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Abstract

Earthquake disasters often cause communication base stations to fail, severely hindering
rescue operations and information transmission. While traditional air-ground collabora-
tive emergency communication systems can rapidly restore communications, they still
face challenges such as the “time gap” caused by the endurance limitations of unmanned
aerial vehicle (UAV) and the “spatial blind spots” resulting from the uncertainty of road
disruptions. These issues reduce the continuity and reliability of system services. To
address the robustness of air-ground platform coordinated deployment and path plan-
ning under uncertain road disruptions, this paper proposes a two-stage distributionally
robust deployment and path planning (DRDPRP) method for fixed-wing UAV and ground
unmanned vehicles (UGVs) in post-disaster emergency communications. This method
constructs a distributionally robust uncertainty set based on a probabilistic distance metric
to characterize road disruption risks. It establishes a two-stage distributionally robust
optimization model to jointly optimize the deployment and paths of fixed-wing UAV and
UGVs. Concurrently, it employs the Column and Constraint Generation (C&CG) algo-
rithm as the solution framework, combined with branch-and-bound and local optimization
strategies to enhance computational efficiency. Simulation results demonstrate that this
method generates more robust collaborative deployment plans under road disruption
uncertainties, thereby enhancing the continuity and reliability of post-disaster emergency
communication systems.

Keywords: emergency communications; UGVs-fixed-wing UAV coordination; road disruption
uncertainty; distributed robust optimization; collaborative deployment; path planning; C&CG

1. Introduction

Urban earthquakes and their secondary disasters such as landslides and collapses
often result in the destruction of base stations, power outages, and transmission link dis-
ruptions. This causes widespread communication paralysis in affected areas during the
initial post-disaster phase, thereby impacting disaster reporting, rescue coordination, and
emergency command efficiency [1,2]. Traditional communication networks, reliant on
fixed infrastructure, typically exhibit “vulnerability and slow recovery” under disaster
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impacts, struggling to meet the rapid, flexible, and sustained communication service de-
mands post-disaster [3,4]. Consequently, establishing air-ground collaborative emergency
communication networks using aerial and ground mobile platforms has become a critical
research direction for disaster-resilient networks and future emergency communication
systems [5].

Research on air-ground collaborative emergency communications has primarily fo-
cused on platform coordination and resource allocation, path planning, and coverage
enhancement. Extensive work has been conducted on rotorcraft UAVs and ground plat-
forms as the foundational architecture, improving post-disaster communication coverage
and service efficiency through bandwidth and power allocation, trajectory coordination,
and system scheduling [6—10]. For instance, within disaster relief networks, researchers
have explored integrated air-ground positioning and communication [6], bandwidth game-
theoretic allocation [7], joint air-ground trajectory planning [8], multiple UAVs and ground-
based recharging coordination for coverage [9], and trajectory optimization using dis-
tributed federated deep reinforcement learning [10]. These studies provide a crucial foun-
dation for the collaborative deployment and online optimization of emergency networks.
However, most still implicitly assume ground road accessibility is “known and stable,”
thereby underestimating the direct impact of sudden road disruptions on the operational
feasibility and service continuity of ground platforms during disasters.

At the communication system and network optimization level, UAVs are often mod-
eled as airborne base stations or relays for coverage enhancement, relay forwarding, and
broadcast communications. Optimization targets typically focus on metrics such as en-
ergy consumption, throughput, coverage quality, or connection stability [11-14]. Concur-
rently, other studies explore deployment strategies and coverage enhancement schemes for
air-ground heterogeneous platforms, providing candidate architectures for post-disaster
network reconstruction [15]. It is crucial to emphasize that post-disaster communication
restoration is not a short-term task. Rotorcraft UAVs excel in hovering and precise maneu-
vering but are often constrained by endurance limitations during large-scale, long-duration
operations. In contrast, fixed-wing UAV offer advantages such as extended flight times,
greater range, and high-efficiency wide-area cruising, making them well-suited for wide-
area coverage and cross-region relay tasks [15-19]. However, fixed-wing platforms must
satisfy kinematic constraints such as minimum turning radius during planning. Ignoring
these constraints may result in unfeasible planning solutions or compromised coverage
effectiveness [17-19]. Therefore, integrating the executable trajectory constraints of fixed-
wing platforms with the stationary coverage mechanisms of ground platforms into a unified
collaborative planning framework is a critical step toward achieving “wide-area continuous
service.”

More importantly, post-disaster environments are characterized by significant uncer-
tainty. Existing robust uncertainty optimization studies primarily focus on factors such
as demand uncertainty, travel time uncertainty, or user location errors. These approaches
enhance plan stability and reduce overall costs through robust optimization or two-stage
models [20-22]. However, compared to these uncertainties, road disruptions caused by sec-
ondary disasters accompanying earthquakes exhibit suddenness and spatial heterogeneity.
This transforms the accessibility of ground-based unmanned vehicles from “certain” to
“probabilistic,” directly determining whether they can reach and remain to form ground
communication nodes. Consequently, it fundamentally impacts network service continuity.
Therefore, under conditions of incomplete post-disaster information and the difficulty
of precisely estimating road disruption probabilities, handling the uncertainty of road
disruption probabilities in a controllably conservative manner and forming computable,
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implementable collaborative planning schemes represent key challenges in the research of
air-ground collaborative emergency networks.

