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Highlights

What are the main findings?

* A sensing-assisted UAV-BS recovery model is developed for predefined evacuation
corridors under ground coverage and network observation blind zones.

*  The proposed invisible-demand map and evacuation-flow demand map jointly cap-
ture evacuee demand that is invisible to the surviving network and communication
continuity along evacuation corridors.

What are the implications of the main findings?

¢  The proposed method shifts post-disaster UAV-BS deployment from network-side
visible metrics or responses based on coverage degradation toward aerial network
recovery guided by constructed demand maps.

*  The demand-map representation provides an effective way to incorporate aerial sens-
ing information into UAV-BS recovery decisions under limited network observability.

Abstract

Post-disaster emergency communication networks often suffer from coverage degradation
and limited network observability, which makes it difficult to maintain reliable connectivity
for evacuees. Existing UAV-assisted communication methods usually rely on network-side
visible metrics for deployment decisions. As a result, they may overlook evacuees whose
communication demands are hidden in coverage blind zones or observation blind zones
along predefined evacuation corridors. To address this problem, this paper proposes a
sensing-assisted UAV-BS recovery method for invisible evacuee demand. The method
constructs an invisible-demand map by combining sensed evacuee states, ground coverage
conditions, network observation states, and evacuation urgency. It further introduces
an evacuation-flow demand map to describe continuous communication demand along
evacuation corridors. These two maps are combined to guide temporary UAV-BS access
recovery. The simulation results show that the proposed method achieves the best overall
balance among invisible-demand recovery, evacuation-path coverage, and edge evacuee
rate. Compared with the blind-zone-only baseline, it improves DCR (demand coverage
ratio) from 0.365 to 0.373, DW-EPC (demand-weighted evacuation-path coverage) from
0.286 to 0.316, and the fifth-percentile evacuee rate from 1.559 to 1.672 bps/Hz. The
proposed method also shows more stable performance under sensing-output uncertainty
and constrained UAV response radius.
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1. Introduction

With accelerating urbanization and high population concentration, sudden disasters,
such as earthquakes, floods, and fires, can significantly impact urban operations and public
safety. Consequently, disaster emergency response has become increasingly important [1].
Post-disaster environments are highly dynamic, and evacuation status and road conditions
are often difficult to monitor in real time. Timely information feedback and command
coordination are therefore essential for emergency response [2]. However, this information
chain may be weakened by base station failures and power limitations, which degrade
ground network performance and reduce link reliability. Therefore, communication support
directly affects evacuation efficiency and rescue coordination.

In post-disaster evacuation scenarios, communication support must facilitate continu-
ous information exchange rather than simply restore static network coverage. Evacuees
typically move toward safe zones along predefined paths, which form critical evacuation
corridors [3-5]. Because information exchange is concentrated along these corridors, they
become priority areas for emergency communication support. When ground network cov-
erage degrades, evacuees moving along these routes may face disconnection risks, which
can hinder evacuation organization [6]. Therefore, communication recovery for predefined
evacuation corridors must provide continuous service that adapts to dynamic demand.

To meet these requirements, relying solely on ground base station repairs or the de-
ployment of temporary ground equipment is often insufficient. Ground-based recovery is
limited by environmental complexity, blocked roads, and restricted power supplies [7,8]. In
contrast, a UAV-mounted base station (UAV-BS) can be rapidly deployed to create a tempo-
rary aerial access point, providing communication service to evacuees who are difficult to
serve through damaged ground networks [9,10]. Furthermore, the three-dimensional mo-
bility and coverage reconfiguration capabilities of the UAV-BS enable it to adjust its service
position within a limited operational radius based on demand changes near the corridor,
providing mobile aerial support for communication recovery along predefined evacuation
corridors [11]. Beyond this limited operational radius, UAV-assisted emergency communi-
cation is also constrained by onboard energy. Recent advances in low-power design, energy
harvesting, and intelligent power management improve platform autonomy [12] and offer
ways to extend operation when ground power infrastructure is unavailable [13].

However, the effectiveness of UAV-BS deployment depends not only on aerial coverage
capability but also on whether the system can identify communication demands that
should be restored with priority. The existing studies mostly determine service locations
from already connected users, visible traffic hotspots, or detectable coverage-degraded
regions [14,15], so the aerial service may be biased toward observable hotspots while
overlooking disconnected evacuee demand that is invisible to the surviving network. For
predefined evacuation corridors, this invisible demand arises from two distinct types of
ground-network degradation, which we refer to as coverage blind zones and observation
blind zones.

In real disaster scenarios, these two types arise from different physical causes and
should be distinguished. A coverage blind zone reflects a loss of service capability, where
the signal quality from the surviving base stations falls below a usable threshold, whereas
an observation blind zone reflects a loss of demand visibility, where the surviving network
cannot detect present users or communication requests even at locations whose nominal
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coverage is not fully lost. The two need not coincide: a congested or partially functional
area may still appear served on network-side coverage maps while many disconnected
evacuees remain invisible to it, and a recovery decision based only on coverage degradation
would overlook them.

This motivates a recovery framework that converts sensing outputs into spatial de-
mand maps for UAV-BS position selection. In this paper, aerial network recovery refers to
restoring access-side communication service for prioritized evacuee demand by selecting
the UAV-BS position in each decision period rather than repairing the ground infrastructure
or the backhaul. The invisible-demand map is a spatial field that indicates where evacuee
communication demand exists but cannot be reliably served or observed by the surviving
ground network, while the evacuation-flow demand map is a spatial field that indicates
the continuous and directional communication demand generated by evacuees moving
along the predefined corridor. Recent sensing-assisted and ISAC studies show that sensing
outputs can support wireless decision making beyond conventional communication-side
measurements [16-18]. Based on these maps, we develop demand-weighted criteria for se-
lecting UAV-BS recovery positions and determine the recovery position using a lightweight
adaptive position search algorithm guided by the constructed demand maps.

The main contributions of this paper are summarized as follows:

¢  We formulate a sensing-assisted aerial network recovery framework for predefined
evacuation corridors. In this framework, coverage blind zones and observation blind
zones are distinguished to describe two types of ground-network degradation: weak
service capability and poor demand visibility. This distinction provides the basis for
modeling invisible communication demand.

*  We construct an invisible-demand map and an evacuation-flow demand map. Evac-
uee states obtained from aerial sensing are used to describe the spatial distribution
of underlying communication demand. Ground coverage degradation, network ob-
servation degradation, and corridor relevance are then combined to generate the
invisible-demand map, while the evacuation-flow demand map captures continuous
communication needs caused by crowd movement along predefined corridors.

*  We develop a demand-weighted UAV-BS aerial network recovery criterion. This
criterion links UAV-BS position selection with invisible-demand recovery and commu-
nication continuity along the evacuation flow. A lightweight adaptive position search
algorithm guided by the constructed demand maps is then used to find the UAV-BS
recovery position within a limited response range.

