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Abstract

Inspection of high-rise building fagades is critical for structural assessment, emergency
response, and risk mitigation in dense urban environments. While Unmanned Aerial Vehicles
(UAVs) provide a safe and flexible platform for data acquisition, the effectiveness of UAV-
based inspection is fundamentally constrained by coverage path planning. Conventional
optimisation approaches typically operate over static, precomputed viewpoint sets or abstract
search spaces, limiting adaptability in complex, concave, and partially occluded geometries.
This work proposes a geometry-aware moving-viewpoint Particle Swarm Optimisation
(VPSO) framework for UAV facade coverage planning. In the proposed formulation,
viewpoints are treated as movable agents constrained by local surface geometry, and the search
space is reduced from three spatial degrees of freedom to a single angular parameter. By
embedding geometric feasibility directly into the optimisation process, the method integrates
coverage optimisation with continuous surface-aware motion. The approach is evaluated
against a conventional PSO baseline across three building geometries of increasing complexity.
Results demonstrate improved optimisation stability, higher coverage efficiency, and enhanced
robustness in non-convex and occluded environments. The proposed framework provides a
foundation for unified coverage and trajectory optimisation in UAV-based structural inspection.
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1. Introduction

Rapid population growth and urbanisation have led to an increase in the development of
vertical infrastructure. Global trend analyses indicate a growing emphasis on vertical
development in residential and commercial infrastructure (Qu et al., 2021). Although these
buildings improve land-use efficiency, they also present novel challenges during emergencies,
such as fires and earthquakes. Fire incidents in high-rise buildings are of particular concern
because of vertical evacuation constraints and delayed awareness, which significantly affect
the evacuation response (Ronchi and Nilsson, 2013). Importantly, such incidents are
preventable and containable if detected early and accurately.

Facade inspection and rapid response to dynamic situations are crucial in both emergency
response and routine inspection. However, traditional practices rely heavily on human access
and judgment, which is dangerous and prone to errors. Sensors and automation for this specific
purpose are sparse, costly and sometimes infeasible or incorrect in hazardous conditions. These
limitations have motivated increasing interest in Unmanned Aerial Vehicles (UAVs) as a means



of rapidly acquiring visual and thermal information from building exteriors without exposing
human operators to risk (Idris et al., 2023).

Despite advances in hardware, the effectiveness of UAV-based inspection is often limited by
path planning constraints and coverage efficiency. In emergency scenarios, incomplete
coverage can severely compromise decision-making. Consequently, the development of robust,
efficient and adaptive path planning strategies constitutes an urgent problem for structural
monitoring emergency response applications.

UAV path planning for surveying and inspection is usually regarded as a coverage path
planning (CPP) problem, where the objective is to devise the most efficient path for complete
surveillance of an area. CPP has been extensively studied for large-scale and relatively open-
area applications, including agricultural monitoring, wildfire detection, and terrain mapping
(Tan et al., 2021). In such applications, the search domain is predominantly planar, sparsely
occluded and tolerant to small coverage gaps. Consequently, many CPP approaches reduce the
three-dimensional path planning problem to two dimensions by limiting drone manoeuvres to
horizontal planes at fixed altitudes, thereby sacrificing the benefits of vertical navigation for
obstacle avoidance (Gugan and Haque, 2023). Furthermore, these methods lack sufficient
spatial resolution to operate effectively in complex, occluded environments and are not robust
enough to handle highly concave or convex geometries.

In contrast, path planning for buildings and urban environments introduces a fundamentally
different set of challenges. Building facades present vertical surfaces with complex geometries,
irregular occlusion and intricate architectural features. In emergency scenarios, some small
unobserved regions may be critical. As a result, conventional methods for open-area
applications cannot be directly transferred for use in urban environments.

A review of modern literature reveals that early CPP research relied primarily on deterministic
and graph-based formulations, while recent approaches increasingly employ metaheuristic and
learning-based methods such as Genetic Algorithms (GA), Particle Swarm Optimisation
(PSO), Ant Colony Optimisation (ACO), and reinforcement learning (Tan et al., 2021). These
methods are particularly prominent due to their flexibility and speed in handling multi-
objective optimisation. However, they typically operate in abstract search spaces that may not
directly incorporate the structural information of complex physical environments.

In structural inspection specifically, GA has been employed to select the optimal set of
viewpoints from a precomputed viewpoint space and find the shortest path (Zhao et al., 2023).
Further, a greedy pose refinement is performed to ensure optimality. ACO has been used for
cooperative path planning with multiple UAVs to reduce redundancy between multiple agents
and significantly decrease path length (Bui et al., 2024). Similar to GA-based methods, ACO
typically operates on a pre-defined viewpoint space set and focuses on selecting the optimal
set from the viewpoint space and visitation sequence. PSO and its variants have also been
explored for path planning, including hybrid PSO with potential field methods and spherical-
vector-based PSO (Phung and Ha, 2021; Yang et al., 2015). (Nguyen et al., 2022) Use spherical-
vector-based PSO with game theory to coordinate multiple UAVs for construction site
monitoring. While effective for maintaining formation during area coverage, this method lacks
explicit view-planning and surface-aware mechanisms required for detailed inspection of
complex building fagades.



