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Abstract: The deployment of unmanned aerial vehicle (UAV) hangars is critical to the efficiency of forest
inspections, significantly influencing both infrastructure construction costs and operational expenses. Existing research
on hangar selection often overlooks the complex constraints posed by forest environments, such as topographical
variability, power limitations, and coverage demands. To tackle these challenges, this paper presents a multi-
objective optimization approach for UAV hangar selection in forest environments, aiming to reduce construction costs
while maximizing coverage under complex topographical constraints. The process begins with the preliminary
selection of candidate hangars, utilizing geographic data such as the digital elevation model (DEM) , meteorological
data, and power/signal coverage. A multi-criteria decision analysis (MCDA) method evaluates and scores candidates
based on rigid and flexible criteria, including topographical suitability, wind speed, and power supply availability. A
multi-objective optimization model is then developed to optimize the layout of hangars, incorporating critical
constraints such as topographical characteristics, UAV power limits, and coverage redundancy. To solve this
optimization problem, the non-dominated sorting genetic algorithm II (NSGA-1I ) is applied. Experimental results
demonstrate that the proposed method outperforms traditional approaches, such as the greedy algorithm and the
single-objective genetic algorithm. Specifically, the NSGA- [l method reduces the number of hangars by 8.3% , and
increases the coverage by 1.6%. It also significantly accelerates the convergence, demonstrating superior performance
and efficiency. This methodology provides a comprehensive solution for UAV deployment in forest inspections and
can be adapted to other complex topography.
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0 Introduction

In recent years, unmanned aerial vehicle
(UAV) technology has experienced remarkable ad-
vancements in flight control, navigation technolo-
gies, and operational endurance'*. Consequently,
application scenarios have expanded significantly,
particularly in electric vertical take-off and landing
(eVTOL) vehicles, logistics, and dedicated infra-
structure development. This paper focuses on the

collaborative optimization of hangars for multi-UAV

deployment in forest inspection. Traditional forest

Article ID: 1005-1120(2026)03-0371-15

monitoring, relying on ground rangers', satellite re-
mote sensing“J , and fixed-wing aircraft, exhibits sub-
stantial limitations, such as restricted coverage and
vulnerability to topographical constraints'®. Con-
versely, UAVs offer rapid deployment and excep-
tional mobility, rendering them ideal for complex
mountainous regions.

As UAYV technologies progress, hangar selec-
tion has emerged as a pivotal research area. These
points serve as critical nodes for charging, mission
reconfiguration, and coordination. Existing research

on UAV hangar deployment has predominantly
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evolved across three structured domains, material

[10-13]

transportation””, electric power inspection***, and

road inspection "',
In the domain of material transportation, Wang

1. and Murray et al.”® developed logistics distri-

eta
bution models centered on range constraints and ve-
hicle-UAYV collaboration. However, these method-
ologies predominantly prioritize economic costs
through single-objective models, which inherently
neglect the synergistic effects and coverage redun-
dancy between multiple hangars. Cheng et al."’’ in-
troduced robust optimization to handle uncertain de-
mand, but their model remains limited by its inabili-
ty to address the spatial complexity of collaborative
multi-UA'V site selection in unstructured terrains.
Similarly, infrastructure inspection research,

[11]

such as the work by Zheng et al."""", employs multi-

objective models to minimize operational costs.
Yet, these approaches are specifically engineered for
linear “line-of-sight” inspection (e.g., power grids) ,
making them insufficiently adaptable to the expan-
sive area coverage requirements of forest environ-
ments. Furthermore, siting models for road and ur-

ban traffic concentrate on traffic density'"*

, regional
risk'"™, and flight safety. A critical commonality
among these studies is their reliance on simplified
two-dimensional (2D) or network-constrained mod-
els, which fail to account for the three-dimensional
(3D) topographical and environmental challenges
inherent in forested regions.

To provide a systematic analysis of these meth-
odological differences, Table 1 compares existing

research with the proposed approach across five key

dimensions.

Table 1 Comparison of existing research methods in UAV hangar siting
Research Objective ) . ) o
. . Key constraint Algorithm Indicators &. limitations
scenario function
) o ) Single-objective Focused on distribution
Material Minimize economic cost;  UAV range; payload

logistics”"” minimize delivery time

Maximize inspection
Infrastructure . .
. . efficiency; minimize
inspection
system cost

Road &. traffic Maximize safety;

monitoring™*'” minimize regional risk

Minimize construction
Proposed L
cost and maximize
method
area coverage

Linear network
constraints;

power availability

Traffic density; street-

3D topographical
occlusion; redundancy;

UAYV power limits

optimization; efficiency; neglects synergistic

capacity; battery limits

greedy; heuristics coverage between hangars

Task allocation; Optimized for structured lin-
deep learning;

Weighted-sum GA

ear paths; low adaptability to
non-linear forest area coverage
Relies on simplified 2D or net-

Distributed siting; . )
work-constrained models; fails

level risk; 2D obstacles decentralized navigation

to address complex 3D terrain

) Pareto efficiency;
NSGA-Il with MCDA

o ) system resilience;
preliminary screening

terrain-aware performance

This systematic comparison underscores a sig-
nificant research gap: Existing frameworks are pre-
dominantly tailored for structured environments and
fail to address requirements unique to forest inspec-
tion, such as optimizing for synergistic area cover-
age and accounting for complex topographical occlu-
sion. Forest area inspection presents unique chal-
lenges; ridge blockage, topographical undulation,
and dense vegetation accelerate UAV performance
degradation and complicate equipment maintenance.
These constraints drastically alter both the set of fea-
sible sites and the construction costs.

