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Abstract

Medical UAV delivery systems rely on battery swapping to sustain continuous operation, making
battery availability a key determinant of system performance. This paper develops a multiclass closed
queueing network with a priority-based battery reservation mechanism and a Priority-Based Battery
Allocation Approximate Mean Value Analysis (PBA-AMVA) method. The analytical model agrees well
with discrete-event simulation, achieving a mean absolute percentage error (MAPE) of 2.88 % across all
tested configurations. Results show that battery requirements depend on the absolute charging and flight
durations rather than their ratio alone. For example, two scenarios with the same charging-to-flight ratio
(3.0) require battery-to-UAYV ratios of 0.52 and 1.12, demonstrating that conventional ratio-based sizing
rules do not hold in finite shared-battery systems. Battery availability is identified as the primary
bottleneck under heavy demand, while a reservation ratio of 0.10—0.20 improves emergency service
with minimal throughput loss. A lookup table is provided for rapid battery capacity planning under
varying operating conditions.

(Received in May 2026, accepted in July 2026. This paper was with the authors 2 weeks for 2 revisions.)

Key Words: Medical UAV Delivery, Closed Queueing Network, AnyLogic Simulation, Task
Priority, Resource Allocation

1. INTRODUCTION

Medical UAV delivery systems rely on battery swapping to sustain continuous operations.
When multiple UAVs share a limited battery inventory, battery availability becomes a critical
operational constraint rather than a system parameter, especially under emergency logistics
where urgent missions require prioritized access while routine services must remain stable.
Consequently, battery allocation plays a key role in determining system performance and
service responsiveness.

Existing studies focus on facility location, routing, scheduling, and battery replenishment
strategies [1-5]. However, the coupled dynamics induced by shared battery resources remain
insufficiently studied. UAVs compete for a finite battery pool, leading to contention, queueing
delays, and class-dependent service interactions. These effects are dynamic and cannot be fully
captured by conventional optimization models, leaving the impact of battery inventory and
reservation policies underexplored.

To address this gap, we develop a multiclass closed queueing network for medical UAV
systems with shared batteries. A reservation mechanism is introduced to differentiate
emergency and regular tasks. Based on this model, a PBA-AMVA method is proposed for
steady-state evaluation. The model is validated via discrete-event simulation and applied to
battery capacity planning under varying conditions.

We develop a Priority-Based Battery Allocation (PBA) mechanism to capture the
interaction between resource circulation and inventory reservation in closed UAV queueing
networks. Unlike classical guard-channel policies for open systems, the proposed framework
introduces state-dependent battery access in a continuously circulating UAV population,
resulting in intrinsic coupling among service nodes and violating the independence assumption
in conventional reservation models. Based on this structure, a PBA-AMVA analytical
framework is developed to characterize steady-state system performance under battery reuse,
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task prioritization, and blocking dynamics. Furthermore, we show that battery requirements are
driven by absolute charging and flight durations rather than their ratio, revealing a fundamental
deviation from classical ratio-based scaling due to finite-capacity truncation effects.

The remainder of this paper is organized as follows. Section 2 reviews the related literature.
Section 3 introduces the system description and modelling assumptions. Section 4 develops the
proposed analytical method. Section 5 verifies the model using AnyLogic simulation. Section
6 presents the numerical experiments and discusses the results. Section 7 concludes the paper.

2. LITERATURE REVIEW

Existing studies on UAV battery replenishment have primarily focused on charging
infrastructure planning, replenishment strategies, and energy management. Hong et al. [6]
investigated charging-station coverage under flight-range constraints, while Arafat and Moh
[7], Mishra and Tiwari [8], and Li et al. [9] studied charging-facility deployment from the
perspectives of route planning, truck—drone collaboration, and integrated optimization. Zhou et
al. [10] incorporated charging constraints into blood-delivery optimization, whereas Bruni et al.
[11] analysed charging operations and energy consumption, and Can et al. [12] investigated
charging-station planning and deployment. Song et al. [13] and Gao et al. [14] further
investigated wireless charging, battery swapping, and intelligent energy management. Although
these studies have substantially advanced UAV battery replenishment, battery availability is
typically modelled as a deterministic operational constraint rather than a dynamically evolving
shared resource governed by queueing interactions. Consequently, battery contention,
inventory limitations, and queueing delays arising from multiple UAVs sharing a finite battery
pool remain insufficiently studied.

