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Abstract. Drone-based last-mile delivery is highly sensitive to demand uncer-
tainty and constrained by limited battery capacity, making the strategic location
of drone bases critical. This study proposes a robust facility location model that
jointly optimizes facility siting, drone assignment, and customer allocation under
these challenges. The model guarantees full service coverage and respects hard
battery and capacity constraints for all demand realizations within a budgeted
uncertainty set. Computational results on a 50-customer instance show that the
worst-case total cost exhibits a stepwise increase as the uncertainty budget grows.
This non-smooth cost behavior suggests that maintaining feasibility under higher
uncertainty levels may require discrete adjustments to the infrastructure, such as
opening additional facilities. Our approach provides a practical tool for designing
drone networks that are both cost-effective and provably resilient.
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1 Introduction

The deployment of unmanned aerial vehicles (UAVs) for last-mile delivery is reshaping
urban logistics, offering unprecedented speed and flexibility. Yet, the strategic
foundation upon which these systems are built—the location of drone bases—remains
critically underexplored. While much attention has been devoted to routing algorithms
and battery efficiency, the question of where to place facilities in the face of stochastic
demand and hard energy constraints has received disproportionately less theoretical
attention.

This gap is not merely academic. In practice, poor facility siting can render even the
most sophisticated routing algorithm ineffective: drones may lack sufficient range to
reach customers, or facilities may become bottlenecks when demand surges
unexpectedly. Traditional facility location models—designed for ground-based logistics
under deterministic assumptions—are ill-suited for this new paradigm. They ignore the
coupling between facility location, drone assignment, and battery-constrained
mobility—a coupling that defines the feasibility and resilience of drone delivery
operations.
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We argue that the future of drone logistics hinges on a reimagined facility location
model—one that treats uncertainty not as noise to be averaged, but as a structural
constraint to be designed around. To address this, we propose a novel robust facility
location model for drone delivery networks, where the selection of base locations must
simultaneously account for:

o The explicit battery capacity constraints of the drone fleet,

e The stochastic nature of customer demand, bounded within a known interval,

e The physical limits imposed by battery consumption per trip, which directly con-
strains the service radius of each facility.

The contribution of this work is thus twofold. First, we establish a rigorous framework
for facility location under the unique operational constraints of drone logistics—explicit
battery limits and demand uncertainty.Second, we demonstrate how robust optimization
principles can be embedded into facility location decisions to enhance system resilience
without sacrificing computational tractability.

The remainder of this paper is organized as follows. Section II reviews related
literature in facility location and drone logistics. Section III formally defines the problem
and presents the mathematical model. Computational results and managerial insights are
presented in Section 1V, followed by conclusions and future research directions in
Section V.

2 Literature Review

The rise of drone delivery has transformed facility location from a classical cost-mini-
mization problem into a multi-dimensional resilience challenge. As [1] observe, the
core tension lies in reconciling finite battery range and stochastic demand—two reali-
ties that render traditional deterministic models fragile in practice.

2.1  From Deterministic Plans to Uncertainty-Aware Infrastructure

A key challenge is demand uncertainty, particularly in time-critical applications. [2]
address this in a post-disaster relief context by proposing a two-stage robust facility
location model with drones, where decisions are optimized against the worst-case
demand scenario. Similarly, [3] model an emergency medical service system as a
location-allocation problem under cardinality-constrained uncertain demand, with
facility coverage distance dependent on assigned UAVs. [4] extend robust optimization
to pandemic vaccine distribution, jointly locating vaccination facilities and planning
drone deliveries under uncertain vaccine supply. These studies demonstrate the value of
robustness in ensuring service feasibility, though they generally assume simplified
energy or fleet models.
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2.2 Realistic Energy Modeling in Drone Operations

Another line of research focuses on drone-specific physical constraints, specially energy
consumption. [5] develop a tactical-operational model that explicitly incorporates non-
linear, load-dependent energy consumption in drone routing and shared depot selection.
[6] consider battery wear and disposal in a fleet-sharing context, proposing a blockchain-
enabled optimization model to balance economic and environmental performance. [7]
provide empirical insights by comparing regional energy consumption of drone versus
truck deliveries, finding that drones can require more energy under windy conditions.
These works underscore the importance of realistic energy modeling, yet most assume
deterministic demand.