To address this, this paper proposes a robust deployment and path planning method
for UGVs and fixed-wing UAV in emergency communications. By constructing a probabilis-
tic distance uncertainty set based on historical outage data, a two-stage distributed robust
optimization model is established. This model aims to minimize the total system cost under
worst-case scenarios, thereby achieving coordinated deployment and path planning. The
main contributions of this paper are as follows:

(1) An air-ground collaborative emergency communication system based on fixed-wing
UAV is proposed: This paper introduces an innovative air-ground collaborative
emergency communication solution that integrates fixed-wing UAV with UGVs to
achieve a long-duration, wide-area coverage air-ground collaborative emergency
communication system. Against the backdrop of continuously growing post-disaster
communication demands, this system provides extensive cruise coverage and station-
ary communication services, ensuring continuity of post-disaster communications.

(2) Considering the impact of road disruption probability uncertainty on UGV accessibil-
ity and service continuity: By constructing a reference distribution of road disruptions
using historical data, this study proposes a probabilistic distance uncertainty set
based on three-class probability distance metrics and introduces a tolerance parameter.
Based on this, a two-stage distributed robust optimization model is developed to
ensure service performance under the worst-case scenario within the uncertainty set,
providing robust decision support for collaborative deployment and path planning in
complex post-disaster environments.

(3) Simulation Results Analysis: The simulation results validate the effectiveness of the
proposed model. Compared with traditional deterministic models and stochastic
programming models, the proposed model achieves effective coverage of disaster
victims at a relatively low overall cost when accounting for the uncertainty of road
disruption probabilities. It maintains stable performance across multiple scenarios and
varying parameter settings. This model significantly enhances the service continuity
and reliability of air-ground collaborative emergency communication systems in
post-disaster environments.

The remainder of this paper is organized as follows: Section 2 introduces the system
model and problem description. Section 3 presents the solution algorithm developed in
this paper. Section 4 provides simulation results and conducts analysis. Section 5 provides
the conclusion.

2. System Models and Problem Formulation

This paper proposes a collaborative emergency communication system integrating the
extended endurance of fixed-wing UAV with the continuous coverage capability of vehicle-
mounted base stations to enhance overall emergency response capacity. However, following
urban disasters, ground roads are often disrupted by collapses or damage, preventing
vehicle-mounted base stations from following planned routes or even reaching target
areas, thereby delaying communication restoration. To address these challenges, this paper
investigates joint path planning strategies for air-ground coordinated deployment under
conditions of uncertain road disruption probability. This approach aims to ensure rapid
reconstruction and sustained coverage of communication networks in disaster-stricken
areas. Considering directed graphs G = (V, E), the node set V comprises the base station
¢, several intersections, and all candidate points; the edge set E includes all navigable
road segments. The system model is illustrated in Figure 1, featuring one fixed-wing UAV,
multiple UGVs, and U disaster victims.
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Figure 1. System model.

2.1. Channel Model

In practical applications, frequent ascents or descents by UAVs result in significant
energy consumption. To extend flight duration, it is assumed that the UAV will maintain
a constant altitude h. This altitude h should be kept sufficiently low to avoid frequent
changes in elevation and any obstacles, such as terrain or buildings.

In urban environments, transmission links between disaster victims and base stations
composed of UAV and UGVs may be obstructed by buildings. This paper employs a
line-of-sight probability model to characterize the channel, incorporating both LOS and
NLOS components [23].

The distance between disaster victims and base stations d,(g) can be mathematically
expressed as:

du(g) =\ (x— 1)+ (g — yu)? + 2 M)

Here, (x,y) indicates the coordinates of fixed-wing UAV or UGVs. (x,,y,) indicates the
coordinates of the affected individuals.
The large-scale coefficient By of the channel can be expressed mathematically as:
Bodu(q) ", LOS
= 2
P {koﬁodu (9)™*,NLOS @

Here, By indicates the path loss per unit distance in a line-of-sight environment. k¢ indicates
the attenuation loss in a non-line-of-sight environment. a indicates a parameter related to
path loss.
The line-of-sight link between disaster victims and base stations can be mathematically
expressed as:
Pros(6x) = 1/(1 + aexp(=b(0u — a))) ®)
0y = arcsin[h/(d,(q))] 4)
Here, a and b indicate environmental parameters. 0, indicates the elevation angle between
disaster victims and fixed-wing UAV or UGVs.

The non-line-of-sight link between disaster victims and base stations can be mathe-
matically expressed as:

Pnros(0u) =1 — Pros(0u) 5)
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The channel gain g, formula is as follows:

gu = Pros(04)Bodu(q) ™" + Pnros(0u)koPodu(q) ™" (6)

According to Shannon’s formula, the communication rate R, is expressed as follows:

Ry = Blog(1 + g”) (7)

Here, B indicates the channel bandwidth between disaster victims and fixed-wing UAV
or UGVs. P indicates the maximum transmission power for disaster victims. ¢ indicates
noise power.

When considering communication rate constraints, based on the properties of loga-
rithmic functions, to simplify the constraints, we now consider signal-to-noise ratio (SNR)
constraints. The minimum signal-to-noise ratio (SNR) is denoted as ;y:

Pgu
0—2

2 Ymin%u (8)
Here, a, indicates whether disaster victims are connected to fixed-wing UAV or UGVs.

2.2. Uncertain Set Construction

In practical scenarios, the probability distribution of road disruptions is unknown. To
enhance system robustness, this paper constructs an uncertainty set D; based on historical
data to represent the uncertainty of road disruptions. D; can be mathematically expressed

as:
D; = { P d(P, ) < ¢} ©)

where, P; represents the probability of road damage within region i. P? is the reference
probability distribution constructed based on historical data. d(P;, P?) denotes the distance
between the possible probability distribution P;, and the reference probability distribution
PY. ¢ is the associated tolerance value, representing the maximum permissible distance
between P; and PZ-O.