Unlike prior studies that focused on individual

hangar indices, this paper emphasizes system-level
efficiency through the synergistic deployment of
multiple UAV hangars. The proposed methodology
integrates a multi-criteria decision analysis (MCDA)
for preliminary candidate screening with a multi-ob-
jective optimization model that enforces constraints
for redundancy, endurance, and terrain-induced oc-
clusion. Finally, the NSGA-1I is employed to find
optimal solutions that balance cost and coverage effi-
ciency'®,

The rest of this paper is structured as follows.

Section 1 provides a systematic description of the

multi-UAV hangar selection problem in forest ar-
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eas. Section 2 proposes a preliminary screening
method of hangar candidates based on MCDA, fol~
lowed by the establishment of an optimization mod-
el for collaborative multi-UAV hangar selection in
forest areas and the design of NSGA- Il algorithm
for solving the model. Section 3 chooses a real for-
est area case for solving the problem and verifies the
validity of the proposed method. Section 4 summa-

rizes the study.

1 Problem Description

In multi-UAYV forest inspection, hangars serve
as critical energy replenishment and data interaction
hubs, supporting all-weather, long-endurance mis-
sions. Their spatial topology fundamentally deter-
mines the swarm’ s operational radius and response
timeliness. However, the unstructured forest envi-
ronment imposes severe multi-dimensional challeng-
es.

As illustrated in Fig.1, dramatic topographical
undulations, such as ridges and valleys, induce non-
linear growth in UAV energy consumption and
cause line-of-sight (LOS) occlusion, rendering tra-
ditional 2D Euclidean coverage models inadequate.
And stringent ecological policies, limited road ac-
cessibility, and power requirements result in highly
discretized and fragmented feasible domains for han-

gar construction.

>
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Fig.1 Schematic diagram of hangar selection for forest in-

spection

Furthermore, mission requirements exhibit
spatial heterogeneity. High-risk priority zones de-
mand redundant coverage from multiple hangars to
ensure system resilience against single-point fail-
ures. Hangar siting is essentially a multi-dimension-
al Pareto game between coverage completeness, op-

erational reliability, and construction costs, where

simplified geometric models fail to capture complex
constraints.

Consequently, this study addresses the chal-
lenge of identifying an optimal hangar configuration
from a limited candidate set to balance coverage, ef-
ficiency, and cost. Characterized by mutually con-
flicting objectives and non-linear coupled con-
straints, this problem is a typical NP-hard chal-
lenge, necessitating advanced multi-objective evolu-
tionary algorithms. This research establishes a ro-
bust spatial network foundation for subsequent col-

laborative path planning.

2 Methodology

This paper addresses the impact of topography
on the construction of hangars and UAV perfor-
mance in forest scenarios. First, geographic infor-
mation for the target area is collected, including the
digital elevation model (DEM) , year-round meteo-
rological data, power supply, and signal coverage.
The region is processed using convex hull and grid-
based methods. Based on this data, a MCDA scor-
ing method is designed to select suitable candidate
hangars locations. The focus then shifts to the col-
laborative capability of multiple hangars, consider-
ing the rationality and stability of their layout. A
multi-objective optimization model for hangar selec-
tion is then developed. Finally, considering the char-
acteristics of the model, a NSGA- Il algorithm is
applied to solve the optimization problem and deter-

mine the final locations for hangar construction.

2.1 Multi-criteria decision-based candidate

hangar selection

To improve the efficiency and accuracy of site
selection, this paper follows UAV hangar selection
guidelines. Hangar selection involves multiple crite-
ria, including rigid criteria (e. g. prohibited areas
and areas without power coverage) and flexible cri-
teria (e.g. altitude and wind speed within predefined
ranges). Due to the complexity of these criteria and
the trade-offs between them, a single decision-mak-
ing method is insufficient to consider all factors com-
prehensively. Therefore, a MCDA scoring method

is adopted for the site selection decision.



374 Transactions of Nanjing University of Aeronautics and Astronautics

Vol. 43

MCDA is a systematic approach capable of
handling complex decision problems with multiple
evaluation criteria. In the case of UAV hangar selec-
tion, different criteria may conflict with one anoth-
er. The MCDA method helps find the optimal trade-
off by evaluating the relative importance and con-
straints of each criterion. Specifically, the forest top-
ographical data is first rasterized, and a scoring
method is designed to evaluate each candidate loca-
tion. Each candidate is assigned a composite score
based on its compliance with rigid criteria and its
performance within the range of flexible criteria.
The optimal candidate locations are then selected.
This approach enables the optimization of hangar se-
lection under multidimensional constraints and re-
quirements, improving the efficiency and reliability
of subsequent inspection tasks.

