CUCTeMa
C IIOTePSIMU, AUCKPETHBIM 9HEPreTUIeCKUM PeCypPCcOM U IIOPOTOBOI OTUTUKOM I0/3apsAAKY; II0JIb30BaTEIH
MIOCTYIAIOT COTIACHO IIyaCCOHOBCKOMY IIPOIIECCy, BpeMeHa 06CIy>KMBaHUs SKCIIOHEHIIaIbHBI, KaXKJ0€e CO-
eIHeHUe NTOTPebIeT OAHY eQUHUILY 3aps/ia, a MoA3apAAKa MHUIUUPYETCS IIPU JOCTKEHUN KPUTHIECKOTO
nopora. Cucrema popMasr30BaHa KaK JByMEPHBI MapKOBCKUH CIy4alHbIH IIPOLIeCC; TOLy4eHb! BhIPAKEeHUS
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[JISL CPEZIHEro YuCJia aKTUBHBIX II0JIb30BaTesIell, CPeJHEro YpPOBH 3apsija 6arapen U BEpPOSATHOCTY BJIOKUPOB-
ku. YUCIeHHBIH aHaIU3 TPEX CLIeHapHeB — yAaJeHHas TEPPUTOPHS, MaCCOBOE MEPOIIPUATHE U aBapUITHOe
pearupoBaHUe — II0KasbIBAeT, YTO IapaMeTp II0pora oIpezesseT KOMIPOMUCC MEX/Y IIPOIyCKHOU CIIoco6-
HOCTBIO 1 HAKJIAQZIHBIMU PACXOJAMH Ha IO/3aPAAKY, IPeOCTaBIIAS NHCTPYMEHT /JIsk BHIGOPA XapaKTePUCTUK
6EeCIIMIOTHBIX CTAHIIUMI.

KnioueBble cN10Ba: CHCTEMa MacCOBOTO OGCY)KHBAHUS C 3al1acaMy, CUCTEMa C IOTePsIMH, OeCIIIIOTHAs 6a30Bas
CTaHIIWS, HEHa3eMHas CeTh, IIOPOroBas IIOJUTHUKA MOA3aPAAKY, IUCKPETHBIH pecypc SHEPIrUU, MapKOBCKUN

CJIy4alHBII [IPOIiecc, BePOSITHOCTD GIIOKMPOBKY, CETH IIECTOTO ITOKOIEHHS