Divide the city map into A = {1,2,...,a} regions. Let Z denote the total number

of path segments traversable by UGVs within region a. Let Z 0% denote the number of

path segments actually damaged after monitoring. Let P, , denote the probability of road
damage at node v within region a. This model can be mathematically expressed as:

P =L aeA (10)

Here, 0% indicates whether the zth segment in region a is interrupted. 7 = 1 indicates that
the path is interrupted; otherwise, it is not interrupted.

Based on this, this paper introduces the following three probabilistic distance metrics
to construct uncertainty sets [24,25].

(1) Loe-Norm Probability Distance Metric Method

0 0 0
1 (P PP = Py PP o= max,pi = pf| an

The uncertainty set constructed based on the Lo-norm probability distance metric
has a confidence level denoted as vr_,. At this confidence level, the lower bound on the
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probability that the reference distribution P? falls within the given uncertainty set can be
expressed as:
Pr(d;(P;, P?) < eLoo) > 1 —2Aexp(—2Ze; ) = vy, (12)

[

Here, Pr(A) denotes the probability of event A occurring. Therefore, for an uncertainty set
based on the L,-norm probability distance metric, its tolerance value ¢ is defined as:

1 2A

€1, = ﬁln(

) (13)

1—ZJL°°

(2) L;i-Norm Probability Distance Metric Method

A
dp, (P, PY) =I| P, P |h=3_, | pi— P} | (14)

The uncertainty set based on the L-norm probabilistic distance metric, with confidence
level vy, can be mathematically expressed as:

ZZSLl

Pr(dp, (P, P?) <ep,) >1—2Aexp(— A

) = ULl (15)

Therefore, for an uncertainty set based on the Li-norm probabilistic distance metric,
its tolerance value ¢, can be expressed as:

A 2A
SLl = ﬁl?’l(

) (16)

1—ZJL1

(3) Fortet-Mourier (FM) Probability Distance Metric Method

This paper employs the FM metric within the ¢-structured probability measure for
quantifying the distance between two distributions. The (-structured probability measure
between any two probability distributions P; and P? can be defined by the formula:

dru(P, P) =325, [ hdPf = hap, | 17)
H={h:|h]c <1} (18)
hix)—h .
I c == sup{W :x;éyznﬂ} (19)
e(x,y) = p(x,y)max{1L,p(x,0)" ", p(y,0)" " |, p > La€Q 20)

where () indicates the sample space. H is a family of real-valued bounded measurable
functions on Q. p(x,y) represents the distance between two random variables x and y,
rather than the absolute value of the difference between x and y.

The uncertainty set based on the FM distance probabilistic distance metric, with its
confidence level vpys calculated as:

Z€pM2

Pr(depm(P;, P?) < epm) > 1— exP(—W) = UrMm

1

(21)

2
where 1 — exp(— ?’5%2 ) indicates the convergence rate of the true distribution.

Thus, for the uncertainty set based on the FM distance probabilistic distance metric,
its tolerance value erj; can be calculated using Formula (21):

erm = Ay /200g(1/ (1~ o))/ Z 22)
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Here, ® is the dimension of ), A = max(1,®P~1).

2.3. Problem Formulation

Based on the uncertainty set constructed above, this paper proposes a two-stage
distributed robust optimization problem addressing the uncertainty in road disruption
probability. In the first stage, the deployment points for UGVs and the cruise paths for fixed-
wing UAV are pre-determined. In the second stage, when road disruption probabilities
materialize, the deployment plan and paths are adjusted based on these probabilities
to minimize the expected total cost under the most unfavorable probability distribution.
Table 1 provides a detailed summary of the parameters involved in this model and the
symbolic definitions of decision variables. Subsequent sections will not elaborate on each
item individually.

Table 1. Symbol definitions.

Symbol Definition
v Fixed-cost elements of fixed-wing UAV
UGy Fixed-cost elements of UGV

LEW Fixed-wing UAV flight costs from m to o

(X, Ym) Fixed-wing UAV coordinates

(c1,c) Center coordinates of the no-fly zone

I Set of candidate points

R Radius of the no-fly zone

Crw Number of disaster victims reached by fixed-wing UAV

cucv Number of disaster victims reached by UGV

SFW Channel gain between fixed-wing UAV and disaster victims

gucv Channel gain between the UGV and disaster victims

xYev ¥V = 1 indicates that the UGV is deployed at location n;
otherwise, it is not deployed.

xfW xEW = 1indicates that the fixed-wing UAV is deployed at
location m; otherwise, it is not deployed.

d;; d;; = 1path (i, j) is not interrupted; otherwise, interrupt.

foii foij = lindicates that the UGV selects path (i, j); otherwise, it
does not select it.

Yo Ymo = 1indicates the flight segment selected for fixed-wing
UAV (m,0); otherwise, it does not select it.

Uy iy, = 1indicates that the UGV is deployed at location n;
otherwise, it is not deployed.

0 zFW = 1 indicates that affected personnel at deployment
point m are connected to the fixed-wing UAV; otherwise, they
are not connected.

L zYCV = 1 indicates that affected personnel at deployment
point n are connected to the UGV; otherwise, they are not
connected.

arw arw = 1indicates that disaster victims are connected to
fixed-wing UAV; otherwise, they are not connected.

aucv aycy = 1indicates that disaster victims are connected to

UGYV; otherwise, they are not connected.