UAYV hangar siting must balance terrain suit-
ability, infrastructure access and safety require-
ments. We first gather DEM, weather records,
power-supply maps and forbidden-zone boundaries.
Outliers and missing data are addressed using bilin-
ear interpolation, and the data (elevation, slope,
wind speed) are rasterized to a consistent spatial res-
olution to enable effective spatial analysis and over-
lay.

In the candidate-screening workflow, these cri-
teria are systematically evaluated through two se-
quential stages. First, rigid constraints, absence of
power supply or presence within prohibited zones,
are applied as binary filters to remove unsuitable ras-
ter cells. This filtering step yields a set of technical-
ly feasible cells. Second, the remaining feasible
cells are scored based on flexible criteria using
weights derived from an analytic hierarchy process
(AHP). Three domain experts, a forest-manage-
ment officer, UAV-maintenance engineer, and re-
mote-sensing specialist, independently complete
pairwise comparisons among the three criteria, and
their evaluations are aggregated via the geometric-
mean method. The principal eigenvector method
provided normalized weights: 0.40 (elevation) ,
0.35 (slope), and 0.25 (wind) , with a consistency
ratio of 0.06, within the acceptable threshold (0.10).

The selection process is implemented using a

scoring system, with detailed criteria based on com-
pliance with each factor. The pseudocode for this
process is as follows.

Algorithm: Multi-criteria drone hangar selection
(MCDHSS)

Input: CandidatePoints, DEM, WindMap, Power-
Map, AHP weights w=

{wi, w,, ws}

Forbidden masks,

Output: SelectedPoints //top-ranked feasible sites
(1) Feasible < {p € CandidatePoints|
PowerMask (p) =1 A Forbidden-
Mask (p) =01 // hard-constraint fil-
tering
(2) for each p € Feasible do
score (p) < w,*Elev(p) + w,Slope (p) +
wy* Wind(p)//flexible-criteria scoring
end for
(3) SelectedPoints < top N points ranked by
score(p)
(4) return SelectedPoints //Sort and return top N

candidates
2.2 Multi-objective hangar selection model

2.2.1 Model assumptions and definitions

The model is based on the following assump-
tions.

(1) Each UAV is equipped with a rotary cam-
era, enabling comprehensive monitoring of the tar-
get area while maintaining a fixed hovering position.

(2) Each UAV hangar has a fixed-radius circu-
lar coverage area centered at the hangar.

(3) During task execution, the UAV can main-
tain a stable communication link with the control
center to ensure real-time data transmission.

(4) The task area is divided into common and
important zones, where the important zone requires
coverage by at least two hangars.

(5) The terrain consists of suitable and forbid-
den construction areas.

The fixed-radius coverage and uniform UAV
performance assumed in this study are theoretical
simplifications for the initial planning stage, which
help reduce computational complexity. In practice,
these assumptions should be validated under real en-
vironmental conditions. In forest environments, the

effective service radius may vary due to dynamic fac-
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tors such as wind speed and canopy density. To ac-
count for this, the service radius can be extended to
a time-dependent function (7). For example
r(t)=re(l—aW(z)—pC(2)) (1)
where W(¢) denotes the wind speed at time ¢; C(¢)
is the canopy density; and a and £ are the sensitivity
coefficients reflecting environmental impact.

From an algorithmic perspective, such dynam-
ic information can be incorporated using a rolling-ho-
rizon strategy, where model parameters are periodi-
cally updated based on real-time or seasonal data.
This extension will be explored in future work.
2.2.2 Symbol definitions

To facilitate reading, all the symbols used in

this paper are introduced in Table 2.

Table 2 Symbol descriptions

Notations Description
Usage of candidate hangar 7, where 1 indicates
- selection, and 0 indicates non-selection
. Set of topographical grids, divided into m rows
© and n columns
. Set of candidate hangars after preliminary
¢ screening
Set of points representing main topographical
b lines
r Effective coverage radius of a UAV hangar

78 Maximum ideal flight range of the selected UAV
Overlap rate between candidate hangars 7 and j,
O/ Ons and the maximum allowed overlap rate
C, Area coverage of the region by candidate hangar 4
D, Coverage matrix of candidate hangar 4
Proportion of area blocked by topographical lines
By/Bp. for candidate hangar, and the maximum allowed
blocked area proportion
Proportion of effective area for candidate hangar,

E,/E.. and the

proportion

minimum allowed effective area

2.2.3 Model objectives and constraints
Traditional multi-objective site-selection prob-
lems, such as city-wide Wi-Fi or urban depot plan-
ning, assume a structured environment and 2D ob-
stacles (roads, buildings). Forest inspection is dif-
ferent. It must handle rugged terrain, dense canopy

cover and legally protected no-fly areas. These natu-

ral and regulatory constraints drastically alter both
the set of feasible sites and the applicable model con-
straints. Accordingly, our model embeds four forest-
specific constraints, including terrain-induced occlu-
sion, ecological no-fly zones, redundant coverage of
critical areas and, planned for future work, dynamic
environmental updates. Their mathematical realiza-
tions are presented below together with the standard
coverage and cost objectives.