2.3  Beyond Cost: The Rise of Equity, Safety, and Systemic Integration

More recently, studies have begun to incorporate system-level complexities such as
safety, congestion, and service priority. [8] introduce separation distance constraints
among multiple UAVs, formulating a multi-depot routing problem with safety require-
ments. [9] develop a fuzzy multi-objective facility location model for emergency deliv-
ery that accounts for stochastic demand, congestion, and priority-based service. [10] re-
defines coverage geometry with an elliptical depot model, where a drone serves a cus-
tomer between two depots, and proposes heuristic algorithms for this NP-hard problem.

Collectively, these contributions advance drone facility location along several dimen-
sions. However, no existing study integrates explicit battery capacity constraints with
robustness to demand uncertainty within a single facility location framework. Many ro-
bust models (e.g.,[3]) do not model detailed energy limits, while energy-aware models
(e.g., [5]; [6]) typically assume known demand. Our work bridges this gap by proposing
a robust facility location model that ensures physical feasibility under battery constraints
while guaranteeing service coverage across all demand realizations within a prescribed
uncertainty set.

3 Problem Description and Formulation

3.1 Problem Statement

We consider the Robust Facility Location Problem for Drone Delivery under Battery
and Demand Uncertainty. Given a set of potential facility locations J, a set of customer
demand points I, and a homogeneous fleet of drones with battery capacities, the objec-
tive is to select a subset of facilities to open and assign drones to them such that:

o All customers are served by exactly one drone assigned to an open facility

e Each drone’s total battery consumption across its assigned trips does not exceed its
capacity

o The total demand served by any facility (under worst-case realization) does not ex-
ceed its capacity

o The total cost (fixed opening + variable operational) is minimized.
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The formulation of the model relies on a set of mathematical constructs. Table 1
summarizes the notation used, including sets, indices, parameters, and decision
variables..

Table 1. Sets, indices, and parameters used in models

Symbol Definition
Sets
1 Set of demand locations
] Set of potential facility locations
K Set of available drones
Index
i Index of set] i € ]
j Index of set/,j € ]
k Index of setK, k € K
parameters
B Battery capacity of each drone
b Battery consumed during one trip between demand
point i € [ and facility j € ]
d.. Travel distance between demand point i € I and facil-
Y ity j €]
. Travel cost between demand point i € [ and facility
Y J€]
U Capacity of each located facility
w; Nominal demand at location i € /
5; Demand uncertainty at location i € |
Stochastic demand at location i € I, is assumed to be
w, randomly distributed in the range [w; — s;6;, w; +
51611
r the budget of uncertainty
variables
o Binary decision variable that equals one if customer
ik i € I is served by drone k € K of facility j € J
) Binary decision variable that equals one if the facility
Vi is located at j € J
2 Binary decision variable that equals one if drone k €
Tk K is assigned to facility j € J
S Random variable that defines uncertainty set

3.2 Mathematical Formulation

minz e y; +ZZZCU Xijk (1
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Equation (1) defines the objective function, which minimizes the total system cost
comprising fixed facility opening costs and variable service costs. Constraint (2) ensures
that each customer is served by exactly one drone assigned to a single open facility.
Constraint (3) enforces the logical relationship between facility activation and customer
assignment: facility j must be open if it serves any customer. Constraint (4) represents
the battery energy constraint: the total energy consumed by drone k when serving its
assigned customers from facility j must not exceed its battery capacity B. This constraint
is active only when drone k is assigned to facility j(i.e., zj,=1). Constraint (5) imposes
a robust capacity requirement on each facility: the total demand served under the worst-
case realization within the prescribed uncertainty set must not exceed the facility’s
capacity U. This condition guarantees feasibility for all admissible demand scenarios.
Finally, Constraints (6)—(9) specify the domains of the decision variables.

4 Numerical Experiments

4.1 Instance Generation

We generate test instance following the spatial and demand parameterization framework
introduced by [2], while adapting it to the structural requirements of our single-stage
robust facility location model. Crucially, our model assumes full service coverage (no
demand backlogging or penalty costs), and jointly optimizes facility opening, drone
assignment, and customer allocation under hard battery and capacity constraints.

All customer and potential facility locations are uniformly distributed within a
10 km X 10 km square region. The number of customers | / |= 50, while the number
of candidate facility sites | J |is set to || I |/2]. The drone fleet size | K |is set to
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LI I 1/3], with each drone k possessing a battery capacity of B = 200Wh. Fig. 1 shows
the spatial distribution of customers and candidate facilities.

Nominal customer demand w;is generated as a random integer in[1,4]. The
uncertainty deviation §;is set to 20% of w;, i.e., §; = 0.2w;, so that the true demand
lies in the interval [w; — 0.2s;w;, w; + 0.2s;w;].