Resource reservation has long been studied in communication networks through guard-
channel and trunk-reservation policies, where a portion of system resources is reserved for high-
priority users. Similar resource allocation mechanisms have also been adopted in healthcare
resource management and cloud computing to provide differentiated services under limited
resources. However, these approaches generally assume that allocation decisions are
independent of reusable resource circulation. In UAV delivery systems, batteries are reusable
resources whose availability continuously evolves through charging and delivery operations.
Consequently, resource allocation becomes state-dependent through battery circulation within
a closed queueing network, making the proposed mechanism fundamentally different from
conventional reservation models developed for open systems.

Queueing theory provides an effective framework for analysing stochastic logistics systems
and has been increasingly applied to UAV logistics. Shen et al. [15] modelled UAV circulation
using a closed queueing network in which UAVs were treated as the circulating customers,
providing an analytical framework for shared-fleet operations. However, batteries were not
explicitly modelled as reusable circulating resources, nor were inventory reservation or battery
contention incorporated into the network dynamics. Lakhwani et al. [16] investigated priority
dispatching for medical UAV logistics using an open queueing network, while Wang et al. [17]
incorporated priority queueing mechanisms into emergency UAV delivery systems. Existing
studies have investigated either UAV circulation or task-priority scheduling but have not
represented the interactions among shared battery resources, inventory reservation, resource
contention, and priority-based service within a unified closed queueing-network framework.

For the performance analysis of closed queueing networks, Reiser and Lavenberg [18]
proposed the Mean Value Analysis (MVA) method, establishing an efficient analytical
framework for steady-state performance evaluation. Bryant et al. [19] first extended MVA to
multiclass priority queueing networks through a priority approximation, while Bondi and
Chuang [20] further developed an MV A-based approximation for closed queueing networks
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with preemptive priority servers. Baynat and Dallery [21], Buitenhek et al. [22], Park et al. [23],
and Ekren and Heragu [24] subsequently expanded AMVA to non-product-form networks,
shared resources, multiclass jobs, re-entrant production systems, and load-dependent service
mechanisms. Nevertheless, these formulations treat service resources independently of reusable
resource circulation and therefore cannot explicitly capture the coupling among battery
circulation, inventory reservation, and priority-based resource allocation.

Simulation-based approaches have been widely applied to UAV logistics optimization.
Xiao and Lan [25] proposed a truck—drone collaborative routing model, while Frigstad et al.
[26] and Erésto et al. [27] demonstrated the effectiveness of simulation for emergency UAV
logistics systems. More recently, Wisniewski [28] and Gabriel et al. [29] have advanced
simulation-based optimization by integrating large language models and mathematical
programming, respectively. Nevertheless, repeated simulations remain computationally
prohibitive for large-scale sensitivity analysis and battery capacity planning.

Motivated by these limitations, this study develops a multiclass closed queueing network
incorporating a priority-based battery reservation mechanism. Based on this model, a PBA-
AMVA method is proposed for steady-state performance evaluation and battery capacity
planning, and its accuracy is validated through discrete-event simulation.

3. METHODOLOGY

3.1 Problem description

This study considers a medical UAV delivery system with a star-shaped topology, as illustrated
in Fig. 1. The system consists of a central medical hub and m demand nodes served by a fleet
of N homogeneous UAVs. To sustain continuous closed-loop operations, a battery-swapping
station equipped with n, rechargeable batteries is deployed at the hub. Delivery requests are
classified into emergency (Class I) tasks and regular (Class II) tasks according to their urgency
levels, with Class I tasks receiving priority during loading operations. To provide differentiated
battery access under limited battery resources, a battery reservation mechanism is adopted.
Specifically, the battery inventory is partitioned into a Reserved Pool and a Common Pool
according to a reservation ratio £.

iy

i

Q

Figure 1: Architecture of the medical drone delivery system.
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3.2 Assumptions and notations

A multiclass CQN model is developed to evaluate the steady-state performance of the medical
UAYV delivery system under limited battery resources. The model notation is summarized in
Table I, and the following assumptions are adopted for steady-state analysis.

(1) Demand distribution: Demand arrivals at node i (i =1, 2, ..., m) are modelled as
independent Poisson processes with rate 4;. The overall demand consists of Class I and Class 11
tasks, occurring with probabilities o and 1 —a, respectively.