The remainder of this paper is organized as follows. Section 2 reviews the related
studies on UAV-assisted post-disaster communication, recovery based on coverage degrada-
tion, density-aware UAV-BS deployment, sensing-assisted communication, and the spatial
structure of evacuation routes. Section 3 develops the system model for the scenario with
predefined evacuation corridors, including the damaged terrestrial network, evacuee state,
coverage blind zone, observation blind zone, and UAV-BS aerial service model. Section 4
formulates the invisible-demand map based on sensing outputs and the evacuation-flow
demand map and then constructs the demand-weighted aerial network recovery criterion
and the adaptive position search method. Section 5 presents the simulation settings and
results, comparing different UAV-BS deployment criteria in terms of invisible-demand
coverage, disconnected-user recovery, evacuation-path coverage, and edge evacuee rate.
Section 6 concludes the paper and discusses future extensions.
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2. Related Work
2.1. UAV-BS Support for Post-Disaster Communication Recovery

When disasters cause base station failures, backhaul blockage, or local service inter-
ruption, the ground network may not be able to provide timely communication support.
UAV-BSs provide an aerial means of emergency service recovery. Owing to fast deployment
and flexible positioning, they can serve as temporary access nodes before the terrestrial
infrastructure is fully repaired.

The existing studies have built a solid foundation for post-disaster communication
recovery supported by UAV-BSs. UAV-BS deployment under failed base stations and non-
uniform user distributions has been studied to restore service coverage, message delivery,
and rescue connectivity [10,11,19]. More recently, Pijnappel et al. studied online positioning
of a drone-mounted base station under site failures and traffic hotspots, showing that UAV-
BS positions should adapt to post-disaster network states [14]. Related UAV trajectory
and coverage-optimization studies in mobile edge computing and wireless-powered IoT
systems typically optimize UAV motion under known or observable task demands [20,21].
In contrast, this paper focuses on post-disaster UAV-BS recovery when part of the evacuee
demand is hidden from the surviving network. Beyond positioning, complementary
physical-layer studies on secure transmission, rate-splitting multiple access, and RIS-
assisted aerial communication have further enriched aerial emergency networks [22-25].

These studies demonstrate the feasibility of using UAV-BSs as aerial compensation
nodes. Nevertheless, existing UAV-BS positioning methods mostly determine service lo-
cations from visible network states, modeled user distributions, or detectable service
gaps. In predefined evacuation corridors, the most critical communication demand
may come from evacuees who are moving but disconnected from the surviving net-
work, which is difficult to infer from cellular-side measurements alone. Therefore, be-
yond optimizing UAV-BS locations, it is also necessary to construct a spatial represen-
tation of recovery demand that reveals where emergency communication recovery is
actually needed.

2.2. Spatial Information for UAV-BS Deployment

The effectiveness of UAV-BS deployment depends strongly on the spatial information
used to guide the aerial service position. The existing studies provide useful references
from four perspectives: ground coverage state, user demand distribution, external sensing
information, and the spatial structure of evacuation routes.

The first perspective is the ground coverage state. Coverage-hole recovery studies
usually identify areas where the received signal quality is below a service threshold and
then deploy UAV-BSs to compensate for these service gaps. Al-Ahmed et al. considered
autonomous coverage-hole detection, wireless backhaul, and user demand in UAV-BS
placement, showing that detected service gaps can provide a direct basis for aerial compen-
sation deployment [15]. This line of work is closely related to the coverage degradation
considered in this paper. However, a coverage gap only describes whether a location can
be served. It does not indicate whether the surviving network can observe the demand at
that location.

The second perspective is user demand distribution. Hotspot-driven and density-
aware methods move UAV-BSs toward areas with concentrated users or high traffic demand.
Lai et al. studied on-demand density-aware UAV-BS placement for arbitrarily distributed
users with guaranteed data rates, indicating that user density is an important reference
for UAV-BS deployment [26]. Such methods are effective when user demand is known or
can be reliably estimated by the network. In post-disaster evacuation scenarios, however,
disconnected evacuees may not generate stable network-side measurements.
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The third perspective is external sensing. Integrated sensing and communication
(ISAC) and sensing-assisted communication studies show that radar, vision, or other
sensors can provide target locations, environmental states, or localization information
beyond conventional network-side measurements [16-18]. Recent UAV-ISAC studies have
further considered trajectory design, beamforming, resource allocation, and sensing-quality
constraints in different emergency or IoT scenarios [27-29]. These studies confirm the
value of sensing information for wireless systems. However, they mainly treat sensing
as an objective or constraint rather than as a source of recovery demand for evacuees
who are invisible to the surviving network. In this paper, sensing outputs are used at
the system-output layer to complement network-side observations and support UAV-BS
recovery decisions.

The fourth perspective comes from studies of evacuation routes and crowd move-
ment. Pedestrian evacuation studies have modeled exit corridors as structured evacuation
spaces [30]. Evacuation path planning studies under fire scenarios further show that evac-
uation demand has strong spatial directionality [31]. UAV-based evacuation guidance
systems also demonstrate that aerial platforms can support evacuation services along
planned routes when ground information is limited [32]. These works do not address com-
munication recovery, but they show that predefined evacuation routes should be treated as
important spatial structures in emergency systems.

Table 1 summarizes the design-level differences between representative UAV-BS re-
covery studies and the proposed method. The existing designs provide useful founda-
tions from different angles, but most of them rely on visible network states, coverage
conditions, known user density, or sensing-quality objectives. They do not explicitly
distinguish service loss from demand invisibility, nor do they connect sensing-revealed
evacuee states with evacuation-flow continuity. Motivated by these gaps, this paper con-
structs recovery-oriented demand maps for UAV-BS aerial network recovery in predefined
evacuation corridors.

Table 1. Comparison with representative UAV-BS deployment and sensing-assisted recovery designs.

This Work

Representative Design

Main Information Used

Main Missing Issue

Network-visible or
demand-aware UAV-BS
deployment [9,14,19]

Visible traffic demand, user
distribution, service state, and
UAV position

Network-invisible evacuees may
be missed

Uses sensing-revealed evacuee
states to expose invisible demand

Coverage- or
density-aware UAV-BS
placement [15,26]

Coverage condition, user density,
target rate, and UAV altitude

Service loss and demand
invisibility are not distinguished

Separates coverage and
observation blind zones

UAV-assisted ISAC or
sensing-assisted
deployment [16-18]

Sensing quality, communication
rate, trajectory, and resource
allocation

Treats sensing mainly as an
objective or constraint

Uses sensing outputs as recovery
demand inputs

UAV-assisted
evacuation design [3]

Evacuation route, crowd state, and
guidance information

Focuses on guidance rather than
communication recovery

Adds evacuation-flow demand for
corridor communication
continuity

Proposed design

Sensed evacuee state, network
degradation, corridor relevance,
and evacuation flow

Integrates invisible-demand and
evacuation-flow continuity for
UAV-BS recovery
position selection

3. System Model

3.1. Post-Disaster Network Scenario Modeling and Predefined Evacuation Corridor

We consider a post-disaster emergency communication scenario, as illustrated in
Figure 1. In this scenario, a UAV-BS provides temporary aerial service for disconnected
evacuees moving along a predefined evacuation corridor in the presence of ground coverage
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blind zones and network observation blind zones. The affected area is modeled as a
two-dimensional plane A C R2. After the disaster, the ground infrastructure is represented
by a set of surviving and failed base stations. Let B denote the set of ground base stations
deployed in the area before the disaster. The base stations are then divided into a surviving
set By and a failed set Bf, where By = {1,2,...,B}, and B is the number of surviving
ground base stations.

