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Abstract—Long-duration power outages can simultaneously
disable multiple terrestrial base stations, threatening cellular
network resilience until grid restoration. Landed UAV-mounted
base stations can restore service from rooftop locations while
avoiding the dominant propulsion cost of hovering operation.
Yet, their finite battery must be allocated before the repair
time is known. This paper introduces a restoration-time-aware
stochastic scheduling framework for landed UAV-BS recovery.
For each candidate rooftop position, a MILP jointly controls
user admission and transmit power over hourly blackout slots.
The restoration time is modeled through a discrete lognormal
prior, and the objective maximizes expected service continuity
by penalizing the weakest pre-restoration service level for each
possible outage duration. Results show that proximity to the
outage footprint is more important than altitude alone, that the
proposed scheduler avoids late service collapse without worst-
case over-conservatism, and that accounting for service-floor
compliance changes the interpretation of throughput-oriented
recovery policies. Optimistic repair assumptions can reduce
expected service continuity by up to 24%.

Index Terms—Radio access network resilience; UAV-mounted
base station; landed UAV deployment; blackout recovery;
restoration-time uncertainty; service continuity; stochastic MILP

I. INTRODUCTION

As everyday life becomes increasingly dependent on cellular
networks, resilience has become a central requirement in the
design of modern Radio Access Networks (RANs) [1]. Among
the various challenges that may affect network operation, long-
duration power outages are particularly critical, as they can
disable multiple base stations (BSs) simultaneously and persist
beyond the autonomy of local backup systems. According to
the 2024 ENISA report, system failures accounted for 60%
of reported incidents, with power-supply outages being the
second most impactful technical cause within this category [2].
The duration of a blackout strongly affects which recovery
mechanism is effective. Conventional backup resources are
typically dimensioned for limited autonomy, while severe
disruptions may last longer because of infrastructure damage,
accessibility constraints, or repair logistics [3]. In such cases,
recovery mechanisms must account not only for how much
service can be restored immediately, but also for how long
that service can be sustained.

In this context, unmanned aerial vehicles (UAVs) equipped
with communication capabilities offer a flexible means to
assist users who are left unserved by unavailable or capacity-
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Fig. 1: Visual schema of landed UAV-BS recovery during a
RAN blackout.

limited terrestrial infrastructure [4]. However, their use in long-
term blackouts is constrained by finite battery energy [5]. To
extend UAV-mounted base station (UAV-BS) operation, landed
deployments have recently been considered. In this approach,
the UAV-BS operates from a fixed rooftop position instead
of continuously hovering, thereby reducing propulsion energy
consumption [6], [7]. However, it makes the recovery problem
more coupled: the selected rooftop determines the reachable
residual demand, propagation conditions, required transmit
power, and battery depletion rate. Therefore, landed UAV-BS
recovery requires joint reasoning over landing position, user
admission, transmit power, and time.

Although landed UAV-BS deployments can extend service
duration, the restoration time remains uncertain and is gen-
erally unknown at the time of UAV-BS scheduling. Indeed,
restoration time depends on the severity of the failure, infras-
tructure accessibility, and repair logistics. Maximizing instan-
taneous coverage or throughput can therefore be misleading in
long outages: aggressive early service may deplete the battery
before grid restoration, while overly conservative operation
may waste recovery opportunities if the outage ends early.
This motivates a restoration-aware scheduling model in which
the outage duration is treated as a random variable and the
schedule is evaluated across possible restoration times. To
the best of our knowledge, existing studies do not provide a
restoration-aware UAV-BS scheduling framework that explic-
itly balances immediate traffic recovery and sustained service
continuity under uncertain blackout durations. In this paper,
we address this problem through the following contributions:
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o We introduce a restoration-time-aware service-continuity
model for finite-energy landed UAV-BS recovery, where
the service continuity associated with each possi-
ble restoration duration is measured by the minimum
residual-demand recovery achieved before restoration.

o We formulate the resulting admission and transmit-power
scheduling problem as a stochastic mixed-integer linear
program (MILP) that embeds the restoration-duration dis-
tribution directly in the objective while enforcing battery,
capacity, link-budget, and minimum-service constraints.

e We evaluate the framework using real BS deploy-
ments, urban morphology, and data-driven traffic de-
mand, quantifying the impact of landing position,
deterministic-horizon baselines, transmit-power alloca-
tion, and restoration-prior mismatch on service continuity.