(2) Saturation condition: The system is analysed under a saturated-demand assumption,
where external arrivals exceed the maximum achievable throughput. This assumption
characterizes the capacity limit of the closed queueing network. Under this condition, UAVs
circulate continuously, and system performance is fully determined by internal resource
constraints. The resulting throughput represents the maximum sustainable service capacity for
planning.

(3) Service discipline: Within each task class, requests follow the FCFS discipline. Across
task classes, Class I requests have preemptive priority over Class II requests during loading
operations and non-preemptive priority during battery swapping.

(4) Charging process: The charging time of a depleted battery is modelled as a random
variable following a uniform distribution U [t, t], with mean charging time 7.

(5) Service time: The service time Sk of a Class & task includes both cargo loading and
battery swapping operations and is assumed to be deterministic.

Table I: Main notations and definitions.

Symbol | Definition Symbol | Definition
N Total number of drones Sk Service time
m Number of medical delivery points Ty Round-trip flight time
o Proportion of emergency tasks T, Charging time
b Battery reserve ratio W Mean waiting time
d Delivery point distance L Mean queue length
v Drone speed R, Residence time
c Number of vertiports X Throughput
nyp Number of batteries Ksys Total system throughput

PZSB -« | Battery depletion blocking probability Pl(jo) . | Reservation-based blocking probability

4. PERFORMANCE ANALYTICAL MODELLING

This section develops an analytical framework for evaluating medical UAV delivery systems
with shared battery resources. A battery reservation mechanism is embedded into a multiclass
closed queueing network to capture differentiated access to limited battery inventory. Based on
this model, a PBA-AMVA solution method is proposed for estimating steady-state performance
measures.

4.1 Closed queueing network model

The medical UAV delivery system is modelled as a multiclass closed queueing network (Fig. 2),
capturing the interaction between UAV circulation and shared battery resources. The system
consists of N homogeneous UAVs, which are divided into Class I and Class II tasks with
populations of aN and (1 — a)N, respectively. To enable differentiated battery access, a
reservation policy is introduced by partitioning the battery inventory into a Reserved Pool of
size fnp and a Common Pool of size (1 — f)n,. The Common Pool is shared by both classes
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under a non-preemptive priority rule, while the Reserved Pool is exclusively allocated to Class
I tasks.

Node 1 battery swapping | Node 1 loading ‘ E Node 2

Class I non preemptive Class IT | Class I preemptive Class II

L (1=Bny
i e

Class 1T preemption without, Class II preemption with
re-entry to the queue B re-entry to the queue

Figure 2: Closed queueing network model of the medical drone delivery system.

The network consists of three service nodes K= {1,2,3}. Node 1 (z1) represents the ground
operation station, where loading and battery swapping are performed; Node 2 (1) corresponds
to the flight delivery process; and Node 3 (1) represents battery charging at the hub. At Node
1, loading operations follow a preemptive priority discipline, allowing Class I tasks to preempt
Class II tasks, whereas battery swapping remains non-preemptive once initiated. Nodes 2 and
3 are modelled as service facilities governing flight execution and battery replenishment,
respectively. UAVs circulate continuously among these nodes, forming a closed system with a
fixed population.

4.2 PBA-AMVA algorithm

The proposed reservation mechanism is not a heuristic rule but partitions the finite shared-
battery pool into class-dependent access regions, inducing state-dependent service availability
and violating classical AMVA assumptions. Let N= (N1, N2) denote the total drone populations
of Class I and Class II, respectively. In the AMVA recursion, each intermediate population state
is represented by n = (n1, n2), where n; denotes the number of Class-k drones in the system
(k=1,2). The state variables satisfy 0<ni <Ny, k=1, 2.

(1) Battery blocking model

Based on the classical occupancy approximation for an M/ G/ o queue, the number of
batteries being charged is approximated by a Poisson distribution with mean p.(n). Although
the charging-node arrival process is state-dependent because of the closed queueing network
and the priority-based battery allocation mechanism, this approximation provides an
analytically tractable characterization of battery occupancy. The resulting analytical model is
validated against discrete-event simulation in Section 5. Since the total battery inventory is

b

2 0<b<n,.