Despite the diversity of optimisation algorithms proposed for CPP planning, existing methods
share several limitations that restrict their applicability for emergency scenarios. Most
approaches tailored for complete coverage operate on a static, precomputed viewpoint space,
which requires non-trivial preprocessing and inherently restricts exploration to sampled
regions. As a result, important viewpoints may be missing due to noise, complex geometry, or
sparse data.

In many conventional PSO-based formulations, viewpoint selection and path planning are
typically solved separately and sequentially. This separation increases the effective search-
space complexity, thus increasing the likelihood of convergence to suboptimal solutions,
potentially excluding better solutions.

Furthermore, while metaheuristic methods are effective at exploring the complex search space,
most modern algorithms lack explicit geometry-aware constraints. Viewpoint update
calculations are performed in an abstract search space without incorporating local geometric
information, which limits their overall effectiveness, especially in narrow, concave areas and
areas with occlusion. In addition, the stochastic nature of these methods necessitates scenario-
specific hyperparameter tuning to achieve stable performance. These characteristics limit the
reliability of existing approaches in time-critical coverage tasks with uncertainty in both the
agent and the environment.

This paper addresses the above gap by proposing a geometry-aware moving-viewpoint Particle
Swarm Optimisation (VPSO) framework for UAV fagade coverage planning. In the proposed
formulation, viewpoints are treated as movable agents constrained by local surface geometry,
and the search space is reduced from three spatial degrees of freedom to a single angular
parameter. The method is evaluated against a conventional PSO baseline across three building
geometries of increasing complexity to assess stability, coverage efficiency, and geometric
robustness.

2. Automation in Building Management and Assessment

The inspection and assessment of buildings are central in structural engineering, particularly in
the context of high-rise buildings and dense urban environments. Fagade conditions influence
not only serviceability and durability but also life safety during emergency events such as fires,
earthquakes, and extreme weather. In post-event scenarios, timely identification of damaged
regions, compromised structural elements, and hazardous fagade components is essential for
decisions related to evacuation, access restriction, and repair prioritisation.

Traditionally, building inspection has been primarily performed through manual visual
assessments conducted using scaffolding, rope-access techniques, suspended platforms, or lift
systems (Bortolini and Forcada, 2018). These methods are labour-intensive, time-consuming,
and expose personnel to significant safety risks, particularly in high-rise and post-disaster
environments. Inspection quality also depends heavily on inspector experience, accessibility
constraints, and subjective judgment. In emergency scenarios, where rapid assessment is
required, these constraints may delay critical decision-making and limit the comprehensiveness
of evaluation. Furthermore, physical access limitations often result in partial inspections,
especially in complex geometries, damaged or unsafe building elements or occluded structural
regions. Thus, automation offers not only improved safety but also the potential for systematic,



repeatable, and comprehensive inspection coverage that is difficult to achieve through manual
methods alone.

UAV-based inspection has been integrated into structural engineering workflows for acquiring
visual, thermal, and geometric data in locations that are unsafe or inaccessible to human
inspectors (Kim et al., 2024). It is being increasingly used for crack detection, damage
classification, condition assessment, and digital documentation of structures (Igbal et al., 2024;
Villarino et al., 2025). To support these applications, path planning is often integrated with
domain-specific representations such as Building Information Models (BIM), which provide a
detailed three-dimensional digital twin for use in path planning algorithms (Huang et al., 2023).
BIM-based frameworks support the incorporation of structural semantics and prioritisation of
important regions, resulting in more robust geometry-based path planning. However, such
approaches rely heavily on model accuracy, require substantial preprocessing and
precomputation of data and assume static environments. Consequently, their applicability in
emergency-response scenarios remains limited. Moreover, reliance on precomputed viewpoints
introduces vulnerability when viewpoints are missing due to noise, occlusions, or sparse data.

From a structural engineering perspective, UAV path planning extends beyond navigation to
issues of data quality and risk mitigation. Coverage gaps may lead to unassessed structural
regions, while redundant viewpoints reduce operational efficiency during time-sensitive
missions. Moreover, building facades often exhibit geometric complexity associated with
structural behaviour, including discontinuities at openings, connection zones, and load-transfer
regions. Particle Swarm Optimisation (PSO) is a population-based metaheuristic algorithm in
which candidate solutions, referred to as particles, iteratively update their positions in a search
space based on their own best-known positions and the performance of neighbouring particles
(Kennedy and Eberhart, 1995). In UAV inspection planning, PSO is commonly applied to select
or sequence viewpoints to maximise coverage while penalising redundancy (Huang and Fei,
2018). However, conventional PSO formulations typically operate over static, precomputed
viewpoint sets or abstract search representations. Such formulations may require substantial
preprocessing and do not explicitly incorporate local surface geometry. As a result, geometric
constraints must be accounted for indirectly during optimisation, potentially reducing stability
and limiting adaptability in complex building environments.