II. RELATED WORK

UAV-assisted cell outage compensation has been studied
through UAV placement, user association, and transmit-power
optimization for failed terrestrial BSs, while distinguishes
between short- and long-term failures [8]. However, the UAV-
to-user channel is usually modeled under a simplified line-of-
sight (LoS) assumption, which abstracts blockage, non-line-
of-sight (NLoS) attenuation, and the dependence of coverage
on detailed urban morphology. This abstraction limits the
ability to capture the strong position-dependent effects that
arise in dense urban deployments. More recent learning-based
approaches focus on dynamic settings, where UAV trajectories,
transmit power, and user association are controlled online to
support users affected by inactive or failed cells [9]. Never-
theless, the restoration time is treated as part of the scenario
description rather than as an uncertain quantity that directly
enters the service-continuity objective.

Another line of work addresses UAV-BS energy limita-
tions through reinforcement learning based energy-aware con-
trol [10] and landed UAV-BS operation [7]. Rooftop-based
landed deployment has been investigated specifically for RAN
blackout recovery, showing that site selection affects the
ability of the UAV-BS to compensate for failed terrestrial
infrastructure [6]. These studies motivate landed operation and
site selection, but they do not address how the remaining
communication energy should be scheduled since the blackout
duration is unknown.

Stochastic optimization has been applied to disaster-
response UAV networks to account for uncertain demand,
scenario severity, and resource requirements [11]. However,
UAVs coordinate and execute service requests from ground
users, rather than acting as substitutes for failed terrestrial
BSs serving residual cellular traffic. Moreover, the modeled
uncertainty concerns demand severity rather than restoration
duration. Power-system outage data further show that restora-
tion times are highly variable and difficult to predict, with
distributions that are heavy-tailed and with a mean that is
highly sensitive to the observation period [12]. This variability
makes the fixed-horizon assumption difficult to justify in

practice and motivates treating the outage duration as a random
variable when designing UAV-BS recovery policies.

Taken together, existing works demonstrate the potential of
UAV-assisted outage recovery, landed operation, and energy-
aware control. However, prior formulations generally optimize
deterministic or instantaneous recovery objectives and do
not explicitly model restoration-duration uncertainty within
the service-continuity objective itself. Consequently, the in-
teraction between finite UAV-BS energy, urban-propagation-
dependent landing feasibility, and stochastic restoration time
remains insufficiently addressed.

III. SYSTEM MODEL

We consider a simulation model in which time is discretized
into hourly slots of duration At. A blackout starts at time ¢,
and the planning horizon is defined as 7 = {1,..., Tax}»
where slot ¢ = 1 denotes the first hour after blackout onset.
The urban cellular network is composed of a set of terrestrial
BSs B and a set of spatial traffic tiles ¢. Each tile u € U
represents an aggregate demand point, located at its centroid
gu = (%u,yu), and generates hourly traffic demand d,(t)
at slot ¢t. The model takes as input an urban morphology
map, used to identify feasible rooftop UAV-BS locations
and to compute propagation conditions between traffic tiles,
terrestrial BSs, and UAV-BS candidates.

The blackout duration 7 is uncertain and modeled as a dis-
crete random variable supported on the same finite horizon 7.
A realization 7 = ¢ means that the terrestrial infrastructure is
restored after ¢ blackout slots. Power-grid restoration times are
well characterized by lognormal distributions in the reliability
literature [12], so the probability that the grid recovers exactly

at slot £ is

e = Pr(r =¢), LeT, (D

with Z?;“f" m¢ = 1. Letting F(-) denote the lognormal CDF,

each 7y captures the probability mass in the interval (¢ —1,/],
renormalized over the truncated support:

F’r(g) - F‘r(g - 1)
S [ (m) — Fr(m — 1))

During the blackout, a subset Bt C B of terrestrial BSs
becomes unavailable and is assigned a zero capacity. The set
of still available BSs is B/ = B\ B°T. The failed BSs are
selected through a spatially correlated outage-generation pro-
cess, in which neighboring BSs are progressively deactivated.
This captures the fact that failures are often geographically
correlated rather than independent across BS sites. To mitigate
the loss of connectivity, the deployment of a single landing
UAV-BS denoted by d is considered in addition to the set
B'. The service provisioning follows a two-stage association
procedure:

(eT.