By optimizing the deployment and paths of fixed-wing UAV and UGVs, the model
achieves comprehensive cost minimization under the worst-case probability distribution
of road disruptions while satisfying multiple constraints. The comprehensive cost encom-
passes the fixed costs of fixed-wing UAV and UGVs, the path costs of fixed-wing UAV, and
the path costs of multiple ground unmanned vehicles. This model can be expressed as
follows:

https://doi.org/10.3390/£i18030170
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min V4 ¥, OV XICY 4 et mazo Ly Yimo + mlg?xTifl Yk XijeE Endij X fo,ij (23)
i v,ij

XHCY Yo
S.t.P; € D; (24)
XV =0,vymel,3g: (xpm— cZ)Z + (Ym — cZ)2 < sz (25)
Y ito Yo =Yg sy Yom = Xy ¥ € 1 (26)
Yoo Ymo = Yy X 27)
Wi — Wot|I|ymo <|I|—1 (28)
Y, ton = 1,0 (29)
Y, o =1,7n (30)
Y by o =1 (31)
Zi:(z‘,n)eE fo,in = Zj:(n,j)eE fonj = o, n (32)
LnerZam + Loner 2. = 1LV €D (33)
Y e Zim < CEWR" (34)
YiepZin < Cucvrn (35)
piiw 2 YmindFW (36)
% > YminAUGV (37)

Equation (24) indicates that the probability distribution P; belongs to the uncertainty
set D;. To ensure flight safety, Based on the road interruption probability defined by
Equation (10), the following constraints determine the flight path of fixed-wing UAV and
deployment decisions for UGVs, where the actual passability &7 of road segments directly
influences the route feasibility of UGVs. Constraint (25) mandates that the flight path of
fixed-wing UAVs must strictly avoid all designated no-fly zones. To achieve point-based
cruise coverage missions, constraints (26) and (27) jointly impose closed-loop requirements
on the flight path, ensuring wide-area cruise coverage by fixed-wing UAVs. To avoid
path redundancy and guarantee route efficiency, constraint (28) introduces a sub-loop
elimination mechanism.

Regarding ground resource allocation, constraints (29)—(32) collectively manage the
deployment of ground unmanned vehicles. Specifically, constraints (29) and (30) are
allocation constraints, ensuring a one-to-one correspondence between unmanned vehicles
and deployment points. Constraint (31) stipulates that all unmanned vehicles must depart
from the base, while constraint (32) ensures they cease movement upon reaching designated
deployment points, as these vehicles serve as base stations requiring stationary presence at
demand locations.

Finally, constraints (33)-(37) aim to guarantee service quality. Constraint (33) ensures
all disaster sites are covered by either UAV or UGVs. Considering physical limitations of
the equipment, constraints (34) and (35) impose capacity limits on the number of affected
individuals that a single UAV and a single UGV can respectively serve. To guarantee
communication reliability, constraints (36) and (37) set signal-to-noise ratio thresholds,
ensuring the connection quality between affected locations and fixed-wing UAVs or UGVs
meets the minimum requirements for effective data transmission.
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3. Method of Solution
3.1. Evaluation Indicators

To achieve the prioritized spatial deployment of emergency communication resources
post-disaster, a quantifiable priority assessment of affected areas is required. Given that the
core objective of post-disaster communication support is to “prioritize high-demand and
high-urgency areas within feasible constraints,” this paper constructs an evaluation index
system based on three dimensions: demand scale, disaster urgency, and spatial feasibility.
This system further generates a comprehensive score for priority classification. For urban
areas, Voronoi partitioning is employed to divide the region into a finite number of grid
cell; g € G, where each cell possesses a geometric center x; = (xg,g) and a coverage area
[ngnm, xmax} [yr‘gunl yglax] .

(1) Population Density Indicator. Population density directly reflects the number
of affected individuals within a grid and serves as a fundamental factor in determining
emergency communication requirements. Let 1 denote the number of affected individuals
within grid g. This parameter is obtained through spatial statistics applied to the generated
distribution of affected individuals. Since grid areas may vary slightly due to Voronoi
boundary segmentation, population density is used instead of absolute numbers to ensure
comparability. The population density of grid g is defined as:

raw ng
Pg " = A7g (38)
Ag = (o — ) (1 — ™) 9)

where, 11¢ indicates the number of disaster victims within the grid. A, represents the grid
area.
To normalize the indicators to the range [0, 1], introduce maximum-minimum normal-

ization: o v
0 mmp i
Pg = i geo 2 (40)
maxpréw — mmpr?W
g'eg 8 g'eg &

The larger the normalized A value, the greater the number of affected individuals
within that grid unit area, and the higher the priority for communication support.

(2) Disaster Intensity Index. The impact of seismic disasters is not uniformly dis-
tributed but typically propagates outward from the epicenter or secondary hazard sources.
To simulate this characteristic, this paper constructs a disaster intensity field using a super-

position of Gaussian kernel functions. Let there be L key regions £ = {1,2,...,L}, each

characterized by a center coordinate ¢; = (CQ, cly

The disaster intensity at any spatial point x is defined as:

Zw exp( Ix=c¢ |2> (41)

2(71

), weight w;, and standard deviation o;.

For grid g, the disaster intensity across the entire grid can be represented by the
intensity at its center x,:

L PV
de =d(xg) = ) _ wyexp (_HXgZClH) (42)

2(71

The influence of each focal point on surrounding areas decreases exponentially with
distance. The greater the weight and the smaller the standard deviation, the more con-
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centrated the influence becomes. To eliminate dimensional effects, normalization is also
performed:

dg — mirgldg/
_ §'€
5g " maxd, — mindg/ (43)

g & geg

The normalized A value indicates that the higher the value, the more severe the disaster
situation facing the grid and the greater the demand for emergency communications.