N
\

Ground predefined

coverage K evacuation
blind zone no / Ground corridor

service / observation

blind zone :
UAV

limited radar
recovery

@

i’ ) Radar-revealed |~
.i - 1 disconnected F ﬁ‘
— evacuees [

@ e

Surviving BS  Failed BS  pyacyee user Evacuation flow  Restored link
visible coverage oyt of service alone corridor UAV-user

Safe exit

Figure 1. System scenario of UAV-BS aerial network recovery in a predefined evacuation corridor.

The horizontal location of each surviving ground base station b € B, is denoted by
qp € A. The surviving network shows spatially non-uniform degradation after the disaster,
including reduced coverage capability and limited demand visibility. These two types
of degradation are modeled later through the ground coverage state and the network
observation state.

A predefined evacuation corridor exists in the disaster area. It is determined by emer-
gency plans, road-network conditions, or on-site command information and is denoted by

Ce ={c(s) :s€0,Lc]}, 1)

where c(s) € A denotes the position along the corridor with arc-length parameter s, and
L, is the corridor length. This corridor connects hazardous areas, temporary gathering
points, and safe exits. It represents the main spatial route along which evacuees move
from dangerous areas to safe areas. The corridor is treated as fixed within each emergency
decision period, while the UAV-BS recovery position can be updated across decision
periods. If road conditions or on-site command decisions change, the corridor prior
and the corresponding demand maps can be updated in the next decision period. To
restore emergency communication service near the predefined evacuation corridor, the
system deploys a UAV with both communication and sensing capabilities. The UAV
operates at a fixed altitude H and serves as an aerial access node. During each emergency
decision period, it is assumed to have access to at least one available emergency backhaul
option with sufficient capacity for the considered recovery service. Such a backhaul
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option may be provided by a surviving base station with valid backhaul, an emergency
command vehicle, a satellite link, or a temporary relay node. This condition represents
the minimum operational requirement for real-time UAV-BS communication service. This
paper focuses on access-side recovery position selection once a minimum emergency
backhaul path is available rather than on how to construct the backhaul path itself. In
the k-th emergency decision period, the horizontal location of the UAV is denoted by
p(te) = [x(te), y(t)]" € A.

Different from coverage enhancement models that rely only on known user distribu-
tions, the UAV-BS considered here provides both aerial communication service and external
sensing input. Therefore, the UAV location p(t;) affects both its aerial service capability
and the sensed evacuation state.

3.2. Sensing-Assisted Evacuee State Modeling

To characterize evacuation demand beyond network-side observations, the UAV-side
sensing module provides external estimates of evacuee states near the predefined evacua-
tion corridor. In this study, the sensing-state estimate is treated as the processed output
of a UAV-mounted millimeter-wave FMCW radar module. The radar front end provides
range—angle-Doppler detections, which are further converted into position, motion-state,
and reliability estimates after ego-motion compensation, georeferencing, clustering, and
tracking. The resulting noisy evacuee-state estimates are used as external inputs for com-
munication recovery decisions. In the k-th emergency decision period, when the UAV is
located at p(tx), this radar-based sensing-state estimate is represented as

Z(t) = {(zi(te), vilt), wilty)) } ), )

where z;(t), vi(f;), and w;(t) denote the position estimate, velocity estimate, and effective
weight of the i-th evacuee target or crowd cluster, respectively. N, (f;) denotes the number
of effective sensed targets. Thus, Z(t;) is treated as an abstract estimate of evacuee states.
To describe sensing uncertainty, the position and velocity estimates are written as

z;(ty) = u;(ty) +€f (tr), 3)

vi(ty) = w;(t) + € (t), (4)

where u;(f;) and u,(t;) denote the true position and velocity, respectively. The sensing
error terms are modeled as

€ (t) ~ N(0,02Lp), €(ty) ~ N(0,021,), (5)

where o5 and 0y, denote the position-estimation uncertainty and motion-estimation uncer-
tainty, respectively.

The proposed model follows a discrete-time update structure. At each decision epoch
t, the sensed evacuee states are used to reconstruct the density and flow fields for UAV-BS
recovery position selection. If the sensing-to-decision delay is non-negligible, the sensed
position can be propagated by a short-term motion model as

2i(t + 1) = Malzi(t) + vi(te) Tl (6)

where T is the sensing-to-decision delay, and IT 4[] denotes projection onto the disaster
area. The numerical evaluation adopts this short-lag setting with 7; = 0.
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Based on Z(ty), the sensing-revealed evacuee density field p,(u, f;) is defined as
Nr(tk)
or(wt) = ) wi(t)Ke(u—2zi(k)), ueA, @)
i=1

where K, (-) is specified as an isotropic Gaussian kernel,

I 2
Ko(u—1zi(t)) = 2711(72 eXP<—|uzz(;§tk)”>~ (8)

where, o denotes the KDE smoothing scale used to convert discrete sensing outputs into
a continuous evacuee density field. It is different from the localization uncertainty o5 in
the sensing-error model: o5 characterizes the random error in the sensed position estimate,
whereas o controls the spatial spread of each sensed target or crowd cluster in the density
construction. In the simulations, the effective smoothing scale is set as

o =/0%+ 02, )

where 0y is the nominal KDE bandwidth. This setting makes the sensing-revealed density

field smoother when the sensing-output localization uncertainty increases. This density

field represents the spatial concentration of evacuees obtained from external sensing rather

than the traffic density observed on the network side. The evacuation flow field is further

defined as

L") i) Ke (w — (1)) i 1)
pr(u t) +e

f(u,ty) = , uc A, (10)

where € > 0 is a regularization constant. f,(u, f;) represents the dominant motion trend of
local evacuees. Thus, pr(u, f) and fr(u, tk) form the sensing-state input for the subsequent
demand map modeling.

3.3. Ground Coverage State and Network Observation State

The surviving ground base stations By form spatially non-uniform coverage in the
area A. For any location u € A, we use the maximum signal-to-interference-plus-noise
ratio (SINR) from the surviving base stations to describe the ground coverage state. Let
Py(u, t;) denote the received power at location u from surviving base station b € Bg, which

is given by
P,
Py(u, ty) = ——5———0O(u, ), 11
b(u, ) (@ (a) + AoV (u, £) (11)
where P is the transmit power of a ground base station, d,(u) = ||u — q || is the horizontal

distance from location u to base station b, d is the reference distance, and 74 is the path-loss
exponent of the ground link. ©(u, t;) denotes a composite modulation term that captures
disaster shadowing, local blockage, and other large-scale attenuation effects.

More specifically, the composite modulation term is introduced as a scenario-level
large-scale coverage modulation field rather than a small-scale fading coefficient or a site-
specific disaster propagation channel. Its purpose is to generate spatially non-uniform
post-disaster coverage conditions caused by damaged sites, local blockage, and residual
coverage variations by modulating the received power from the surviving ground base
stations. It is constructed as a bounded and spatially correlated field,

O(u, ty) = clip{exp[—Z(u, t)], Omin, Omax}, (12)
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where Opin and Omax denote the lower and upper bounds of the modulation field, and the
non-negative attenuation field ¢ (u, t;) is generated by Gaussian spatial kernels,

_ = en]?
T(uty) =%sn Y, amexp ) + Kp1 ge (W) (13)

meMs;

where, M, denotes the set of damaged or shadowed regions, and ¢, a,,, and s, are the
center, weight, and spatial scale of the m-th region, respectively; g.(u) represents additional
local blockage around the damaged corridor segment; and «g, and xy,) control the strengths
of large-scale shadowing and local blockage. The statistical assumption is that ©(u, t)
is a smooth, bounded, and spatially correlated large-scale random field: across different
post-disaster realizations, the centers and weights of the damaged regions are randomly
perturbed, while the same large-scale statistical structure is retained so that ©(u, t;) reflects
environment-dependent large-scale coverage modulation rather than independent per-
location fluctuation. Consequently, obstructed or shadowed regions affect the coverage
state through reduced received power and SINR.