Ty =

« Baseline terrestrial BS association phase: users are first
associated with the available ground BSs;

o UAV-assisted association phase: unserved users after the
first phase are considered for association with the UAV-
BS, subject to its resource and energy constraints.
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A. Terrestrial Association Policy

At each time t € T, users are sequentially associated with
the terrestrial BSs in B’ according to a minimum-path-loss
criterion under capacity constraints. Let ¢ € B’ denote an
available terrestrial BS, and let PL, ;(t) be the path loss
between user v and BS i at slot ¢. At the beginning of each
slot, the residual capacity of each available BS is initialized
as CL(t). For a user u, the set of feasible serving BSs is

Bu(t)={i € B : PLy;(t) < PLyax, CF(t) > du(t)},
3)
where P L.« is the maximum allowable path loss required
by the link budget, and d,(t) is the traffic demand of user u
at slot ¢. To account for competition among users for the finite
BS capacities, association is performed sequentially. Users are
first ordered according to their best available path loss,

PLu(t) = min PLy(t), )
eB’ ’

and processed in ascending order of /]EEU (t). For each pro-
cessed user wu, if B, (t) # 0, the serving BS is selected as

.BS .
t) = PL, (1), 5
iy (1) arg min i(t) (5)

and the residual capacity of the selected BS is updated as
Cffs 1y (8) = Clis () (1) — du(t). (6)

If B,(t) = 0, user u is marked as unserved by the terres-
trial network and is included in the UAV-assisted association
phase. This sequential policy prioritizes users with favorable
terrestrial channel conditions while accounting for the residual
capacity available at each BS.

B. UAV-BS Candidate Locations

Candidate UAV-BS locations are restricted to feasible
rooftop positions within the considered area. To characterize
the spatial center of the outage, we define the blackout centroid
as the geometric centroid of the unavailable terrestrial BSs:

1
Qoo = o > i (7
Bt
74€lgoff
where ¢; = (x;,y;) denotes the planar position of BS 1.

The blackout centroid provides a geometric reference for the
spatial concentration of the failed infrastructure and is used to
construct reference UAV-BS locations. We distinguish between
two classes of candidate locations:

o Cluster-based candidates D"': terrestrial BSs are
grouped according to geographical proximity, enforcing a
minimum inter-cluster distance of 200 m. For each clus-
ter, one candidate location g4 = (24, ya) is selected as the
rooftop of the tallest building within the tile containing
the cluster centroid. This construction provides spatially
distributed candidate locations while favoring elevated
rooftops with potentially larger coverage footprints.

o Geometry-driven reference candidates D**': additional
locations are included to isolate the effect of spatial place-
ment on service continuity. These include the rooftop

closest to the blackout centroid, the rooftop with the
maximum absolute altitude in the area, and a hovering
position directly above gy at a fixed altitude.

The complete set of candidate UAV-BS locations is therefore
defined as D = D°ust U D', The reference candidates are
used only as benchmarks and are not intended as proposed
deployment rules. For each candidate location d € D, the
wireless channel between user « and serving node i € BU{d}
is modeled through LoS/NLoS path loss according to the 3GPP
Urban Macro (UMa) specification [13].

C. Residual Demand and UAV-BS Power Model

Users that remain unserved after the terrestrial associa-
tion phase form the set Uy(t) C U, and the corresponding
resiQual cllernand is D]eft(t) = D ueuy(t) du(t). The UAV-
BS is activated only if Djes(t) > 0 and serves the demand,
either fully or partially, subject to capacity and energy con-
straints. Modeling its power consumption is necessary, since
the amount of traffic served and the transmission effort directly
determine the energy depletion over the blackout horizon.
In the literature, BS power is expressed as the sum of a
fixed component and variable terms that depend on load
and transmit power, as introduced in the EARTH framework
and subsequent analytical models [14]. Measurement-based
studies on LTE and NR BSs show that linear and interpretable
models based on load and transmit power accurately capture
power consumption and outperform more complex nonlinear
predictors [15]. Although neural-network-based models can
improve prediction accuracy, their black-box structure is less
suited to the MILP formulation considered here. Following
this established line, we adopt the linear decomposition as
established in [15]

P(t) = b8 p(t) + b, p(t) + b, (8)

where P(t) denotes the electrical power consumption of the
UAV-BS communication system, p(t) is the radiated transmit
power controlling coverage feasibility, beDﬂi captures the load-
dependent term, bp,, scales the transmit-power contribution,
and b&T represents baseline consumption. The load is defined
as p(t) = R(t)/Cq, where R(t) denotes the aggregate admit-
ted traffic (see Section IV) and Cy is the licensed maximum

traffic volume at rooftop d.