(3) Accessibility Metrics. Due to secondary earthquake hazards (such as fires, chem-
ical leaks, building collapses, etc.), certain airspaces may be designated as no-fly zones,
rendering them inaccessible to UAV. The existence of no-fly zones reduces the likelihood of
aerial platform coverage in corresponding areas, necessitating their inclusion in priority
assessments. Define no-fly zone F as a circular area on a plane:

F={xeR|x—x <R} (44)

where, x; denotes the center of the no-fly zone. Ry denotes the radius of the no-fly zone.

For grid g, its accessibility is defined as the proportion of area within the grid not
covered by no-fly zones. Since the grid shape may be rectangular or irregular polygonal,
direct analytical calculation is complex. Therefore, a Monte Carlo sampling method is used
for approximation. By uniformly sampling S points within grid g and counting the number
of points falling within no-fly zones, the accessibility metric is:

g =1— i I(x¢) € F) (45)
s=1

When S is sufficiently large, it approaches the proportion of flyable area within the
grid. Clearly, a; € [0,1], where values closer to 1 indicate the grid is almost entirely
unaffected by no-fly zones, allowing UAV to cover it freely; values closer to 0 indicate the
grid is mostly or entirely occupied by no-fly zones, making aerial coverage difficult and
necessitating reliance on ground vehicles for coverage.

(4) Comprehensive Priority Score. To further characterize spatial variations within
each subregion, Voronoi subregions were locally discretized using grid cells as the basic
evaluation units. Population density, disaster intensity, and accessibility were calculated
for each grid cell g based on the aforementioned indicators, yielding the comprehensive
priority score Py:

Py = B1pg + P2dg + P3ag (46)

where, 1, B2 and B3 represents the weighting coefficient, and satisfy the condition B +
Ba+pB3=1

The overall score falls within the range [0, 1]. A higher value indicates a more urgent
need for emergency communications in that grid, warranting priority consideration during
deployment.

3.2. Algorithm Design

Within a two-stage robust optimization framework, decision problems can typically
be formulated as seeking the optimal decision under the worst-case scenario within an
uncertainty set. Consequently, such problems are often expressed as minimax optimiza-
tion problems. Optimization algorithms such as C&CG, heuristics, and dual-based exact
solutions can typically be employed to address this problem [25-27].

To solve this complex two-layer optimization problem, this paper adopts a column and
constraint generation algorithm framework. The C&CG algorithm decomposes the original
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problem into a main problem and a subproblem, iteratively approximating the optimal
solution. For fixed-wing UAV path planning, considering heading angle constraints, the
Dubins path model is employed to generate smooth paths. A local optimization (LO)
algorithm fine-tunes the heading angles at both ends of the path to obtain the shortest
feasible route. Subsequently, a branch-and-bound (B&B) algorithm is applied to search for
the optimal path within the angular space.

By discretizing the sample space, we obtain S distinct scenarios. The main problem
addresses the decision-making for temporary base station siting and fixed-wing UAV path
planning, while the subproblem derives the autonomous vehicle path under the worst-case
scenario of road disruption probability distribution, given the aforementioned decisions.
The main problem of C&CG is expressed as:

min fFW "‘Z UGV . ucv +Zm oLt mo ]/mo +7 (47)

UGV nel /1
Ymo

S.t. (25)-(28), (33)~(37)
=) Y Endij) ., foij (48)

(i,j)€E

FW UGV

By solving the main problem, the decision variables x;, , and v, are obtained.

The subproblem can be expressed as:

m”kaZz]eEEPduzfvl] (49)

S.t.(24), (29)~(32)

In constructing uncertainty sets, this paper selects probabilistic distance metrics based
on the Lo-norm, Li-norm, and FM distance. The Le-norm focuses on the maximum
divergence of cumulative distribution functions, while the L;-norm emphasizes the total
sum of differences in probability density functions. When employing the FM distance for
probabilistic distance metrics in uncertainty set construction, dualization is required. The
subproblem using FM distance is expressed as:

max Z Z(i,j)eE pFM,sdi,j va,ij (50)
k v
Y prms =1 (51)
S
ZJ» PEMsPik — bk < erm, K=1,...,B (52)
—(ZJ- PEmsPik —br) <erm, K=1,...,B (53)

Equation (51) represents the fundamental constraints of the probability distribution,
where | denotes the number of candidate points, B denotes the dimension of the candidate
points, ¢, denotes the value of the jth candidate point in the Hth component, and by
denotes the mean. After dualizing the above problem, it is expressed as:

b b
min__ a+epw Y, (W ApT)+ Y (W HpT )bk (54)
aeR put u==0 G=1 G=1
St“""Z(V +u )¢]k> Z dl]val]/]_l v (55)
(ij)eG v
i >0, >0,H=1,...,B (56)
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wh =Y prms®ix — b = —() PEMsPik — bg) (57)
] ]

Building upon this foundation, the C&CG framework is employed to iteratively opti-
mize deployment schemes and robust paths for UGVs and fixed-wing UAV by alternately
solving the main problem and subproblems, ultimately yielding a globally optimal solution.
The overall algorithmic workflow is illustrated in Algorithm 1.

Algorithm 1. The pseudocode for algorithm—DRDPRP

1: Candidate site: Based on the comprehensive score, deployment candidate points m and n are obtained.
2: Initialization: Set the initial solution, upper and lower bounds (UB = +c0, LB = —c0), convergence threshold
T, and iteration count t =0

3: Precomputing: Calculating Dubin’s path for fixed-wing UAV using branch-and-bound and local
optimization techniques

4: Solve the main problem to obtain the current optimal solutions xﬁ,w, x}%’ GV, Ymo, and the objective value,
then update the lower bound LB

5: Submit x5 and x{/C" to solve the subproblem, obtaining the worst-case probability distribution and
objective value, then update the upper bound UB

6: If (UB — LB)/UB < T, then the algorithm converges; jump to step 8, else

7: Return to step 4 and continue iteration, t =t + 1

8: Output: Optimal deployment plans x;"V and x{CV, fixed-wing UAV path decision ¥, and robust path

planning results for UGVs

To address the challenge of generating numerous dubins paths for fixed-wing UAV
during patrol operations, a path preprocessing step is first implemented using a branch-and-
bound approach integrated with local optimization techniques, as detailed in Algorithm 2.