Based on the surviving base station set Bg, the maximum SINR at location u is
defined as

) (u/ tk)

u, f;) = max , (14)
7 i) beBy Yje, jzb Pj(w, t) + No

where Nj is the noise power. To capture the smooth transition from weak to strong coverage,
v¢(u, tr) is converted into the dB scale as

'ygB(u, tr) = 101ogyo (ve(u, t) +€4), (15)

where ¢, is a small positive constant used to avoid numerical singularity. The ground
coverage state is then defined as

1
L+ exp[—ac(rgP (w 1) = 77)]

Colu ty) = (16)

where 'yﬂlB is the coverage determination threshold, and a. controls the sharpness of the
soft transition from marginal to reliable coverage; in practice, it can be calibrated from
the SINR transition width over which measured service reliability increases from weak
to stable service. The threshold 'ytth represents the SINR requirement associated with a

minimum ground-link spectral efficiency Rrgnin’ ie.,
g
7w = 10logy, (ZR“““ - 1)' (17)

where RS, denotes the minimum ground-link spectral efficiency requirement.
C¢(u,ty) € [0,1] represents the degree to which location u can obtain reliable commu-
nication service from the surviving ground base stations B,. The corresponding coverage
blind-zone factor is defined as

Be(u, ty) =1 — Cg(u, ). (18)

The coverage state only describes the ground service capability. To describe the
visibility of user states and communication demands on the network side, we introduce
an observation visibility factor x¢(u,t;) € [0,1]. This factor captures the impact of access
failures, silent terminals, limited status reporting, and backhaul blockage on network
observation capability. The network observation state is further defined as
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Og(u, tk) = Cg(u, tk)xg(u, tk). (19)
The corresponding observation blind-zone factor is defined as
Bo(u, ty) =1 —Og(u, ty). (20)

Thus, O, (u, t;) represents the overall network-side observability, which depends on
both ground service availability and conditional demand visibility. Accordingly, B.(u, t;)
represents ground service degradation, while B, (u, t;) represents network observation
degradation. They serve as network-side state variables for the subsequent construction of
the invisible-demand map.

3.4. Predefined Evacuation Corridor Relevance Modeling

To incorporate the predefined evacuation corridor into the subsequent demand map
construction, we characterize the relationship between location u and C, through corridor
proximity and flow alignment. Corridor proximity is used to weight corridor-related
demand intensity, while flow alignment describes the directional continuity of evacuation
movement. The shortest distance from location u € A to the predefined evacuation corridor
Ce is defined as

de(u) = min |lu—c(s)]. (21)
s€(0,Le]

The corridor proximity weight is then defined as

pe(u) = exp( dg(“)) (22)

2072

where o, controls the spatial influence range of the predefined evacuation corridor.
Pe(u) € (0,1] represents the spatial relevance between location u and the corridor.
Furthermore, let s*(u) denote the nearest projection parameter of location u on
the corridor:
s*(u) = arg min |ju— c(s)]|. (23)
s€[0,Le]

The corresponding local corridor direction is defined as

e(s*(w)) o

= e ] +¢

where ¢(s) is the tangent direction of the corridor curve, and € > 0 is a regularization
constant. Based on the sensed evacuation flow field f,(u, t;), the flow-alignment factor is

f}T (ur tk)e(u)
T e | @)

defined as

ae(u, ty) = max{O

where, a.(u, t;) € [0,1] represents the alignment between the local evacuation flow and the
corridor direction. This rectified cosine form is consistent with desired-direction modeling
in pedestrian dynamics and velocity-coherence measures in crowd analysis [33,34]. For
invisible-demand construction, the corridor relevance weight is defined as

wWe(u) = 1+ Actpe(u), (26)

where A, > 0 controls how corridor proximity enhances the communication demand
weight. The constant term in w,(u) preserves off-corridor invisible demand, while . (u)
enhances demand near the predefined evacuation corridor. The weight w,(u) is used in
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the subsequent construction of the invisible-demand map, while the flow-alignment factor
ae(u, t) is used to construct the evacuation-flow demand map.

4. Aerial Network Recovery Problem
4.1. Effective Blind-Zone Factor and Demand Map Generation

The emergency communication demand near the predefined evacuation corridor
depends on the evacuee state obtained from sensing outputs, the degraded ground network
state, and corridor relevance. To form the spatial demand input for UAV-BS recovery
position selection, the evacuee density p,(u, ty), the effective blind-zone factor, and the
corridor relevance weight w,(u) are mapped into an invisible-demand map. This map
characterizes communication demand near the predefined corridor that is inferred from
sensing outputs but cannot be reliably served or observed by the surviving ground network.

The effective blind-zone factor describes both service degradation and observation
degradation on the ground-network side. Specifically, C¢(u,t;) describes the service
capability of the surviving ground network at location u, while x¢(u,t;) describes the
visibility of user states and communication demands on the network side. Based on these
two terms, the effective blind-zone factor is defined as

Bege(w, ) = 1 — Cglu, t) [xg(w )], 27)

where B, > 01is the observation-degradation control parameter. A larger B (u, t;) indicates
stronger ground service degradation or demand visibility degradation at location u. This
definition retains the distinction between service availability and demand visibility: Cq
describes whether a location can be served, whereas x, describes whether demand at that
location can be observed. The parameter 5, adjusts the relative impact of observation
degradation in the recovery demand map.

By combining the evacuee density field obtained from sensing outputs, p,(u, ), the
effective blind-zone factor Bug(u, ), and the corridor relevance weight w,(u), the invisible-
demand map is defined as

Dinv(w, tx) = pr(w, ti)[Beg(u, t)] Y we(u), ue A, (28)

where a;, > 0 controls the impact of the effective blind-zone factor on the invisible-demand
intensity. This definition assigns larger values to locations with sensed evacuee presence,
stronger ground-network degradation, and higher corridor relevance. Thus, D,y char-
acterizes evacuation communication demand that the network side cannot reliably serve
or observe.

In addition to invisible-demand intensity, crowd movement in the predefined evacua-
tion corridor also has directionality and continuity. To characterize the movement intensity
of the local evacuation flow, the normalized evacuation speed factor is defined as

(a0l

[ (u/ tk) v Te ’
max

(29)

where Unmay is the reference maximum evacuation speed and ¢ > 0 is a regularization
constant. Based on the evacuee density field p,(u, t;), the corridor proximity weight ¢.(u),
the flow-alignment factor a,(u, f;), and the normalized evacuation speed factor 7, (u, fy),
the evacuation-flow demand map is defined as

Daiow (w, tx) = or(w, te)pe(w)ae(u, )7, (w, t), u € A. (30)
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While Diny (u, t) characterizes invisible communication demand, Dgq,y (u, ) focuses
on the continuous communication demand of evacuation flows along the predefined corri-
dor. This map is jointly modulated by corridor proximity, flow alignment, and movement
intensity. Together with Djny(u, f;), it serves as the demand input for the subsequent
UAV-BS recovery criterion.