IV. PROBLEM FORMULATION

Building on the stochastic restoration model introduced in
Section III, we formulate the UAV-BS scheduling problem
for a fixed candidate position d € D. The objective is to
sustain service during the blackout by maximizing the worst
recovered-demand fraction experienced before restoration, in
expectation over the uncertain restoration time. The UAV-BS
jointly decides: i) the subset of unserved users to admit at
each time slot v, 4(t), and ii) the transmit power profile p(t)
over the blackout horizon, under received-power feasibility,
capacity constraints, and finite battery energy. The position d
is treated as a parameter; candidate positions are compared
after solving the problem independently for each d. Let
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Yu,a(t) € {0,1} indicate whether user u € Uy(t) is admitted
by the UAV-BS located at d during slot ¢t € 7. The recovered

traffic is
Rt)= > du(t)yualt),
wEUy (t)

teT. 9)

Hence, R(t)/Diest(t) is the fraction of residual demand recov-
ered at slot ¢. For each possible restoration duration ¢ € T,
we define an auxiliary variable 7, as the minimum recovered-
demand fraction over the slots that would be experienced if
restoration occurred at ¢:

R(t)

= min ———.
teT:t<t D]eft (t)

The quantity 7, represents the service level guaranteed
throughout the outage prefix {1,...,¢}. Unlike cumulative
recovered-traffic objectives, which may favor high service
in early slots while allowing later service degradation, the
prefix minimum evaluates each restoration outcome by its
weakest pre-restoration slot. Therefore, any temporary collapse
in recovered demand directly reduces the value assigned to
all restoration durations extending beyond that collapse. The
metric consequently captures sustained recovery in residual
demand rather than aggregate throughput. Since the minimum
operator is nonlinear, relation (10) is enforced through linear
inequalities. For candidate position d, the problem is

ne (10)

(P) : y{ﬁaﬁé;mm a1
s.t.
R(t) > nngeft(t), VeT,VteT  t<{, (12)
R(t) > puinDiett (1), vte T, (13)
R(t) < Cq, vte T, (14)
p(t) = PLya(t) > P — M(1 = yu,a(t)),
Vi e T, Yu € Uy(t), (15)
0 < p(t) < Pmax; vteT, (16)
E(1) = Ey, (17)
E(t+1) = E(t) — (Pax + P(t)) At, Vte T, (18)
E(t) >0, Vte T, (19)
0<mn <1, YeeT, (20)
Yu,a(t) € {0,1}, Vee T, Vuel(t). 21

Constraint (12) is the linear representation of the prefix
minimum in (10). For each restoration duration ¢, it forces 7,
to be no larger than the recovered-demand fraction in every
slot t < ¢. Maximizing ver Tenes (11), therefore maximizes
the expected minimum service level over the random outage
duration 7. The expectation is taken after evaluating the
worst slot associated with each possible restoration duration,
meaning that each realization of the restoration time is as-
sessed according to the service continuity actually experienced
before recovery. Constraint (13) imposes a deterministic per-
slot service floor pp,i,, independently of the restoration prior.
Constraint (14) limits the recovered traffic by the UAV-BS
capacity. Constraint (15) enforces link-budget feasibility for

admitted users through a big-A/ implication: if y,, 4(t) = 1, the
received-power condition must hold; otherwise the implication
is deactivated. Constraint (16) imposes the transmit-power
limit. Constraints (17)—-(19) define the finite-energy evolution
of the landed UAV-BS. Constraints (20) and (21) define the
domains of the continuity and admission variables. For a fixed
candidate position d, the formulation contains ), |Uo(t)]
binary admission variables. The stochastic restoration model
introduces Trax(Tmax + 1)/2 continuity constraints through
(12). Thus, the number of continuity constraints induced by
restoration uncertainty grows quadratically with the planning
horizon, while the admission complexity scales with the
number of residual-demand users. The resulting problem is
therefore a restoration-aware MILP (RA-MILP), solved in the
numerical analysis using the Gurobi optimizer.