Practical applications show that a simplified
fixed-radius model™’ can meet coverage needs in
most scenarios while reducing computational com-
plexity. Therefore, in this study, the coverage area
of each hangar is defined as a fixed-radius circle.
The hangar selection problem in forest areas is mod-
eled as a multi—circle placement optimization prob-
lem. In this problem, each circle represents the cov-
erage area of a hangar, and the center of each circle
corresponds to the location of the hangar. This ap-
proach allows for the effective evaluation and optimi-
zation of hangar layouts, aiming to achieve compre-
hensive coverage of the forest area. The problem is
formally described as

F,=min 2 xX; (2)
i=1

F,=max | | C,z, (3)

i=1
where the objective of F', is to minimize hangar con-
struction costs by reducing the number of sites; the
objective of I, is to maximize the total coverage ar-

ea of the sites; 21, represents the total number of
i=1

hangars constructed; and U C,x; denotes the total

i=1
coverage area of the hangars.

The hangars must satisfy several constraints,
including overlap rate, significant topographical ob-
struction, effective coverage area, system redundan-
cy, emergency return capabilities, and high cover-

age of important areas. The constraints of the model

are set as
Oyox20,<< O, Vi, jeEC,iF] (4)
B2, < B,, VYEEC (5)
E,ox,=2E,, YkeC (6)
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2 ol {d(xpr,)<2ri=1

JEC.,jFk
Veelia, =1} (7)
S I{d(zup)<nd..}=1 YpeP (8)

=1
S reHd(zop)<r}=2 YpeP  (9)
=

For every pair of candidate hangars, we mea-
sure the distance between their centers. If this dis-
tance is at least twice the service radius, the two
coverage circles do not overlap and the pair passes
the test automatically. If the circles do intersect, we
calculate the area of their overlap ratio (analytically
or by counting raster cells) and express it as a frac-
tion of one full coverage circle. Eq.(4) ensures that
the overlap rate between any two selected hangars
does not exceed a specified threshold. For every can-
didate hangar we discretize its theoretical service
disk into a uniform planar grid. We trace the straight
line that connects the hangar center to each grid-cell
center, sampling the DEM at fixed spatial intervals
along this line. At each sampling point we compare
the ground elevation with the height of the line of
sight. If the ground height exceeds the line-of-sight
height, the target cell is classified as occluded. After
evaluating all cells, the occlusion ratio is calculated
as the proportion of cells classified as occluded. Han-
gars whose occlusion ratios exceed the prescribed
threshold are excluded from further optimization.
Eq. (5) ensures that the proportion of the area ob-
structed by significant topographical (such as major
ridgelines) for any selected hangar is less than a
specified threshold. For each candidate hangar, the
effective coverage ratio is calculated by dividing the
area of the inspection domain within the hangar’ s
service circle by the total area of that circle. Eq.(6)
ensures that for candidate hangar is greater than a
specified threshold. Eq.(7) defines the redundancy
constraint: The coverage area of each selected han-
gar must overlap with the coverage area of at least
one other selected hangar. This ensures system re-
silience by allowing adjacent hangars to provide
backup coverage in case of a single hangar failure.
Eq.(8) defines the emergency return constraint:
When a UAV departs from any point in the topogra-

phy, it must be able to return to a hangar within its

maximum flight range. Here, d,., represents the
UAV’s maximum flight range, and I{ } is an indi-
cator function, where if the UAV can return to the
hangar, I{ }=1, otherwise I{ }=0. p refers to
any region in the topography. Eq. (9) ensures that
critical task areas are covered by at least two han-
gars, which enhances the completion rate of critical
tasks. Here, if the point x; is within the coverage of
the hangar, I{ }=1, otherwise I{ }=0. p refers to
the critical task area in the topography.

This model, by setting multi-objective optimi-
zation goals and multiple constraints, quantifies the
various requirements for hangar selection, providing
comprehensive decision support for the UAV han-

gar selection in inspection tasks.
2.3 Model solving based on NSGA - Il algorithm

This multi-objective model involves conflicting
objectives that balance deployment cost, inspection
coverage, and nonlinear constraints. This complexi-
ty makes traditional mathematical methods insuffi-
cient. In contrast, heuristic evolutionary algorithms
have shown significant advantages in multi-objective
optimization problems. Multi-objective evolutionary
algorithms (MOEAs) """ use a probabilistic search
strategy, offering strong adaptability and stability,
meaning that even poor individual solutions do not
significantly affect the overall performance of the
system. NSGA- 1l , as a classic MOEA, is widely
used for multi-objective optimization due to its rapid
convergence, low computational complexity, and
strong diversity solution.

Previous research shows that genetic algo-
rithms are effective for multi-objective site selection
problems. Therefore, this paper uses the NSGA-1I
with elitist strategies to solve the model. NSGA- 1
enhances global optimization capabilities through
non-dominated sorting, crowding distance calcula-
tion, and elitism retention. Non-dominated sorting
ranks solutions based on dominance relationships.
This ensures that the first-rank Pareto-optimal set
contains well-balanced solutions. The crowding dis-
tance measures the sparsity of solutions in the objec-
tive space, maintaining an even distribution of solu-

tions on the Pareto front and avoiding local optima.
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The elitist retention mechanism further improves the
algorithm’ s convergence, allowing non-dominated
solutions to be directly passed to the next genera-
tion, thereby enhancing the quality and diversity of
the final solution set.

To solve the multi-objective optimization mod-
el, this paper designs a NSGA- Il algorithm. The
steps of the algorithm are outlined below.