4.2. UAV-BS Recovery Criterion Based on Demand Maps

To convert the above demand maps into a UAV-BS position selection criterion, the
composite demand function is first defined as

W(u, tr) = Diny(u, t) + uDgow (u, tr), (31)

where p > 0 is the evacuation-flow demand weight that adjusts the contribution of contin-
uous communication demand in the recovery criterion. W(u, t;) represents the composite
recovery demand intensity at location u in the k-th decision period.

Let p;, € A denote the candidate recovery position selected by the UAV in the k-th
emergency decision period, and let p(f;) denote its current position. For any ground
location u € A, the air-to-ground distance is

da(pn,w) = \/H?> + [lpp — ull?, (32)

where H is the UAV flight altitude. To keep the focus on recovery decisions rather than
physical-layer channel optimization, the air-to-ground link is modeled by an equivalent
distance-dependent SNR:

r. r,
prw)  H24 |lpy —ul?’

u) = 33

where I'; is an equivalent air-to-ground gain that absorbs the UAV-BS transmit power,
reference channel gain, and noise power. Considering that a fraction & of the time is used
for sensing, the effective air-to-ground link rate is given by

Ra(pn,u) = (1 —¢)logy (1 + va(pp,u)), (34)

where ¢ € [0,1) is the sensing time fraction and (1 — ) denotes the time fraction used for
communication service.

To avoid reducing aerial service capability to a binary coverage decision, the smooth
aerial service probability is defined as

1
B 1+ eXP[_KS(Ra(Ph/u) - Rmin)]

Sa(pnu) : (35)
where R, is the minimum service-rate threshold, and «; is the smooth-threshold coeffi-
cient that controls the slope of the transition from low to high service probability around
Ra(pn,w) = Rmin- Sa(pp,u) € [0,1] represents the degree to which location u can obtain
effective aerial communication service when the UAV is located at pj,.

Based on the composite demand function and the aerial service probability, the
demand-weighted recovery utility of the UAV at candidate position pj, is defined as

(Pt = [ W, t0)Sa(pry ) du = g lps = P50

B ./,;[Dim(“' ) + HDgiow (W, 1)]Sa(pry @) du — [ pi — P(t) . (36)
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where, 77, > 0 is the UAV maneuvering-cost coefficient. The integral term represents
the matching gain between the UAV aerial service capability and the composite demand
distribution, while the second term represents the response cost caused by moving the
UAV from its current position p(t;) to the candidate recovery position py,.

Let Vinax denote the maximum UAV flight speed and T, denote the available response
time within one decision period. The response radius is then given by R, = VinaxTr. The
feasible candidate-position set in the k-th emergency decision period is defined as

Plty) ={pn€ A:|lpn —pt)ll < R/} (37)

Thus, the UAV-BS recovery position selection problem based on demand maps is
formulated as

P1: max /A[Dinv(ur te) + 1Dfow (W, t)]Sa(pr,w) du — 7| pr, — p(t6) > (38a)

st. pp € Pty). (38b)

where, P(t;) denotes the reachable horizontal candidate-position set constrained by the
disaster-area boundary and the response radius in the current decision period.

The current formulation focuses on single-period UAV-BS recovery position selection.
The response radius R, limits the reachable region within one decision period, and the
maneuvering-cost term penalizes long-distance relocation. These terms provide a sim-
plified mobility-related constraint, but they do not replace a hard UAV energy-budget
constraint. An energy-aware extension can further restrict the feasible set by considering
flight, hovering, communication, and sensing energy consumption, e.g.,

Eﬂy(Ph/ tk) + Enov (t) + Ecomm (tk) + Esens (tk) < Eava(tx), (39)

where Eava(fr) denotes the available onboard energy in the current decision period. Incor-
porating this constraint leads to an energy-aware multi-period UAV-BS recovery problem,
which is left for future work.

4.3. Adaptive Position Search Algorithm Guided by Demand Maps

Problem P1 is determined by the composite demand function, the aerial service
probability, and the UAV maneuvering cost. It is generally difficult to obtain a closed-form
optimal solution. A global dense grid search can find the optimal position over a discrete
candidate set, but it also produces many unnecessary evaluations in low-demand areas.
To support fast response in post-disaster emergency scenarios, we adopt a lightweight
adaptive position search algorithm guided by the constructed demand maps to solve
P1. The algorithm uses the composite demand function W(u, t) to guide candidate-
region generation and the recovery utility function J(py, tx) to retain candidates with high
recovery utility.

First, the disaster area 4 is discretized into a ground evaluation grid

G = {uglg_1, (40)

where G is the number of grid points. For discrete search, the continuous feasible set P (ty)
is discretized on the grid G, which gives the initial reachable candidate set

PO(t) = P(t) NG = {pn € G : lpu — p(t0)|| < R}, (41)
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where p,, denotes the n-th discrete candidate position. This set represents the reachable
horizontal positions of the UAV in the current decision period.

Based on the composite demand function W (u, t;), the algorithm selects K spatially
separated high-demand positions from 73,50) (t) as initial candidate positions. To prevent
these positions from being concentrated around the same local demand peak, a minimum-
distance constraint dsep is imposed during selection. Let Q(f) denote the initial candidate-

position set. Then,
Qe(t) S P (1), 1Qe(t)] =K, 42)

and any two different initial candidate positions satisfy

19 — qjll = dsep, Vi, qj € Qc(ty), i # j. (43)

The initial candidate positions are selected in descending order of W (u, ;) and used
to initialize local search centers.

To reduce the dependence of the selection of the K highest-demand positions on
local peaks, the algorithm further introduces a demand-centroid candidate position. In
the reachable candidate set, grid points whose W (uy, t;) values are higher than the g.-th
percentile threshold are selected to form the high-demand subset

Ge(ti) = {ug € PO (1) - W(ug, 1) > Q. }, (44)

where Qg is the g.-th percentile threshold of W over PC(O) (t). The corresponding demand-

centroid candidate position is defined as

Zugegc(tk) W(ug/ tk)ug
Yugee(t) Wlag t) +¢’

qc(tx) = (45)

where ¢ > 0 is a regularization constant. This demand-centroid candidate position provides
an additional search entry for compromise positions among multiple high-demand regions.

After candidate-position initialization, the algorithm uses the discrete recovery utility
to screen candidate positions. For any candidate position p, the discrete form of the
continuous recovery utility J(p, ) is given by

G
Ja(p. te) = Z (ug, t)Sa(p, ug) AA — mllp — p(He) I, (46)

where AA is the area of a grid cell. The algorithm keeps the K positions with the highest
J; values from the initial candidate-position set Q. (f;) U {qc(tx)}, forming the initial local-
center set C(0)(t,).

The algorithm then performs multi-scale local refinement around the retained centers.
Let the refinement radius sequence be

RZ{71,7’2,...,I’L}, rE>ry > >1p >0, (47)

where L is the number of refinement rounds. In the ¢-th refinement round, for each retained
center ¢ € C\“~1V(t;), the algorithm generates two-scale candidate points along Ny sampled
angular directions:

Ny(e) = {c—l—p [C?SQ"Z] ip € {rg,%‘]},m = 1,...,N9} NP(ty), (48)

sin 0,
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where 0,, = 27t(m — 1)/ Ny. The local candidate set in the ¢-th round is

PO = U Nl (49)

ceC=1) (1)

The algorithm selects the K; positions with the highest J; values from PC(Z) (t) as the
local search centers () (t;.) for the next round. As the refinement radius decreases round
by round, the search process moves from rough localization to local fine adjustment.