V. EXPERIMENTAL RESULTS

The proposed framework is evaluated using realistic urban
morphology, real BS deployments, and data-driven residual
traffic demand. As shown in Fig. 2, we consider the three
distinct spatially correlated outage realizations produced by the
proximity-based blackout-generation procedure for the case
in which 70% of the 10 terrestrial BSs are unavailable. For
each outage case, the UAV-BS is scheduled over a maximum
recovery horizon of Ti,,x = 10 hourly slots.

The stochastic restoration process is represented through
three discretized lognormal distributions: Short, Moderate, and
Prolonged, as depicted in Fig. 3.

For each restoration-time distribution and each outage re-
alization, the RA-MILP and benchmark methods are solved
independently for every candidate UAV-BS position. Results
reported in Section V are averaged over the three outage
realizations to reduce dependence on a specific failed-BS set
and to evaluate candidate UAV-BS locations under different
blackout footprints with the same outage severity.

The candidate set of UAV-BS locations follows the construc-
tion described in Section III-B. It includes three cluster-based
rooftop locations (CL1, CL2, and CL3); the rooftop with
maximum absolute altitude (MAXALT); the rooftop closest
to the blackout centroid (CEN); and a hovering point above
the blackout centroid (HOV). The hovering point is retained
only as a geometric reference. Its hovering propulsion cost
is not included in the energy model; therefore, it should be
interpreted as a placement upper-bound reference rather than
as a directly comparable deployment option. A full energy-
budget analysis including propulsion energy for hovering or
relocation phases is left for future work. The simulation
parameters are summarized in Table 1.

A. Scenario

The simulation is initialized with the following inputs.

Urban morphology: A 3D shapefile of Zurich provides
building geometry, including ground elevation, planar coordi-
nates, and height. It enables accurate LoS/NLoS classification.
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Fig. 2: Three representative outage realizations with 70% unavailable BSs and candidate UAV-BS locations.
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Fig. 3: Restoration-duration priors over the planning horizon.

TABLE I: Main simulation parameters.

BS Parameters

Frequency 2100 MHz
Bandwidth 100 MHz
Transmit Antenna Gain 18 dBi
Rx Antenna Element Gain 0 dBi
Radiated Power 49 dBm
Sampling Factor 1.536
Rx Noise Figure 8 dB
Rx Antenna Height 1.5 m

UAV-BS Parameters

Battery Capacity Fq 0.526 kWh
Fixed Power Pgy 0.02 kW
Max Transmit Power pmax 1w
Capacity C 10 Mbps
Time Slot At 1 hour
Service floor pmin 0.5

BS deployment: Real BS coordinates' are used within a
1 km? area of Zurich. Only macro cells are retained, yielding
10 active terrestrial BSs under normal operation.

UAV-BS deployment: A single UAV-BS is considered, with
battery modeled after the DJI Matrice 350 RTK dual-battery
system” equipped with TB65 intelligent batteries”.

Traffic demand: Demand traces are drawn from the Net-
Mob23 dataset [16], which provides real-world mobile traffic
data aggregated over 0.01 km? tiles at hourly resolution.
Since the traces are normalized, we scaled them to the Zurich
scenario using a population density of 5,084 people/ km®. The
resulting traffic demand is computed assuming a peak activity
factor of 4 Mbit/s and 50% active users.

Uhttps://www.bakom.admin.ch/en/location-of-radio- transmitters
Zhttps://enterprise.dji.com/matrice-350-rtk/specs
3https://store.dji.com/it/product/tb65-intelligent-flight-battery

TABLE II: Geometric and feasibility characterization of
landed UAV-BS candidates across the three outage realizations.

Candidate Distance [m]  Altitude [m]  Feasibility [%]
CEN 494 425.3 100
CL2 144.7 429.2 100
CL3 256.8 438.8 100
CL1 351.5 433.0 66.7
MAXALT 797.3 508.0 333

B. Benchmark Methods

We compare RA-MILP with two deterministic MILP base-
lines and one greedy policy. All MILP methods use the
same admission variables, transmit-power variables, battery
dynamics, capacity, received-power, and service-floor pmin
constraints; they differ only in how restoration duration is
modeled in the objective.