First, the population is initialized using binary
encoding to represent the selection status of each
candidate hangar. Each hangar selection scheme cor-
responds to an individual in the population, and the
gene values of the individual’ s chromosome corre-
sponds to the status of the candidate hangars. The
chromosome length is set to the number of candi-
date hangars, denoted as M,,,. The chromosome
genotype X, =(x,,x,, +*+, Ty, ), where x,= 1 if the
ith candidate hangar is selected, and x,=0 if it is
not selected. The population size is M and it is ini-
tialized randomly with each individual representing
a hangar selection scheme. For example, Table 3
shows the genotype of an individual, where only can-
didate hangar 2 is selected for construction among

candidates 1—4.

Table 3 Binary encoding

Gene position 1 2 3 4 M i1 Mesa
Gene value 0 1 0 0 0 1

Next, the fitness of the individuals in the popu-
lation is evaluated. This paper uses two objective
functions as fitness evaluation indicators: (1) Maxi-
mizing the number of covered terrain points, i.e.,
maximizing coverage; (2) minimizing the number
of selected hangars, i.e. minimizing the number of
hangars. These two objective functions are used to

comprehensively evaluate hangar selection schemes.

U C,x,

S :;Cmd (10)
]'2:21[ (11)

i=1
The quality of the selection scheme is assessed
through these two functions. A higher value of f;
and a lower value of f; indicate a better solution.

Individuals are selected through non-dominated

sorting and crowding distance. Based on the individ-
uals’ fitness, the Pareto optimal solutions are priori-
tized, and the crowding distance for each individual
in each non-dominated layer is calculated to retain
more diverse solutions. Evolution is then performed
on the filtered population. Individuals undergo two-
point crossover (Xovdp) , where two crossover
points are randomly selected from the parent chro-
mosomes, and the genetic material between the
points is exchanged to generate new offspring. After
crossover, binary mutation (Mutbin) is applied,
where one or more positions in the individual’s chro-
mosome are randomly selected and mutated, chang-
ing gene O to 1 or gene 1 to 0. After evolution, the
population is updated using the elitist tournament se-
lection method (etour) , ensuring that the optimal
solutions are not discarded.

The NSGA-1I algorithm in this paper adopts
two stopping criteria:

(1) The algorithm terminates when the maxi-
mum number of iterations is reached.

(2) The algorithm terminates when the Pareto
optimal solution set no longer significantly changes
over several consecutive generations.

The final output is the Pareto optimal solution
set, which provides the decision-makers with a se-
lection of optimal schemes. The pseudocode for the
NSGA-1I algorithm is as follows.

Algorithm: Collaborative multi-UAV hangar selec-
tion with NSGA-1l (CMU-NII )

Input: TerrainData, CandidatePoints, NSGA [l
_Params, Maximum Generations (T)

Output: Pareto optimal solution set ( ParetoFront)
(1) Initialize population P

(2) Define fitness function Fitness(P) and constraint
violation function ConstraintViolation(P)

(3) Sett=0 //Main loop

(4) while << T do
(5) EvaluateFitness(P)

(6)  for each individual p in P do

//Fitness evaluation

(7) Calculate coverage score f; (p) and cost
score f,(p)
(8) Calculate constraint violation of p using

ConstraintViolation(p)
(9) end for
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(10)  end Procedure
(11)  P_non_dominated <= NonDominatedSorting
(P)
(12)  CalculateCrowdingDistance (P _non_domi-
nated )
(13)  Offspring <= Crossover(P_non_dominated )
(14)  UnionPopulation <= PUMutate (Offspring)
//Elite strategy for population selection
(15)  EvaluateFitness(UnionPopulation)
(16)  P<EliteSelection(UnionPopulation, NSGA
Il _ Params.M)
(17)  UpdateParetoFront (P, ParetoFront) //
Update Pareto optimal solution set
(18) t=<t+1
(19) if ConvergenceCriteriaMet (ParetoFront,
NSGA Il Params) or z >= T then
(20) break
(21)  endif
(22) end while
(23) Return ParetoFront

Let T denote the number of generations, P the
population size, N, the number of terrain grid
cells, M., the number of candidate hangar sites
(chromosome length) , and %2 (£ < M.,,,) the aver-
age number of hangars selected in a chromosome.
The dominant task of each generation is merging %
coverage masks over M., cells for all P individu-
als, so the total running time is

T=O(TPN,k) (worst case k= M,,,) (12)

3 Application and Results

This section introduces the real terrain data
used for the study and defines the parameters for the
NSGA-1I algorithm based on the operational condi-
tions of the UAV hangars. Using the established
model and algorithm parameters, the NSGA-1II al-
gorithm is employed to solve the optimization prob-
lem. The results are then compared with those ob-
tained from other algorithms to validate the effec-
tiveness of the proposed method. Finally, the re-

sults are analyzed and discussed.
3.1 Case description

The study is conducted in a forest region in

Nanjing, China. The area is characterized by signifi-

cant environmental and population sensitivity due to
the presence of schools, residential zones, and a res-
ervolr, which are defined as critical areas for the sit-
ing model.