=Pl
For Class I tasks, blocking occurs only when all batteries are occupied. Therefore, the

blocking probability is given by:

finite (n»), the occupancy distribution is truncated as P(B=b) =

P ()= P(B=n,) e

Under the PBA policy, Class II tasks are denied access when the number of occupied
batteries exceeds the reservation threshold. Thus, the blocking probability is:
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Plan =PB=(1=pm)=) " PB=b) @

(2) Waiting time analysis at the Vertiport node
The utilization of the vertiport servers by Class I drones is given by p, (n) =X;(n)Sy/c.
According to the Approximate Arrival Theorem, the mean waiting time of Class I drones is:

Ly(n—1, ny)

() = S [ 1+ ————=] G)
Considering the interference from Class I drones, the mean waiting time of Class II drones
is:
Li(ny, ny—1 S Ly(ny, ny—1
Wa(n) = S, 1(ny, my )+ K [+ 2(ny, ny—1) @)
¢ Tpmb e-p,m)

(3) Response time

The battery cycle time is given by =7y + T¢+ Sk. The response time of a Class k drone
consists of the waiting time at the vertiport and the additional delay caused by battery blocking.
Therefore, the response time can be expressed as:

Ri(m) = Wy() + Ppjor(n)z )
(4) Throughput
The think time of a drone delivery cycle is defined as Z= T+ Sk. According to Little's Law,
the throughput of Class k& drones is then calculated as:
e

Xi(n) = 7T R (6)

and the total system throughput is Xys(n) = X;(n) + X,(n).

4.3 Algorithm summary

Algorithm 1: PBA-AMVA algorithm

Input: Ny, Na, ny, B, ¢, S, Ty T, €

Output: X, X5, X,

1:Set Z=Ty + Sk, t=T; + T, +§;.

2: Initialise L;(n) = Ly(n) = 0 for all states n = (n;,n,).
3:forn; = 0to N, do

4: forn, = 0to N, do
5: if n; = n, = 0 then continue.
6: Initialise X; and X, with an initial guess.
7: repeat
8: Compute charging load p_.
9: Compute battery blocking probabilities Pb(lt)ck and Pb(li)ck.
10: Compute waiting times W;(n) and W,(n).
11: Compute residence time R;(n) and R,(n).
12: Update throughputs X;(n) and X,(n) according to Little's Law.
13: until X () —xBm) | <e
14: Update queue lengths L, (n) = X;(n)R,(n),
Ly(n) = X;(n)Ry(n).
15: end for
16: end for

17: Return X;(Ny, N;), Xo(N1, N;), Xp,i(Ny, Ny).
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The iterative procedure was terminated when the change in system throughput between two
successive iterations fell below the prescribed tolerance (¢ = 10™#), or when the maximum
number of iterations (200) was reached.

S. SIMULATION VALIDATION

The analytical model developed in the previous section is validated through a DES implemented
in AnyLogic. The simulation is configured consistently with the analytical model, including a
shared-battery architecture, battery reservation mechanism, and a hybrid preemptive priority
service policy. Key parameters are drawn from the UAV logistics literature [8-15], as
summarized in Table II.

Table II: Parameters for simulation validation.

c a 5 v (km/h) ny T, (min) | S, (min) | d (km)
2 0.2 0.2 60 20 U[50,70] 5 Ul6,10]

Based on the parameter settings in Table II, the proposed PBA-AMVA algorithm is applied
to evaluate system throughput under different fleet sizes (N=15-25). The corresponding results
are summarized in Table III.

Table I11: PBA-AMVA results under different numbers of drones.

N 15 16 17 18 19 20 21 22 23 24 25

Nyys | 1398 | 14.48 | 14.62 | 14.75 | 14.88 | 14.99 | 15.40 | 15.48 | 15.57 | 15.64 | 15.72

The overall simulation procedure is illustrated in Fig. 3. A warm-up period of 24 h was used
to eliminate initialization bias. Preliminary simulation runs showed that the system reached
steady state within this period. Performance statistics were then collected over a simulation
horizon of 240 h. For each parameter setting, 72 independent replications were conducted using
different random seeds. The number of replications was determined such that the half-width of
the 95 % confidence interval for the mean system throughput was below 2 % of the sample mean
in all cases. Unless otherwise stated, the simulation results reported in Table IV are sample

means obtained from these replications.
Class 1 Seize
battery Class 1
queue battery

Class I1 Loading & Delivery
Drone . P Seize battery [—* SWapping — to
mission || Mission L available [—* Pre-flight queue phase hospital
Starts queue drane checks

Class I1 Seize J

battery [—> Class Il
queue battery

Release
to Class
1 pool

Release Release
o 3 Batte
Pronc - Drone + drone to > Bdttcr-y Classry to Class
inbound enter drone pool charging 11 pool

Release
to Class
11 pool

Figure 3: Simulation process.