Algorithm 2. Branch-and-bound combined with local optimization

1: Input: Fixed-wing UAV coordinates (x, y), tolerance tol, minimum turning radius r, maximum
iteration count ¢

2: Initial Upper Bound (UB) Calculation: Perform coarse grid search (S x S) on the angular space
[—m, ) X [—m, 1), evaluate Dubin’s length at each point, and take the minimum value as the
initial UB

3: Perform local refinement on the coarse grid optimal solution using Nelder-Mead. If
improvement occurs, update the UB

4: Initialize the priority queue (min-heap): Insert the entire angular rectangle (—7, 7t) x (—m, 1) as
the root node into the heap, with the lower bound LB of this rectangle

5: If the node’s LB > UB — tol, proceed to step 11; otherwise, proceed to step 6

6: Take the midpoint of the subinterval and compute the Dubin’s length L_mid corresponding to
this midpoint

7: Perform a local search starting from the midpoint of the interval to obtain a better L_refine; use
it to update L_mid. Obtain the angle and length, then update UB

8: If L_mid < UB, then update UB and the corresponding optimal angle

9: Apply binary search along the “longer dimension” of the current interval to generate two
subintervals. Calculate the lower bound (LB) for each subinterval. If LB < UB — tol, add it to the
heap

10: If the current heap minimum LB > UB — tol, proceed to step 11; otherwise, return to step 6
11: Output UB and optimal angle

4. Simulation Experiment
4.1. Simulation Parameters

Simulation parameters are configured as follows: The urban layout is set to 10 x 10 km. One
fixed-wing UAV is deployed to achieve fixed-point cruise communication coverage, while multiple
ground unmanned vehicles equipped with base stations provide fixed-point communication coverage.
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Uncertainty set parameters are configured as follows: 200 path sampling points are collected per area,
with the uncertainty set confidence level set to 0.9. The weighting coefficients for comprehensive
evaluation priorities B1, B2, and B3 are 0.5, 0.4, and 0.1, respectively. System parameter summaries
are presented in Table 2. Parameters adopted in this study reference [28,29].

Table 2. Simulation parameters.

Parameters Value
Fixed-wing UAV operating costs "V 50

UGV fixed costs f1CV 200
UGV operating cost per kilometer d; ; 20
Fixed-wing UAV aircraft flight altitude h 120 m
Minimum turning radius r 10
Large-scale decay path loss index o 2.0
Transmit power P 1.0
Channel bandwidth B 1 MHz
Environmental parameters a, b 9.61,0.16

4.2. Simulation Analysis
4.2.1. Analysis of Experimental Validity

As shown in Figure 2, to simulate the distribution of communication demands in disaster-stricken
areas, a compound Poisson process is employed to generate user locations. First, clustering zones are
generated centered around 10 random points, with locally aggregated disaster victims generated according
to a Poisson distribution of specified intensity. Subsequently, affected individuals were randomly generated
at uniform density across the entire urban background area. After merging these two components,
600 affected individuals were randomly sampled to construct a demand scenario featuring both local
clustering and global randomness. Concurrently, areas were comprehensively scored based on population
density, disaster severity, and no-fly zones, resulting in six zones and the generation of 36 candidate
deployment points.

B Building
Disaster victims

@ Base
Hotspot (Gaussian)
No-fly zone

7
6
5
4
3
2
1
0

Figure 2. Urban layout under a compound Poisson distribution of disaster victims.

The results of fixed-wing UAV-UGYV collaborative deployment and path planning under defined
environmental conditions (known road disruptions) are shown in Figure 3. The fixed-wing UAV
employs Dubin’s curve path planning, fully accounting for its minimum turning radius physical
constraint. Subfigures illustrate the curved paths of the fixed-wing UAV at nodes. UGVs traverse
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the road network, forming air-ground collaborative coverage with the fixed-wing UAV. This result
provides a critical baseline for subsequent robust optimization models incorporating uncertainty.

¥ (km)

X (km)

Figure 3. Deployment and path in a defined environment.

Table 3 compares simulation results for collaborative mission planning between fixed-wing
UAVs and ground unmanned vehicles under different methodologies. Stochastic Planning (SP)
achieved the lowest objective value under idealized conditions where the probability distribution
of road disruptions is known, thus serving as a reference benchmark for fully informed scenarios.
However, this method relies on the premise of accurately known probability distributions—an
assumption often untenable in real-world post-disaster contexts characterized by sudden, dynamic,
and incomplete information regarding road disruptions. In contrast, the proposed distribution-
robust optimization model, while yielding a slightly higher objective value than SP, captures the
uncertainty in the interruption probability distribution. Consequently, the resulting planning scheme
demonstrates greater robustness and applicability for real-world post-disaster emergency scenarios.

Regarding the comparison with AVOA, Table 3 shows that its objective function value is signifi-
cantly higher than that of the proposed method, with a coverage rate of only 96.50%. This indicates
that under the multiple coupled constraints of this study, the AVOA algorithm failed to consistently
find feasible solutions satisfying all requirements. This outcome suggests that generic heuristic
methods may exhibit limitations in feasibility assurance when solving such complex collaborative
planning problems. Consequently, the primary purpose of including AVOA for comparison is to
establish it as a reference heuristic baseline to reveal the problem’s solution complexity, rather than
to serve as direct evidence demonstrating the universal superiority of the proposed method over
various heuristic algorithms.