The study utilized topographical data from
NASA’s Shuttle Radar
(SRTM) to generate a DEM with a 30 m spatial
resolution (ID: SRTMIN31E118V3), as visualized
in Fig.2. The raw data was projected to the WGS84

Topography Mission

UTM coordinate system for geographic accuracy.
Pre-processing steps included void filling, smooth-
ing, and the calculation of slope and aspect using
geographic information system (GIS) tools to en-
hance data quality. The irregular study area bound-
ary, extracted from OpenStreetMap, was convert-
ed into a convex hull to define a regular experimen-
tal area (Fig.3). Finally, this area was discretized

into a uniform grid with 100 m cells for analysis.

Elevation / m

140
120
E120 100
a
8
i 80
5
Fl 60
118.755
. 40
o, 118.765
20

(b) Processed convex hull area

Fig.3 Satellite images of the region

(a Initial area

Spatial constraints were defined based on pre-

identified critical zones, as shown in Fig.4. These
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included important areas (e.g. schools) requiring en-
hanced surveillance and forbidden areas (e.g. reser-
voirs) , where hangar construction is prohibited.
These zones provided explicit spatial constraints for

the optimization algorithm.

Reservoir 175001
15 000}
L o Important area
AL00 ®Forbiden area
10 000
= "
5y
7500+
50001 ]
School
2 500F
Scenic -
area OF

Reservoir 2 doo 6 600 10 OIOO

m
(a) Actual area (b) Processed area

Fig.4 Schematic of critical areas and forbidden zones

The algorithm’ s parameter settings are as fol-
lows. The service radius of hangars is set to 3 000 m,
with a grid edge length of 100 m. The minimum ef-
fective coverage rate and maximum terrain occlusion
rate are set to 0.4 and 0.5, respectively, to meet
coverage requirements and topographical con-
straints. The maximum overlap rate is set to 0.7 to
optimize resource utilization. The crossover and mu-
tation rates are set to 0.9 and 0.1, respectively, to
maintain diversity in the search space. The popula-
tion size is 100 individuals, with a maximum of 200
iterations, ensuring algorithm stability and conver-
gence performance. The program is implemented in
Python 3 and executes on an experimental simula-
tion platform with the following specifications: Win-
dows 10 operating system, 13th Gen Intel (R)
Core (TM) 19-13900K processor at 3.00 GHz, and

128 GB of memory.
3.2 Optimization results

3.2.1 Preliminary selection of candidate hangars

Following the preliminary screening process,
Fig.5 illustrates the resulting UAV hangar selection,
where 160 candidate sites meeting the rigorous se-
lection criteria were identified using GIS data. The

spatial distribution of these points systematically ad-

heres to the site selection specifications by avoiding
forbidden zones and maintaining appropriate opera-
tional intervals. However, a detailed spatial analysis
reveals that this distribution is non-uniform across
the research region. Specifically, as visualized in
Fig.5, candidate points are significantly sparser in
the lower-left and upper-right quadrants. This ob-
served sparsity is highly consistent with the spatial
constraints defined in Fig.4, where these specific re-
gions contain the highest density of forbidden
zones, such as the reservoir and residential areas,
combined with lower elevation profiles that are fun-

damentally unsuitable for hangar construction.

20 000 3
® Forbiden area Elevation / m
* Candidate hangars | [7]
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16 000 [
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=
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0r 0

0 2000 4000 6000 80001000012 000
X/m

Fig.5 Candidate hangar results

The strategic layout of these candidate points
ensures effective coverage and operational reliability
for UAV inspections in mountainous areas, while
adhering to topographical constraints and regulatory
requirements. This approach demonstrates compre-
hensive consideration of geographical, technical,
and regulatory parameters in UAV site selection.
3.2.2 Analysis of terrain occlusion on coverage

To demonstrate the necessity of a terrain-
aware siting model, we analyzed the impact of topo-
graphical features on a hangar’s effective coverage.
Fig.6 presents a compelling example using candidate

point No.80, which is situated near a major ridgeline.
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Fig.6 Coverage simulation results for candidate point 80

The analysis reveals that the hangar’s theoreti-
cal circular service area is severely fragmented by
the terrain. A significant portion of the coverage is
classified as an occluded region (green area), where
line-of-sight is blocked by the ridgeline. Missions
within this zone would incur substantially higher op-
erational costs and signal loss risks compared to the
unobstructed zone (blue area). This fragmentation
drastically reduces the site’s practical value and effi-
ciency.

This single case starkly illustrates that a sim-
plistic fixed-radius assumption is inadequate for com-

plex forest environments. It underscores the critical

importance of integrating topographical occlusion in-

to the selection process, which is a core strength of

our proposed multi-objective optimization model.

3.2.3 Multi-objective optimal deployment solu-
tions

The NSGA- [I was employed to solve the
multi-objective optimization model, generating a set
of Pareto optimal solutions'®" that balance deploy-
ment cost (number of hangars) and inspection cov-
erage. These solutions provide decision-makers
with a range of optimized trade-offs.