Full-Horizon MILP (FH-MILP): This baseline represents
a worst-case deterministic planning policy. It assumes that the
outage lasts until the end of the planning horizon T},,,x and
maximizes the worst recovered-demand fraction over all slots
t € T. It therefore protects delayed restoration cases without
using the restoration-time distribution.

Expected-Horizon MILP (EH-MILP): This baseline rep-
resents a mean-duration deterministic planning policy. It re-
places the random restoration time by T,y, = round(E[r])
and solves the same deterministic worst-slot problem as FH-
MILP over the restricted horizon {1, ..., Texp}. Service after
Texp is not explicitly optimized, reflecting a policy planned
around an average repair-time estimate.

Greedy Energy-Feasible Admission (GEA): This policy
operates slot by slot over Ti.x. At each slot, reachable
users are sorted by demand and admitted while the UAV-BS
capacity, received-power condition, and residual battery permit
service. The transmit power is then set to the minimum value
required by the admitted users. GEA has no lookahead over
future slots and does not enforce the service floor pyiy-

C. Candidate Position Assessment

To better interpret the position-dependent results, Table II
reports both the geometric properties and the feasibility rate
of landed UAV-BS candidates. The feasibility rate indicates
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Fig. 4: Expected service continuity across UAV-BS candidate
positions under the three restoration-time priors.

the fraction of outage realizations for which the optimization
problem admits a solution satisfying the service-floor, capacity,
link-budget, and battery constraints. Distance is measured from
the outage centroid. The table shows that CEN is feasible in
all realizations and is only 49.4 m from the outage centroid,
whereas MAXALT has the highest altitude but lies 797.3 m
away and is feasible in only 33.3% of the cases. This confirms
that altitude alone is not sufficient: effective landed recovery
requires spatial alignment with the residual-demand footprint.

Fig. 4 compares the expected service continuity of the RA-
MILP across candidate UAV-BS positions and restoration-
duration priors. The hovering reference HOV provides the
highest values because of its greater positional flexibility, but,
as discussed above, it represents an upper-bound reference
rather than a complete hovering deployment model. Among
landed candidates, CEN gives the most stable performance,
while cluster-based locations provide outage-agnostic alterna-
tives when the blackout footprint is not accurately known. As
the prior shifts from Short to Prolonged, expected continuity
decreases for all positions, reflecting the increasing cost of
sustaining service over later slots under finite UAV-BS energy.

D. Service Continuity Under Uncertain Restoration

A resilient recovery policy should restore service without
exhausting the resources needed if the outage lasts longer than
expected. This tradeoff is visible in Fig. 5. GEA provides high
early recovery because it admits users whenever the current ca-
pacity, link budget, and battery state allow it. This is effective
for short outages, but it does not preserve enough energy for
delayed restoration. As a result, GEA falls below py,i, in late
slots and provide no recovery. EH-MILP represents recovery
planning around a mean repair horizon. It provides strong
service before Tcyp,, but delayed restoration outcomes are not
explicitly protected. FH-MILP takes the opposite approach by
protecting the full horizon, which is robust to delayed repair
but conservative when recovery is likely to occur early.

RA-MILP adapts between these regimes. Under the Short
prior, it allocates more service to early slots than FH-MILP
because early restoration is likely. Under the Prolonged prior,
it approaches FH-MILP because maintaining service in late
slots becomes essential. The transmit-power profiles in Fig. 6
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Fig. 5: Per-slot residual-demand recovery of the compared
scheduling policies under the three restoration-time priors.

explain this adaptation: RA-MILP front-loads power under
Short restoration and moves toward sustained power allocation
under Prolonged restoration. Therefore, RA-MILP avoids the
late collapse of myopic recovery while also avoiding unnec-
essary worst-case conservatism when the restoration proba-
bility favors early repair. Since policies with similar average
recovered demand may nevertheless differ in their ability to
maintain pni,, the next subsection evaluates their sensitivity
using a compliance-weighted recovery metric.

E. Sensitivity to the Service-Floor Requirement

The previous results show that policies differ not only in
the amount of residual demand they recover, but also in their
ability to maintain service above the required floor over time.
To quantify this effect while preserving the restoration-aware
nature of the analysis, we introduce a penalized expected
service-continuity metric. We define the prior-weighted service
continuity as Timax

Rprior = E e -
{=1
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Fig. 7: Penalized expected service continuity at CEN under different minimum service-floor requirements.