This paper compares the performance of three probabilistic distance metrics under different
tolerance parameters. Experimental results show that all robust models accounting for uncertainty
exhibit higher total costs than deterministic models, indicating that enhancing system robustness
incurs a certain economic cost. Different probabilistic distance metrics significantly influence the
deployment positions of fixed-wing UAV waypoints and UGVs, the optimal target values, and the
number of C&CG iterations required for algorithm convergence. Among these, the uncertainty
set constructed based on the Lo norm exhibits a sudden surge in target value to 510,930.37 at
a tolerance parameter of 0.4, significantly higher than other scenarios. This phenomenon is not
attributable to computational error but rather stems from the Lo, distance’s heightened sensitivity to
the most unfavorable probability deviation. Consequently, the model tends toward more conservative
deployment and path decisions at this parameter level, substantially elevating the system’s total cost.
When the tolerance parameter further increased to 0.5, the objective value did not continue to grow at
the same rate, indicating that the model had adjusted its collaborative deployment and path schemes
to avoid high-risk sections. Thus, this anomalously large value reflects the model’s heightened
sensitivity to extreme risk perturbations under the L, distance metric and the resulting structural
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changes in decision-making. In contrast, target values based on the L; norm and FM probabilistic
distance models remained relatively stable, with the L1 norm achieving algorithmic convergence
faster in most scenarios. This experiment demonstrates that increasing tolerance values prompts
corresponding adjustments to deployment strategies, balancing robustness and target values. This
provides rich and targeted strategic options for deploying fixed-wing UAV and unmanned vehicles
under diverse practical requirements.

Table 3. Mission planning scheme for fixed-wing UAV and UGV collaboration.

Fixed-Wing UAV UGV Deployment C&CG Iteration

Proposal € path Node Points Obj Count Coverage
sp - 2,8,12,15,20,21,27 3,9,11,13,31 6838.34 - 100%
AVOA - 3,11,15,16,18,21,25,26 12,19,24,30,35 7754.79 - 96.50%
;‘;ng:rfi‘ri - 2,8,12,15,20,21,27 3,9,11,13,31 6817.66 - 100%
0.1 2,8,12,15,20,21,27 3,9,11,13,31 6858.68 1 100%
02 2,8,11,15,20,21,27 3,9,13,31,32 7028.49 2 100%
Lo 03 8,9,15,20,21,27,30 1,3,13,28,31 7033.03 2 100%
04 1,7,9,15,21,25,28 3,8,13,19,20 510,930.37 2 100%
05 6,9,20,21,27,30,36 2,3,13,28,35 7243.87 3 100%
0.1 2,8,11,15,20,21,27 3,9,13,31,32 6874.64 2 100%
02 2,8,11,15,20,21,27 3,9,12,13,31 6936.18 2 100%
L 03 2,8,12,15,20,21,27 39,11,13,31 6848.43 1 100%
04 2,8,12,15,20,21,27 3,9,11,13,31 6848.43 1 100%
05 2,8,12,15,20,21,27 3,9,11,13,31 6827.92 1 100%
0.1 2,8,11,15,20,21,27 3,9,13,31,32 7059.26 2 100%
02 8,9,15,20,21,27,30 2,3,13,28,31 7115.09 3 100%
FM 03 2,8,12,15,20,21,27 39,11,13,31 6848.43 1 100%
0.4 8,9,15,20,21,27,30 2,3,7,13,28 7176.62 3 100%
05 2,8,11,15,20,21,27 3,9,13,31,32 6915.67 1 100%

Visualize and compare the target values of three types of probabilistic distance metrics under
different tolerance parameters, characterizing their trend characteristics and differences as tolerance
varies. Figure 4 illustrates the variation of total system cost with tolerance value in the Lo-norm-based
metric method. The cost curve exhibits significant fluctuations, particularly showing abrupt changes
when the tolerance value ranges from 0.3 to 0.4. This indicates extreme sensitivity to path variations
within the uncertainty set, reflecting a high cost for achieving robustness assurance.

The relationship between tolerance values and target values in the L;-norm-based metric is
illustrated in Figure 5. Its cost curve exhibits significantly less fluctuation than the Lo-norm, demon-
strating outstanding stability. This indicates that the metric imposes relatively lenient constraints
on uncertainty, enabling it to maintain a certain level of robustness while preventing drastic cost
variations due to minor tolerance adjustments.
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Figure 4. Relationship between tolerance value and Obj in Leo-norm metric methods.
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Figure 5. Relationship between tolerance value and Obj in L;-norm metric methods.

Figure 6 analyzes the model performance based on the FM probability distance metric. Its cost
curve exhibits significant fluctuations at a tolerance value of 0.3, reflecting the impact of increased
unavailable road segments at this threshold. However, as the tolerance value continues to increase,
the cost actually decreases. This indicates that the system tends to select alternative paths with lower
interruption probabilities, demonstrating the adaptive adjustment capability of the solution strategy
under this metric.
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Figure 6. Relationship between tolerance value and Obj in FM distance metric method.

https:/ /doi.org/10.3390/£i18030170


https://doi.org/10.3390/fi18030170

Future Internet 2026, 18, 170

17 of 21

4.2.2. Analysis of the Applicability of the Experiment

We analyzed the impact of the number of UGVs on system deployment and total cost under
resource constraints. As shown in Table 4, increasing the upper limit of UGVs from 5 to 10 significantly
raises the total system cost. Concurrently, the proportion of UGVs in deployment schemes increases,
while the number of fixed-wing UAV path nodes correspondingly decreases. When the vehicle count
is capped at 8 or 10, not all UGVs are utilized. The table indicates that with an 8-vehicle limit, 7
UGVs are deployed each time; and at a limit of 10, the deployed UGVs numbered 10, 10, and 7. This
demonstrates that the model in this paper selects the optimal deployment strategy for UGVs and
fixed-wing UAV based on the overall system performance, rather than solely pursuing continuous
communication coverage capability. This illustrates the trade-off between resource investment and
system performance.