As illustrated in Fig.7, the Pareto front clearly
reveals the relationship between the two competing
objectives. A sharp increase in coverage is observed
when the number of hangars grows from four to
eight. However, beyond this point, the curve flat-
tens, indicating diminishing returns: Deploying ad-
ditional hangars yields only marginal gains in cover-
age at a significantly higher cost. This insight is cru-
cial to resource allocation, allowing decision-makers
to identify a “sweet spot” that balances cost and ef-

fectiveness.
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Fig.7 Pareto front

To demonstrate the practical viability and spa-
tial intelligence of the proposed solutions, we select
ed a representative balanced solution, Individual
23, which deploys 11 hangars to achieve 92.7%
coverage, Fig.8 visualizes the overall deployment
layout in relation to the terrain. The selected han-
gars are strategically distributed across the area, ef-
fectively avoiding major topographical obstructions
and forming a collaborative coverage network. Fur-
thermore, it highlights the solution’ s adherence to
critical mission constraints. Both designated impor-
tant areas are covered by at least two hangars, satis-
fying the dual-coverage requirement and ensuring

enhanced reliability for monitoring sensitive zones.
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The layout successfully avoids the forbidden areas,
showcasing the model’s ability to integrate complex
spatial constraints. This configuration not only opti-
mizes resource allocation but also enhances the resil-
ience of the inspection system against single-point
failures, providing a robust and efficient deployment

scheme for real-world application.
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Fig.8 Coverage of important areas in scheme 23

3.3 Analysis and validation

3.3.1 Algorithm performance analysis

To validate the performance of the proposed
NSGA-1I algorithm, we evaluated its convergence,
solution quality, and computational efficiency. The
algorithm’ s convergence behavior and the quality of
the resulting solution set were assessed using two
standard metrics: Hypervolume (HV) and Spacing.
HV measures the coverage and diversity of the solu-

tion set, with higher values indicating better perfor-

—
N

Runtime per generation / s
o —_
=] (=] —

oo
T

0 25 50 75 100 125 150 175 200
Generation
(a) Runtime profile of a single run

mance. Spacing measures the uniformity of the solu-
tion distribution along the Pareto front, where small-
er values signify a more even distribution.

Fig.9 plots the evolution of both metrics over
200 generations. The HV value exhibits rapid
growth in the initial phase and stabilizes around the
40th generation. This indicates that the algorithm
converges quickly, efficiently identifying a high-
quality and diverse set of solutions early in the opti-
mization process. Concurrently, the Spacing value
starts high, reflecting an initially uneven distribution
of solutions, and then progressively decreases, con-
verging to a small, stable value. This demonstrates
that the algorithm successfully refines the solution

set to achieve a uniform distribution across the objec-

tive space.
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Fig.9 HV and Spacing iteration plot

Together, these results confirm that the algo-
rithm not only converges efficiently but also main-
tains a well-distributed and high-quality Pareto
front, ensuring robust and reliable final solutions.

The computational performance was analyzed
to ensure the method’s practicality for real-world ap-
plications. Fig.10 illustrates the runtime behavior of

the NSGA- Il algorithm. The per-generation run-
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(b) Runtime distribution across 10 runs

Fig.10 Runtime analysis of NSGA-1I
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time decreases sharply during an initial warm-up
phase (first 10 generations) before stabilizing at ap-
proximately 8 s per generation for the remainder of
the run. Box plots from ten independent runs con-
firm that this runtime profile is highly consistent and
repeatable, with minimal variation.

To assess scalability, the algorithm was tested
on problems of increasing size, as detailed in Table 4.
The results demonstrate that the computational ef-
fort scales linearly with the product of the number of
grid cells (N,;) and candidate sites (M.,,). For in-
stance, quadrupling the problem scale resulted in an
approximately four-fold increase in total runtime.
Even the largest tested instance was solved within
an acceptable time frame on a standard workstation,
demonstrating that the proposed method is computa-
tionally feasible and scalable for substantially larger

and more complex deployment scenarios.

Table 4 Runtime proportionality to grid-candidate scale

Total (Avg runtime/
Scale factor  Ngig M . _
runtime/s  generation)/s
Baseline 12000 100 978 4.89
Medium 24 000 200 1932 9.66
Large 48 000 400 4013 20.07

3.3.2 Comparative analysis with benchmark al-
gorithms

To validate the effectiveness of the proposed
approach, its performance was benchmarked against
three other algorithms: A greedy heuristic (Greedy),
a single-objective genetic algorithm (GA) using
weighted summation, and another well-regarded
multi-objective method, MOEA/D. To ensure the
validity of the comparative analysis, all evolutionary
algorithms shared the same population size (100)
and termination criteria (200 generations). Specifi-
cally, the single-objective GA utilized a weighted
sum fitness function to aggregate the competing ob-
jectives of coverage and construction cost. Follow-
ing normalization of the objective values, weights
were set a8 Wepverge — 0.5 and w . = 0.5 to normal-
ized coverage and cost. MOEA/D was implement-
ed using the Chebycheff decomposition with a neigh-
borhood size of 20. The Greedy algorithm followed

a maximal incremental coverage strategy, selecting
the site with the highest marginal gain at each step
until 12 hangars were deployed.

The core performance metrics, summarized in
Table 5, reveal the superior balance achieved by the
NSGA- Il algorithm. It secured 92.75% coverage
with only 11 hangars and converged in just 40 gener-
ations. In contrast, the Greedy algorithm required
12 hangars for similar coverage, indicating lower re-
source efficiency. Although MOEA/D matched the
solution quality of NSGA-1I , its computational cost
was significantly higher, with a 50% longer runtime
and a much slower convergence of 180 generations.
The single-objective GA performed suboptimally

across all metrics.