Taking N = 20 as a representative case, 72 independent replications were performed,
yielding an average system throughput of 14.70 tasks/h. The histogram shown in Fig. 4
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illustrates the distribution of the simulation outputs and confirms their statistical stability. The
simulation results for different numbers of drones are reported in Table IV.

M 14.76998 Samples = 72
e Mean = 14.76998

Frequency

14.760 14.765 14.770 14775 14.780 14.785 14,790
Value

14.755

Figure 4: Distribution of simulated system throughput for N=20.

Table IV: Simulation throughput results under different numbers of drones.

N 15 16 17 18 19 20 21 22 23 24 25

KXim | 1477 | 1492 | 1492 | 14.82 | 14.61 | 14.70 | 15.21 | 14.79 | 15.21 | 15.24 | 14.80

Table IV reports the average simulation throughput for different UAV fleet sizes. Given the
simulation precision established above (95 % confidence interval half-width below 2 % of the
sample mean for all cases), the observed fluctuations are attributable to the inherent stochastic
variability of discrete-event simulation, particularly near the capacity transition region (N~ 18—
20), where battery contention becomes more pronounced. These slight local variations do not
affect the overall monotonic trend predicted by the analytical model or the close agreement
between the analytical and simulation results.

The relative error Jy is used to quantify the discrepancy between the analytical throughput
Xy and the average simulation throughput X;,,, and is defined as:

oy = M 100 % (7
sim

The relative error results are reported in Table V. Despite the non-product-form
characteristics introduced by priority-based battery allocation, the proposed PBA-AMVA
method maintains a low prediction error across all tested drone fleet sizes. The relative error
ranges from 0.47 % to 6.22 %, with a MAPE of approximately 2.88 %, demonstrating the
effectiveness of the analytical approximation.

Table V: Relative errors between analytical and simulation results.

N 15 16 17 18 19 20 21 22 23 24 25
ox(%) | 5351295 | 201 | 047 | 1.85 | 1.97 | 1.25 | 467 | 237 | 2.62 | 6.22

6. NUMERICAL EXPERIMENTS

Based on the PBA-AMVA model, this section presents two numerical experiments on system
bottlenecks and battery capacity scaling in medical drone delivery systems.
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6.1 Single-parameter sensitivity analysis

To identify system bottlenecks, a single-parameter sensitivity analysis is conducted to evaluate
the impacts of N, ns, ¢, and £ on the steady-state throughput (Xjys). The results are presented in
Fig. 5.

a) Number of Drones b) Number of Batteries

15

Throughput (tasks/h)

Throughput (tasks/h)

Battery limit (14.8)

[ 15 20 28 0 3% ] 1] 15 -]
N iy
¢) Number of Vertiports d) Battery Reserve Ratio

—#— Total throughput
Class I

Throughput (tasks/h)
Throughput (tasks/h)

ol 1S 0.20 028 030 015 040 045 050

v H 3
s Vi

Figure 5: Single-parameter sensitivity analysis of system throughput.

(1) As shown in Fig. 5 a, throughput increases with N until N= 18, after which it reaches a
plateau. This suggests that battery resources become the dominant bottleneck, limiting further
gains from fleet expansion.

(2) As shown in Fig. 5 b, system throughput exhibits a strong positive relationship with
battery inventory. Increasing n, from 5 to 35 raises throughput from approximately 4 to 18
tasks/h. The substantial performance improvement confirms that battery resources constitute
the dominant bottleneck in the system. Expanding battery inventory effectively alleviates
resource shortages and enhances overall system capacity.

(3) As shown in Fig. 5 c, throughput increases significantly when c is increased from 1 to 2,
but remains nearly unchanged thereafter. This suggests that a landing-pad capacity of two is
sufficient to support the current system configuration.

(4) As shown in Fig. 5 d, increasing £ improves the throughput of Class I tasks but reduces
the overall system throughput. This reflects the trade-off between emergency-service priority
and system efficiency. Considering both objectives, the recommended range of £is [0.10, 0.20].