After L refinement rounds, let P,(t) denote the set of all evaluated candidate posi-
tions. The final UAV-BS recovery position is obtained by selecting the candidate with the
largest evaluated discrete recovery utility:

pi(h) = arg_max Jy(p, k). (50)
PEPre (k)

Since all evaluated candidate positions are stored in Pe¢(tx), the maximum evaluated
value of J;(p, tx) over this set does not decrease as more candidates are added. Because the
reachable candidate set is finite and J;(p, ) is bounded on this set, the search reaches a
stable discrete solution after the predefined number of refinement rounds.

The discretization scale also affects the approximation accuracy. If the continuous
recovery utility is Lipschitz continuous on the compact feasible region with constant L;, and
if p* and p}; denote the continuous-space optimum and the full-grid optimum, respectively,
then the discretization-induced gap satisfies

0 <J(p* t) — J(pa tk) < Ljdg, (51)

where J, is the covering radius of the discretized candidate grid. For a square grid with
spacing A, the covering radius satisfies 6, < v/2A,/2. Thus, a finer grid reduces the
discretization-induced approximation gap, but it also increases the number of recovery-
utility evaluations.

The refinement radius sequence controls the balance between coarse exploration and
local exploitation. The first radius determines the exploration range around high-demand
initial candidates, while the later radii progressively refine the selected position. In practice,
the final radius is chosen to be comparable to the grid scale. Further refinement below this
scale provides limited performance improvement because the effective search resolution
is already constrained by the evaluation grid. By combining candidate-position initial-
ization based on demand maps, screening based on recovery utility, and local refinement
with shrinking radii, the algorithm limits detailed evaluation to a small set of high-value
candidate regions.

Algorithm 1 summarizes the main steps of the adaptive position search.

If a global dense grid search is used, let N denote the number of reachable candidate
positions. The aerial service probability and demand-weighted utility need to be evaluated
for all candidate positions, leading to a complexity of O(GN,), where G is the number of
ground evaluation grid points. In contrast, the proposed search first selects K spatially
separated high-demand candidate positions and keeps K; local centers after screening
based on recovery utility. It then generates candidate points around each local center along
Ny directions over L refinement rounds. Therefore, the number of evaluated candidate po-
sitions is approximately O(K + LKsNp). Since each candidate position requires evaluating
Sa(p, ug) and the corresponding demand-weighted utility over G ground grid points, the
overall complexity of the search process is approximately O(G(K + LKsNp)).
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Because K + LK;Np is usually much smaller than the number of globally reachable
candidates N, the search method reduces the number of candidate-position evaluations,
especially in low-demand regions.

Algorithm 1 Adaptive Position Search Algorithm Guided by Demand Maps

1: Input: Current UAV position p(t;); evaluation grid G; feasible set P(t;); composite
demand function W (u, t;); search parameters K, Ks, dsep, e, R = {r1,...,r.}, and Ny.

: Output: UAV-BS recovery position pj; (t).

. Discretize P(#;) on G to obtain the initial reachable candidate set

P (1) = P(t) NG.

: Select K high-demand positions from PC(O) (tx) according to W(u,t;) under the
minimum-distance constraint dsep and form the initial candidate-position set Qc(ty).
6: Construct the high-demand subset using the g.-th percentile threshold, and compute

the demand-centroid candidate position qc ().
7: Construct the initial candidate set
 Qolt) = Qe(te) U{qe(ti)}-
9: Evaluate the discrete recovery utility J; for each candidate position in Qg (), and keep
the K; positions with higher utility values as the initial local search-center set C(% (t;.).
10: Initialize the evaluated candidate set
1 Prefltr) < Qoltx)-
12: for{ =1to L do
13 Initialize P\ (t) « @.
14:  foreachc e C"V(t) do
15: Generate local candidate points along Ny angular directions with radii 7y and r, /2.
16: Keep the candidates satisfying the constraint P(f;) and add them to PC(Z) ().
172 end for
18:  Evaluate the discrete recovery utility J; for each candidate position in PC(Z) (tg)-

19:  Update Pret(te) < Pres(te) UPL (te).

20:  Select the K positions with higher J; values from 73(;([) (t) as the local search-center
set C()(t;) for the next round.

21: end for

22: Output

23: *(ty) = arg max J;(p, ).
Pi () g max (P te)

goA W N

24: return pj ().

5. Simulation Results

This section evaluates the proposed sensing-assisted UAV-BS aerial network recovery
method for predefined evacuation corridors. The simulations illustrate the construction of
demand maps, compare different UAV-BS deployment criteria, and examine the effects of
response radius and sensing-output localization uncertainty.

The simulated disaster area is A = [—500,500] x [—500,500] m? and is discretized
into an 81 x 81 ground evaluation grid. A predefined evacuation corridor is represented by
a disaster-map polyline from the hazardous area toward the safe-exit direction. Evacuee
demand is heterogeneous: some demand can be observed by the surviving network, some
is located near the corridor but is weakly visible to the network, and a small number
of disconnected evacuees appear away from the corridor. This setting allows us to test
whether each deployment criterion can respond to visible demand, invisible demand, and
continuous communication demand along the evacuation flow.

The ground coverage state is generated using the max-SINR model in Section 3 and
mapped through a smooth threshold function. The network observation state is modeled
by a conditional visibility factor that captures limited access and status reporting. These
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two states form the effective blind-zone factor used in the invisible-demand map. The UAV
operates at altitude H = 110 m with initial horizontal position p(tg) = (—360, —330) m
and response radius R, = 410 m. The aerial service probability follows the smooth rate-
threshold model in Section 4, with ¢ = 0.18, I'; = 7.0 x 10°, Ryyin = 3.58 bps/Hz, and
ks = 3.4. The sensing output is modeled as noisy evacuee-state observations, with a default
localization uncertainty of 8 m and a KDE bandwidth of 28 m.

The proposed method uses both the invisible-demand map and the evacuation-flow
demand map for UAV-BS recovery position selection. The adaptive search algorithm selects
K = 10 initial high-demand candidates, keeps Ks = 4 local centers after recovery-utility
screening, and refines them with Ny = 8 angular directions and radii {170,75,30} m. The
main comparison is averaged over 12 randomized post-disaster realizations, and each
sensitivity experiment uses 12 Monte Carlo runs for each parameter setting. The main
simulation parameters are summarized in Table 2.

Table 2. Simulation parameters.

Parameter Value
Post-disaster area A 1000 m x 1000 m
Ground evaluation grid size 81 x 81
Number of surviving ground BSs 3
UAV altitude H 110 m
Initial UAV position p(to) (=360, —330) m
Response radius R; 410 m
Equivalent air-to-ground link gain I', 7.0 x 10°
Sensing time fraction ¢ 0.18
Minimum service-rate threshold Rpin 3.58 bps/Hz
Smooth-threshold coefficient x, 3.4
UAV maneuvering-cost coefficient 1, 7.0 x 1077
Sensing KDE bandwidth 28 m
Disaster-shadowing coefficient gy, 3.0
Corridor-blockage coefficient #y, 1.2
Number of initial candidate positions K 10
Number of retained local search centers Kj 4
Number of angular samples Ny 8
Refinement radius sequence R {170,75,30} m
Minimum candidate-position separation dsep 90 m
Demand-centroid percentile threshold g, 94%
Monte Carlo runs for main comparison 12
Monte Carlo runs for sensitivity tests 12

Unless otherwise specified, the demand-map parameters are fixed as a; = 0.95,
Bo = 1.25, A, = 1.45, and p = 1.60 throughout the simulations. These parameters are
used to balance normalized demand-map components and are kept unchanged for all
compared schemes.