To analyze the impact of uncertainty on the optimal infrastructure design, we solve
the robust optimization model under a range of uncertainty budgets. Specifically, we
adopt the budgeted uncertainty set of [11] and vary the budget parameter r from 1.0 to
5.0 in increments of 0.1. For each value of r, the model minimizes the worst-case total
cost—comprising fixed facility opening and variable service costs—subject to the
requirement that all constraints (battery capacity, facility capacity, and full coverage) are
satisfied for every demand realization within the uncertainty set defined by r.
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Fig. 1. Spatial Distribution of Customers and Candidate Facilities (10 km x 10 km Service Re-
gion)

4.2  Result Analysis

The computational results reveal a clear and non-linear relationship between the
uncertainty budget rand the optimal worst-case total cost of the drone facility location
system. As shown in Fig. 2, the objective value remains relatively stable for low values
of r (from 1.0 to 2.0), then exhibits incremental increases as r grows beyond 2.0,
culminating in a final plateau at approximately 1366.24 for r = 5.0.



388 Z. Niu et al.

1366

1365

1364

1363

1362

Worst-Case Total Cost

1361 A

1360

T T T T T T T T T
1.0 15 2.0 25 3.0 3.5 4.0 4.5 5.0
Uncertainty Budget r

Fig. 2. The relationship between the uncertainty budget rand the optimal worst-case total cost

This behavior is consistent with the theoretical properties of robust optimization
under a budgeted uncertainty set [11]. For small r, the model can absorb demand
fluctuations without significant structural changes — the same facility configuration and
drone assignments remain feasible under mild perturbations. However, as rincreases,
the solution must adapt to protect against more extreme scenarios.

From a managerial perspective, these results provide a quantitative basis for risk-
based decision-making. A logistics operator facing moderate demand volatility (r <
2.0) may choose to operate near the baseline cost of 1359.48, accepting a limited degree
of exposure. Conversely, if operational reliability is paramount (e.g., in emergency
medical delivery or high-value commercial logistics), investing in the higher-cost
configuration at r = 5.0(cost = 1366.24) ensures resilience against severe disruptions
— albeit at a 0.5% premium over the baseline.

Importantly, the model’s ability to identify such thresholds underscores its value as a
design tool for resilient infrastructure. Rather than prescribing a single “optimal”
solution, it offers a spectrum of configurations, each aligned with a specific level of risk
tolerance. This enables planners to make informed trade-offs between upfront
investment and operational robustness — a capability rarely captured by deterministic
models.

5 Conclusions and Future Research

This study has developed and analyzed a robust facility location model for designing
resilient drone delivery infrastructure under demand uncertainty. By integrating the
critical physical constraints of drone battery capacity with the strategic decision of where
to place facilities, our model moves beyond conventional, deterministic approaches that
are ill-suited for the volatile realities of last-mile logistics. The key contribution lies in a
single-stage robust optimization framework that guarantees full service coverage and
hard constraint satisfaction for all plausible demand scenarios within a budgeted
uncertainty set. Our computational results on a realistic instance validate the model’s
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ability to generate actionable insights, clearly mapping the cost of resilience as a function
of the decision-maker’s risk aversion. The identification of critical thresholds in the cost-
robustness frontier offers practical guidance: modest increases in uncertainty protection
can often be achieved at negligible cost, but beyond certain tipping points, significant
infrastructure investment is required to maintain system feasibility.

The findings have direct managerial implications. For practitioners, the model
provides a structured method to translate a strategic risk tolerance level (embodied by
the uncertainty budget r into a concrete, executable network design. This enables a
proactive, rather than reactive, approach to managing demand volatility.

Several promising avenues for future research emerge from this work. First, the
current model assumes a homogeneous drone fleet. An immediate extension would be
to incorporate heterogeneous drones with varying battery capacities, payload limits, and
energy consumption profiles, which would add another layer of operational realism.
Second, while this paper focuses on demand uncertainty, future models could jointly
address supply-side uncertainties, such as variable drone availability due to maintenance
or weather disruptions. Third, the model could be extended to a multi-period setting,
where facility opening and drone assignment decisions are made dynamically over time
in response to evolving demand patterns. Finally, integrating the proposed strategic
facility location model with tactical vehicle routing decisions in a hierarchical or bi-level
framework would provide a more holistic view of the drone delivery system, bridging
the gap between infrastructure design and operational execution.
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