Overall, the results suggest that battery resources are the dominant bottleneck in the system.
Increasing battery inventory substantially improves system performance, whereas additional
drones or landing-pad capacity yield only marginal benefits.

6.2 Battery capacity planning

This section examines how battery requirements vary with charging and flight durations and
whether a single charging-to-flight time ratio can adequately characterize this relationship for
battery capacity planning. A total of 11 (7, Ty) scenarios are evaluated. System parameters are
fixed at N=25, a=0.2, f=0.2, c=2, and Sx= 5 min, while the battery inventory #, is evaluated
at integer values from 1 to 100. System throughput is computed using the PBA-AMV A method
and capped at the physical limit n, /7. For each scenario, y95 = np95 / N, where npos5 is the

520



Liu, Lu: Battery-Constrained Queueing Modelling with Priority Reservation for Medical UAV Systems

minimum inventory required to achieve at least 95 % of the maximum throughput. Results are
summarized in Table VL.

Table VI: Battery capacity planning lookup table.

T, (min) \ T; (min) 10 16 20 30
30 0.52 - 0.64 0.76
45 - 0.80 - -
60 0.96 1.08 1.12 1.28
75 - 1.32 - -
90 - 1.56 - _
120 - 2.08 - _

Note: y95 denotes the minimum battery-per-UAV ratio required to achieve at least 95 % of the
maximum throughput. The baseline scenario corresponds to 7.=60 min, 7y=16 min.

Table VI shows that the 95 %-throughput battery ratio, y9s, is not invariant under identical
charging-to-flight time ratios. For example, (7¢, Ty) = (30, 10) and (60, 20) share the same
charging-to-flight ratio p = 3.0 yet require substantially different battery ratios (0.52 versus
1.12), indicating that battery requirements depend on absolute operating times rather than their
ratio alone.

This deviation arises from the finite battery capacity at charging nodes. Under finite
inventory, the charging process behaves as a capacity-limited queue, making battery blocking
increasingly significant as charging time increases. Consequently, proportional scaling of
charging and flight times alone is insufficient to characterize battery requirements.

This observation is consistent with the analytical structure of PBA-AMVA. As reflected in
Egs. (1) to (6), system throughput is jointly influenced by battery blocking and closed-loop
circulation. Because these mechanisms respond differently to charging and flight times,
proportional scaling does not necessarily preserve the required battery-to-UAYV ratio.

Consistent with this interpretation, among the two scenarios with an identical charging-to-
flight ratio of p = 3.0, namely (30, 10) and (60, 20), y9s increases from 0.52 to 1.12. Across the
tested scenarios, y9s ranged from 0.52 to 2.08 and generally increased with longer absolute
charging and flight durations, indicating progressively stronger sensitivity to absolute operating
times.

From a planning perspective, battery sizing should therefore be evaluated under scenario-
specific operating conditions rather than a single proportional scaling rule. Table VI provides a
practical mapping from operational parameters to battery requirements for battery capacity
planning.

7. CONCLUSION

This study investigates battery resource allocation and priority scheduling in medical UAV
delivery systems using a multiclass closed queueing network with a PBA policy and a PBA-
AMVA solution method. Three main findings are summarized:

(1) Battery resources emerge as the primary system bottleneck. Expanding battery inventory
yields substantially larger marginal throughput gains than fleet or infrastructure expansion. A
moderate reservation ratio (£ € [0.10, 0.20]) improves emergency service performance with
minimal impact on system throughput.

(2) Required battery inventory depends on absolute charging and flight durations rather than
their ratio alone. This behaviour is attributed to the truncated occupancy distribution of the
finite battery pool.
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(3) The proposed PBA-AMV A method achieves a MAPE of 2.88 % against simulation and
provides an analytical alternative for what-if analysis and battery capacity planning without
repeated simulation runs.

This study has several limitations. The saturated-demand assumption provides a
conservative upper bound and extending the model to open or semi-open queueing networks
would be required under lighter or stochastic demand conditions. In addition, the model
assumes homogeneous UAVs, uniform charging times, and a static reservation ratio, which
may not reflect real-world heterogeneity. Future work will consider battery degradation and
safety margins in battery capacity planning, as well as heterogeneous fleets, general service-
time distributions, and adaptive reservation policies that adjust to system states.
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