5.1. Baselines and Performance Metrics

To fairly evaluate the impact of different spatial demand constructions on UAV-BS
recovery decisions, all deployment schemes use the same UAV aerial service model, reach-
ability constraint, and adaptive position search algorithm. The only difference lies in the
spatial weight used for position selection. Therefore, the performance difference mainly
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reflects the effect of demand modeling on UAV-BS recovery position selection. Table 3
summarizes the compared deployment criteria.

Table 3. Compared deployment criteria.

Scheme Position-Selection Weight

A position-selection weight based on network-side
Cellular metric [14] visible states from the surviving
ground infrastructure.

. pr(u, ty), which selects the UAV-BS position only
Density only [26] according to the sensed evacuee density.
or(u, t) Be(u, ty), which prioritizes evacuee demand

Coverage-hole only [15] in coverage-degraded areas.

pr(w, tg) Bege (u, tr), which considers ground service
degradation and demand visibility degradation
without explicitly modeling
evacuation-flow continuity.

Blind-zone only

Diny(u, tx) + #Dgow (u, ), which jointly considers
Proposed invisible-demand recovery and continuous
communication demand along the evacuation flow.

To quantify recovery performance from different perspectives, we adopt the following
metrics. These metrics are defined for the proposed blind-zone recovery scenario by
referring to commonly used coverage, recovery, path-support, and edge-rate evaluation
ideas in UAV-BS and evacuation-related studies. DCR and DRR measure the coverage
of invisible demand and the recovery of disconnected regions, respectively. DW-EPC
evaluates communication support along the predefined evacuation corridor, while Rsg,
reflects edge communication performance at weakly served locations.

*  DCR: The demand coverage ratio, inspired by coverage-hole recovery evaluation in
UAV-BS deployment [15], which measures the coverage of the invisible-demand map
Djny by the UAV aerial service.

*  DRR: The disconnected-user recovery ratio, related to user recovery and mobile aerial
base-station response studies [35], which measures the fraction of evacuees served by
the UAV in coverage-degraded or observation-degraded regions.

*  DW-EPC: The demand-weighted evacuation-path coverage, motivated by evacuation-
corridor and crowd-evacuation modeling [3], which measures the communication
support for evacuees near the predefined evacuation corridor.

®  Rso,: The edge evacuee rate, defined as the fifth percentile of the air-to-ground link rate
over the evacuee region identified by aerial sensing. Similar percentile or edge-rate
measures are commonly used to evaluate weak-user service quality in UAV-assisted
emergency communications [9].

5.2. Simulation Results and Discussion

Following the system scenario in Figure 1, Figure 2 shows a representative UAV-BS
recovery result. A predefined evacuation corridor connects the hazardous area and the safe
exit, while the damaged ground network creates both coverage blind zones and observation
blind zones along the evacuation process. These two blind-zone types are not equivalent:
the former indicates degraded ground service capability, whereas the latter indicates limited
network-side visibility of evacuee states and communication demands.

The UAV-BS provides temporary aerial recovery for evacuees near the predefined
corridor. Its sensing function helps to reveal disconnected evacuees that may not be reliably
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observed by the surviving ground network, and its communication function provides
restored UAV-user links in the local recovery area. This scenario motivates the subsequent
construction of the invisible-demand map and the evacuation-flow demand map.

‘ d 1 .0
Predefined evacuation corridor Y Initial UAV
& Hazardous area ’ Proposed UAV position
e safeexit = = == Coverage blind zone
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Figure 2. Representative UAV-BS recovery result in a predefined evacuation corridor.

Figure 3 further shows the construction of the invisible-demand map from its inter-
mediate components. The sensing density p, in Figure 3a reflects the spatial distribution
of evacuees, while the coverage blindness 1 — C, in Figure 3b reflects the degradation of
ground service capability. These two maps are not fully consistent in space, indicating
that high-density crowd regions do not necessarily correspond to high-priority regions
for communication recovery. Figure 3c introduces the blindness—urgency factor, which
combines the effective blind-zone state with relevance to the predefined evacuation corri-
dor. This makes recovery-priority regions more concentrated in degraded areas near the
corridor. Figure 3d shows that the final Dj,, forms high-value areas where the sensed
evacuee distribution, ground-network degradation, and corridor relevance are all strong.
Compared with the original sensing density, Dj,, weakens areas with lower relevance to
recovery along the predefined corridor and highlights invisible communication demands
near the corridor. This result demonstrates that the proposed demand map transforms
sensing states and ground-network degradation states into spatial priorities that are more
suitable for UAV-BS recovery position selection.

Figure 4 presents the performance comparison under different UAV-BS deployment
criteria. The cellular metric baseline performs the worst, with DCR, DRR, and DW-EPC all
below 0.1, showing that network-side visible information alone is insufficient for recovering
invisible post-disaster demands. The DCR of density only increases to 0.317, indicating
that sensing density can provide additional information about evacuee distribution, but
it is still insufficient to determine whether these evacuees are located in priority recovery
areas. Compared with density only, coverage-hole only improves DW-EPC and Rsg,, but its
DCR and DRR decrease. This suggests that using coverage degradation as the deployment
weight can improve service quality near coverage-degraded regions, but it does not fully
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capture invisible-demand recovery. Blind-zone only achieves the highest DRR, which
is expected because it directly favors effective blind-zone regions. However, its DCR,
DW-EPC, and composite score remain lower than those of the proposed scheme.

(a) Sensing density p, (b) Coverage blindness 1 - C,4

1.0 1.0
400 1 400 A
0.8 0.8
200 1 200 A
_ i 06 & _ 069
E o EE o 2
> S > £
0.4 045
- 2
—-200 A —200 A
0.2 0.2
—-400 A —-400
T T T T T 0.0 T T T 0.0
—-400 -200 0 200 400 —-400 -200 0 200 400
x (m) x (m)

(c) Blindness-urgency factor (d) Invisible-demand map Diny

1.0 1.0
400 400
0.8 0.8
200
R 063 L] 06
E <E oA g
> £ > S
048 042
~200 1
0.2 0.2
-400 -
. , . . . ; . : : . 0.0
-400 -200 0 200 400 -400 -200 0 200 400
x (m) x (m)

Figure 3. Construction of the invisible-demand map.

The proposed scheme achieves the highest DCR, DW-EPC, and Rs¢, while keeping
DRR close to that of blind-zone only. Specifically, compared with the blind-zone-only
baseline, the proposed scheme improves the DCR from 0.365 to 0.373, the DW-EPC from
0.286 to 0.316, and the edge evacuee rate Rso, from 1.559 to 1.672 bps/Hz. In Figure 4b,
it also obtains the highest composite recovery score, reaching 0.481. This confirms that
combining the invisible-demand map with the evacuation-flow demand map yields a
more balanced recovery decision across invisible-demand coverage, disconnected-region
recovery, corridor-continuity support, and edge-rate guarantee.

(a) Recovery metrics and edge rate (b) Composite recovery score
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Figure 4. Recovery performance under different UAV-BS deployment criteria. (a) Recovery metrics
and edge rate. (b) Composite recovery score.