Table 5 Algorithm comparison

Algorithm NSGA-II  GA MOEA/D Greedy
Number of hangars 11 11 11 12
Coverage rate/ % 92.75  88.39  92.75 92.86

Convergence
. 40 190 180 1
generation

Runtime/s 1478 1985 2245 978

To provide a deeper, multi-dimensional evalua-
tion, we introduced two advanced assessment met-
rics. First, the facility to coverage efficiency ratio
(FCER) was used to measure costeffectiveness,
with higher values indicating better performance. As
shown in Fig.11, the solutions generated by NSGA-
Il consistently dominate the top ranks, confirming
its superior ability to produce the most economical
configurations.

Second, the technique for order preference by
similarity to ideal solution (TOPSIS) method was
employed to provide a holistic ranking of all solu-
tions based on their proximity to a theoretical “ideal
solution”. The results, visualized in Fig.12, are un-
equivocal: NSGA- Il solutions consistently occupy
the highest ranks and cluster nearest to the ideal
point, demonstrating a robust ability to optimally
balance high coverage with low construction cost. In
contrast, the solutions from other algorithms are dis-
persed across lower ranks, confirming they fail to

achieve a satisfactory trade-off.
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In summary, the comprehensive comparative
analysis from three distinct perspectives, core met-
rics, cost-effectiveness, and holistic ranking, collec-
tively substantiates the superiority and robustness of
the proposed NSGA-I[ approach for solving the
complex UAV hangar deployment problem in chal-
lenging terrains.

3.3.3 Parameter sensitivity analysis

To validate the robustness of the NSGA-1I al-
gorithm performance and optimize parameter set-
tings, we conducted a sensitivity analysis on the key
genetic parameters, namely crossover and mutation
rates. The crossover rate was systematically varied
across the values [0.1, 0.3, 0.5, 0.7, 0.9], and the
mutation rate across [0.01, 0.05, 0.1, 0.2]. Algo-
rithm performance was evaluated by observing the
convergence speed, measured by the number of gen-
erations required for stabilizing fitness values.

As we can see in Fig.13, lower crossover rates
(e.g., 0.1 and 0.3) lead to significantly slower con-
vergence, typically requiring around 160—180 gen-
erations to reach stability. Conversely, a higher
crossover rate (0.9) provides the fastest conver-

gence, stabilizing around the 100th generation. Simi-

larly, mutation rates at the extremes (0.01 and 0.2)
negatively impacts convergence speed, with optimal
performance observed at a mutation rate of 0.1, re-
quiring approximately 110 generations for conver-
gence. Consequently, the crossover rate and muta-
tion rate are set to 0.9 and 0.1, respectively, to ef-
fectively maintain diversity in the search space and
enhance computational efficiency.

Mutation probability
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b it bk ek et
'S
[
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Fig.13 Sensitivity of NSGA-Il convergence to crossover

and mutation probabilities

4 Conclusions

We present a multi-objective optimization mod-
el to minimize construction costs and maximize the
total coverage rate of UAV hangars. This model ad-
dresses unique challenges posed by complex terrain
in forested areas. The model incorporates key con-
straints, such as effective coverage, UAV power
limits, and anti-interference, and effectively evalu-
ates the advantages and disadvantages of site config-
urations while optimizing hangar layouts to enhance
inspection efficiency and system reliability. The NS~
GA-T algorithm demonstrates advantages in fast
convergence and solution diversity. Simulation and

comparison results show that NSGA-II effectively
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balances coverage and the number of hangars,
achieving 92.7% coverage with only 11 hangars,
significantly outperforming MOEA/D, the greedy
algorithm and the single-objective genetic algorithm.
Additionally, the algorithm provides a rich set of Pa-
reto solutions, offering flexibility for decision-mak-
ers to trade off between various costs and coverage
requirements. The results provide valuable decision
support for the efficient deployment of UAV inspec-
tion systems in forest areas, balancing coverage
needs, economic factors, and cost reduction.

The current framework already honors ecologi-
cal and regulatory limits by excluding statutory
no-fly zones and requiring dual coverage of sensitive
habitats, thereby improving both safety and legal
compliance. To strengthen its real-world utility, fu-
ture work will add road-network accessibility layers
and season-dependent ecological or administrative
constraints, ensuring that recommended sites re-
main serviceable as external conditions change. We
will also link the static siting module to dynamic
schedulers for task assignment, energy-aware rout-
ing, and multir-UAV coordination. Flight tests at
representative forest sites will record tracks and
power logs to verify the fixed-radius assumption; if
deviations emerge, we will recalibrate it and derive
adjustment rules tailored to each aircraft type and
weather condition. These data-driven refinements
will prepare the model for operational deployment
and move it toward a fully automated, adaptive in-
spection system.

The results of this research are applicable not
only to the selection of UAV hangar sites for forest
inspections but also to the deployment of UAVs in
other complex terrains. The planned extensions will
contribute toward building a more intelligent, adap-
tive, and automated UAV inspection system for

complex and dynamic environments.
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