This term is consistent with the restoration-aware objective,
since each possible restoration duration is evaluated through
the minimum service level experienced before restoration.
However, R, ior alone does not explicitly penalize intermittent
violations of the minimum service floor. We therefore define
the service-floor violation ratio as

1 Tmax

V, = T 1{r(t) < Pmin} -

t=1

max

The final penalized service-continuity metric is
Rpen = Rprior exp (_)‘Vp) )

where A controls the severity of the penalty. We use A = 2,
which penalizes below-threshold slots while avoiding a binary
feasible/infeasible classification. Thus, a policy is rewarded
when it maintains a high prefix-minimum recovery under the
restoration prior, and is penalized when it violates the required
service floor during the planning horizon.

Since the position analysis identified CEN as the most
reliable landed candidate, we evaluate the sensitivity to pyi, at
this position. Fig. 7 reports Rpen for pmin € {0.3,0.4,0.5,0.6}
under the Short, Moderate, and Prolonged restoration pri-
ors. RA-MILP achieves the highest score under the Short
and Moderate priors because it exploits the restoration-time
distribution while still preserving service above the required
floor. Under the Prolonged prior, RA-MILP approaches FH-
MILP, reflecting the need to protect later slots. FH-MILP
remains stable across all priors because it protects the full

horizon, but it can be conservative when early restoration is
likely. EH-MILP is strongly penalized because service after the
expected repair time is not explicitly protected, while GEA
loses performance because its high early recovery comes at
the cost of later service degradation. These results confirm
that blackout resilience must account not only for average
recovered demand, but also for p,,i, compliance over time.

F. Sensitivity to Restoration-Time Prior Mismatch

After assessing the impact of pni, requirement, we as-
sess the cost of optimizing the schedule with an incorrect
restoration-time prior. For each true prior, Fig. 8 reports the
expected continuity loss relative to the schedule optimized
with the correct prior. The largest loss occurs when a Short
prior is assumed but restoration is actually Prolonged, causing
about 24% expected continuity loss. Using the Moderate prior
in the same true Prolonged case reduces the loss to about 12%,
showing the value of preserving some late-horizon service
when repair is delayed. The reverse mismatch is less severe
but still visible: if restoration is actually Short, planning with
the Prolonged prior loses about 16%, while the Moderate prior
loses about 8%. Thus, mismatch is most damaging when the
assumed prior assigns too little probability to the restoration
times that actually occur. This suggests a conservative mod-
eling rule: when repair-time information is uncertain, overly
optimistic fast-restoration assumptions are riskier than priors
that retain some probability mass in the tail.
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Fig. 8: Expected service-continuity loss caused by restoration-prior mismatch.

G. Deployment Perspective

The proposed optimization may be implemented as a long-
horizon planning and re-optimization function in an Open
Radio Access Network (O-RAN) architecture. Since landing-
site selection and UAV-BS scheduling rely on slowly varying
information, such as outage reports, residual-demand forecasts,
battery state, and urban morphology, the RA-MILP is naturally
suited to the Service Management and Orchestration (SMO)
layer and the Non-Real-Time RAN Intelligent Controller
(Non-RT RIC). During the blackout, updated restoration priors
or demand forecasts can trigger re-optimization, while faster
admission or transmit-power corrections can be handled by
Near-Real-Time RAN Intelligent Controller (Near-RT RIC)
applications. Thus, the proposed framework should be inter-
preted as a blackout-time planning tool rather than as a slot-
level radio scheduler.

VI. CONCLUSION

This paper studied landed UAV-BS recovery for RAN
service continuity during power-grid blackouts with uncertain
restoration time. We formulated a restoration-aware MILP that
schedules user admission and transmit power under finite bat-
tery, link-budget, capacity, and service-floor constraints. The
results show that restoration-time priors significantly affect
the optimal recovery profile: short-repair priors favor earlier
service, while delayed-repair priors require more conserva-
tive battery use. The results also show that landing position
is critical, since proximity to the outage footprint can be
more important than altitude alone. Finally, the service-floor
and prior-mismatch analyses show that maximizing recovered
traffic is not sufficient when sustained service continuity is
required. Future work will extend the framework to closed-
loop recovery with updated restoration priors, coordinated
multi-UAV deployment, and complete energy-budget modeling
including propulsion energy.
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