Figure 5 shows the effect of the emergency response radius on DW-EPC. As R, in-
creases, most schemes obtain higher DW-EPC except for the cellular metric. This trend is
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reasonable because a larger reachable region allows the UAV-BS to move closer to high-
demand areas near the predefined evacuation corridor. As a result, the evacuation-path cov-
erage can be improved when the position-selection criterion is related to corridor demand.

The proposed scheme achieves the highest or near-highest DW-EPC under most
response radii. Its advantage becomes clearer when R, > 260 m. This indicates that,
once the UAV-BS has enough mobility, jointly using Djny and Dy, helps in selecting
recovery positions that are closer to continuous corridor demand. In contrast, the cellular
metric remains low and may even decrease as R, increases. This is because it relies on
network-visible states. When the reachable region becomes larger, it may select visible but
corridor-irrelevant areas, which do not contribute much to DW-EPC.

Density only improves when the response radius becomes large, especially after
R; = 340 m. This suggests that density-based deployment needs sufficient mobility to
approach the main sensed crowd region. However, it is less stable than the proposed
scheme because it does not explicitly consider corridor continuity or network degrada-
tion. Coverage-hole only and blind-zone only also benefit from a larger response ra-
dius, but they remain below the proposed scheme at large radii. This shows that cov-
erage degradation and blind-zone information are useful, but using them alone is not
enough to fully capture the continuous communication demand along the predefined
evacuation corridor.

Table 4 reports the sensitivity of the proposed search to different refinement radius
sequences. The one-step sequence {170} m already captures the main high-demand region,
but its local adjustment capability is limited. Adding a second radius slightly improves DW-
EPC. The default sequence {170, 75,30} m achieves nearly the same DCR and DW-EPC as
the deeper sequence {170, 90, 45,20} m while requiring fewer recovery-utility evaluations.
This indicates that the search performance is not highly sensitive to moderate changes in
the refinement radius sequence provided that the sequence contains one coarse exploration
radius and one or two smaller refinement radii. Further refinement mainly increases
computational cost rather than recovery performance.

DW-EPC versus Response Radius

Cellular metric
0.35 - Density only
Coverage-hole only
Blind-zone only
Proposed

100 200 300 400 500
Emergency response radius, Ry = VimaxT, (M)

Figure 5. DW-EPC versus response radius.
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Table 4. Sensitivity of the proposed search to refinement radius sequences.

Avg. Utility

Refinement Sequence R (m) L DCR DW-EPC E .
valuations

{170} 1 0.368 0.310 66.0

{170,75} 2 0.372 0.314 112.2

{170,75,30} (default) 3 0.373 0.316 161.8

{170,90, 45,20} 4 0.373 0.316 209.5

Figure 6 evaluates the impact of localization uncertainty in sensing outputs, denoted
by o5, on DCR and DW-EPC. As o5 increases, the performance of all the schemes decreases.
This shows that sensing errors affect the construction of the evacuee state field and further
influence UAV-BS recovery position selection.

(a) Invisible-demand recovery (b) Evacuation-path coverage
0.40 A
0.32 A
0.38 A
0.36 4 0.30 A
0.34 A 0.28 A
4
[°4
0.32 1 w
8 = 0.26
0.30 A o
0.24 A
0.28 A
0.26 4 Coverage-hole only 0.22 1 Coverage-hole only
Blind-zone only Blind-zone only
0.24 4 Proposed 0.20 1 Proposed
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Sensing-output localization uncertainty, os (m) Sensing-output localization uncertainty, os (m)

Figure 6. Robustness to localization uncertainty in sensing outputs.

Figure 6a shows that coverage-hole only suffers the largest DCR loss. This indicates
that a deployment criterion based only on coverage degradation and sensed density is
sensitive to sensing errors. Blind-zone only is more stable under moderate uncertainty,
but it also degrades when o5 becomes large. In contrast, the proposed scheme keeps
the highest DCR over the whole uncertainty range, which indicates better robustness in
invisible-demand recovery.

Figure 6b shows a similar trend for DW-EPC. The proposed scheme maintains the
highest evacuation-path coverage under all the tested values of ;. This suggests that
the joint use of Djiny and Dy, can reduce the impact of sensing uncertainty on UAV-BS
recovery decisions. Therefore, the proposed criterion based on the constructed demand
maps does not rely only on a single sharp sensing-density peak but also uses blind-zone
information and evacuation-flow information along the corridor to guide recovery.

The robustness difference can be explained by how the two criteria use the sensing
output. The blind-zone-only baseline relies mainly on the sensed density weighted by
the effective blind-zone factor; as the localization uncertainty o; increases, the broadened
sensing kernel smooths the sensed density field and weakens local density peaks, so the
selected position closely follows the distorted or displaced peak. In contrast, the proposed
criterion combines the invisible-demand map Djny and the evacuation-flow demand map
Dgow- Although Dy, still depends on the sensing output, it reweights the sensed density
by corridor proximity, flow alignment, and motion intensity so that noisy peaks far from
the predefined corridor or inconsistent with the evacuation direction are down-weighted
while corridor-consistent demand is emphasized. This reduces the dependence on a single
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noisy density peak and explains the more gradual degradation of the proposed scheme
observed in Figure 6.

6. Conclusions

This paper investigated UAV-BS aerial network recovery for post-disaster predefined
evacuation corridors, where part of the actual communication demand may remain difficult
for the damaged ground network to reliably serve or observe. To address this issue, we
distinguished coverage blind zones from observation blind zones and proposed a sensing-
assisted UAV-BS recovery method based on invisible-demand modeling. The proposed
method converts aerial sensing outputs into an invisible-demand map and an evacuation-
flow demand map, which jointly guide UAV-BS recovery position selection. Based on these
maps, we developed a demand-weighted recovery criterion and a lightweight adaptive
position search method for UAV-BS deployment. The simulation results show that the
proposed method achieves more balanced recovery performance than methods based only
on network-visible demand, sensing density, coverage degradation, or blind-zone recov-
ery. The proposed framework improves invisible-demand coverage and evacuation-path
coverage while maintaining competitive disconnected-user recovery and edge-rate perfor-
mance. The results also show that the proposed method experiences smaller performance
degradation than existing methods under sensing localization errors and limited UAV
response ranges.

Since the current study considers a single UAV-BS with an equivalent distance-
dependent SNR and no inter-UAV interference, future work will extend the method to
multi-UAV cooperation with inter-UAV interference management and to multiple simul-
taneous evacuation corridors via priority-weighted demand maps, road-network-based
evacuation corridors, rolling-horizon deployment, and real UAV platform tests that con-
sider onboard computing limits, dynamic channels, flight stability, sensing uncertainty, and
communication latency.
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The following abbreviations are used in this manuscript:

BS Base Station
DCR Demand Coverage Ratio
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DRR Disconnected-User Recovery Ratio

DW-EPC Demand-Weighted Evacuation-Path Coverage
ISAC Integrated Sensing and Communication

KDE Kernel Density Estimation

RSMA Rate-Splitting Multiple Access

SINR Signal-to-Interference-Plus-Noise Ratio

SNR Signal-to-Noise Ratio

UAV Unmanned Aerial Vehicle

UAV-BS UAV-Mounted Base Station
UAV-ISAC  UAV-Enabled Integrated Sensing and Communication
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