Table 4. Impact of UGV quantity restrictions on experiments.

Maximum Measurement Fixed-Wing UGv
Number of Method UAV Path Deployment Obj
UGVs Node Points
Lo 2,8,11,15,20,21,27  3,9,13,31,32 7028.49
5 Ly 2,8,11,15,20,21,27 3,9,12,13,31 6936.18
FM 8,9,15,20,21,27,30  2,3,13,28,31 7115.09
Lo 6,10,20,24,27,30  2,3,9,13,22,28,35 7521.38
8 L 6,10,20,24,27,30  2,3,9,13,22,28,35 7388.04
FM 59,20,22,27,30  2,3,6,7,13,28,32 7614.28
Lo 20,21,27,30,36  2,3,6,7,9,11,12,13,15,327901.49
10 Ly 20,21,27,30,36  2,3,6,7,9,11,12,13,15,327747 .64
FM 59,20,22,27,30  2,3,6,7,13,28,32 8106.59

Analyzing the impact of the number of discrete scenarios on experimental results reveals that,
as shown in Figure 7, the total system cost increases with the number of scenarios. This indicates that
a higher number of discrete scenarios leads to increased time complexity. As depicted in Figure 8, the
model’s computation time also steadily increases.

7200 & L oo
L1
—h— FM

7150

7100

Obj

7050

7000
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Number of scenes

Figure 7. Relationship between scene count and Ob;.
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Table 5 validates the scalability of the algorithm from the perspective of the number of affected
individuals. The total cost increases as the scale grows, consistent with expectations. The computation
time increases gradually without exhibiting exponential growth. The number of C&CG iterations
stabilizes between 1 and 3, demonstrating excellent convergence. This confirms that the DRDPRP
model is applicable to disaster scenarios of varying complexity.

Table 5. Impact of affected population size on the experiment.

Collaborative Plan

NumbIe,;f)sfo/:Sffected (Fixed-Wing Obj C&CG Iteration Count Average S(():;ltlon Time
UAVIUGV)
Leo:
(3,17,26,30,32,38 1 2,4, 6290.50 1 70.1744
12,18,20)
L11
300 (3,17,26,30,32,38 1 2,4, 6269.99 2 63.4897
12,18,20)
FM:
(3,17,26,30,32,38 1 2,4, 6311.02 1 43.6366
12,18,20)
Loo: 7028.49 2 76.7144
(2,8,11,15,20,21,2713,9,13,31,32) : :
L1: 6936.18 2 75.4212
600 (2,8,11,15,20,21,2713,9,12,13,31) ' :
FM:
(8,9,15,20,21,27,30 12, 7115.09 3 62.7953
3,13,28,31)
Leo:
(9,13,18,21,26,27,29,31 6980.90 2 80.4721
14,11)
1000 Ly:
(9,13,18,21,26,27,29,3114,11) 6960.38 2 78.9589
FM: 6903.97 3 85.4137

(9,13,18,21,26,27,29,31111,30)

5. Conclusions

To address the challenges posed by uncertain probabilities of ground road disruptions caused
by urban earthquakes and limited static coverage range that hinder emergency communication
restoration, this paper constructs the DRDPRP model. Aiming to minimize system costs under
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worst-case scenarios, it seeks to design a performance-guaranteed collaborative planning scheme
for post-earthquake emergency communications. (1) Compared to a deterministic environment
with known road disruptions, the proposed model increases average total cost by 9.86%. This
incremental cost represents the necessary trade-off for enhancing system robustness against road
disruption uncertainty. (2) Comparing three probabilistic distance metrics reveals: The Le-norm
exhibits sensitivity to extreme path variations, making it suitable for protecting critical facility failures.
The L;-norm demonstrates stability under tolerance variations, ideal for global deviation control.
while the FM distance reflects spatial coupling relationships and demonstrates adaptive adjustment
capabilities when road disruption probabilities change. (3) The system’s total cost exhibits sublinear
growth with increasing affected population scale, while the average solution time remains under
90 s without exponential growth, demonstrating the model’s applicability to medium-to-large-scale
scenarios.

From an engineering application perspective, the method proposed in this paper provides a
planning and decision-support tool for post-disaster emergency communications restoration. By
integrating key data such as road disruption information and its probability estimates, communica-
tion coverage parameters, and operational constraints of unmanned platforms, the model generates
air-ground coordinated communication restoration plans, offering quantitative references for emer-
gency command departments to formulate restoration strategies. It should be noted that the results
presented here are primarily validated through simulation scenarios, aiming to evaluate the decision-
making effectiveness of the proposed method in complex, uncertain post-disaster environments.
Actual deployment requires further implementation by integrating on-site information acquisition
capabilities and equipment dispatch mechanisms. Future research may further explore dynamic
disaster information updates and real-time decision-making mechanisms to enhance the model’s
applicability in complex disaster scenarios.
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C&CG Column and Constraint Generation

SpP Stochastic Programming

AVOA  African Vulture Optimization Algorithm
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