Path-planning strategies that adapt to facade geometry and prioritise informative viewpoints
can significantly improve the reliability and interpretability of collected data. In this context,
geometry-aware optimisation frameworks such as the one proposed in this work provide a
direct link between path planning techniques and practical structural engineering applications.

3. Problem Formulation

3.1 Facade Representation

The building fagade is represented as a three-dimensional point cloud
B={p;eR3|i=1,..,N}, (1)

where each point corresponds to a sampled location on the exterior surface of the structure.

Point cloud representations are widely used in UAV path planning papers for building
inspection due to their compatibility with Building Information Models (BIM), efficiency in
computation, and storage requirements (Huang et al., 2023). Unlike mesh-based or voxel-based
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models, point clouds avoid explicit surface connectivity assumptions, which may be unreliable
in emergency or rapidly deployed scenarios.

In practice, the point cloud may exhibit non-uniform density, measurement noise, and missing
regions due to occlusion. These factors make global surface reconstruction unreliable,
motivating the use of local geometric analysis to guide the optimisation process.

For any point p;, a local neighbourhood NV; € Bis defined using a k-nearest-neighbour
criterion. Local geometric properties such as surface orientation and curvature are inferred from
these neighbourhoods and used to guide viewpoint motion.

3.2 Viewpoint and Visibility Model
A UAV viewpoint is defined as a tuple

v=(xd), (2)
where x € R3 denotes the UAV position and d € R3 is the viewing direction.

The initial set of viewpoints is constructed by offsetting the building points along the outer
surface normals by a fixed distance d, referred to as the optimum viewing distance. This set
of candidate viewpoints is referred to as the viewpoint space.

Given a viewpoint v = (X, d), then a building point p; € B is considered visible if it satisfies
all the following conditions:

1. Distance constraint:
Ip; — X I < dmax (3)
where d .« 1s the maximum sensing distance.
2. Field-of-view constraint:
2(d,p;—-x)<¢ (4)
where ¢ is half of the camera's field-of-view angle.

3. Occlusion constraint: The line segment connecting X and p; does not intersect any
other part of the building geometry.

The coverage function for a viewpoint v is thus defined as
C(v) = {p; € B | p; satisfies all the above visibility constraints }. (5)

For practical feasibility, viewing angles relative to the horizontal plane are restricted to less
than 45° for realistic UAV orientations.

3.3 Optimisation Objective
Let:
B={p, ER®|i=1,..,N} (6)
denote the set of building points.
V=_{v |j=1..,M} (7)
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denote the set of viewpoints.
The total coverage set is defined as
cn =] ew). ®

\4i eV
where C(v;) is defined in Section 3.2.

The number of uniquely covered fagade points is therefore | C(V) |.

To penalise redundancy, let the number of points visible from each viewpoint be

n =)} 1 )

Then, the duplicate coverage count is

M

DV =D — IEMI (10)

j=1
The optimisation objective (fitness function) used in PSO is then defined as
max FV)=1c(V)| — aD(V) (11)
Where a > 0 is a hyperparameter controlling the trade-off between maximising coverage and
reducing redundancy.
4. Geometric Surface Analysis

This section describes how local surface geometry is estimated from the building point cloud
and how it is used to constrain viewpoint motion during optimisation. For a given viewpoint v,
the set of visible fagade points C(V) is first determined as per section 3.2. This set constitutes
the neighbourhood points used for geometry estimation.

N = C(v) (11)
4.1 Covariance-Based Local Geometry

Let

.1
P—m ZNPi (12)

denote the mean of the neighbourhood points.

When the surface is approximately planar, local geometry is estimated using the covariance
matrix of the neighbourhood points:

L= |N| Z(pl p)(P: — D)7, (13)

where p is the mean of the neighbourhood points.

Eigenvalue decomposition of X yields three eigenvectors and corresponding eigenvalues:



T = QAQT. (14)

Under the planar surface assumption, the eigenvector associated with the smallest eigenvalue
corresponds to the local surface normal, while the remaining two eigenvectors define the local
tangent plane. The tangent plane is used to constrain viewpoint motion around the building and
prevent drift away from the building.

4.2 Curvature Handling via Local Sphere Fitting

In regions with high curvature or near edges, covariance-based normal estimation becomes
unreliable due to significant variance along the normal direction. To address these cases, a local
sphere is fitted to the neighbourhood points using a least-squares formulation.

The fitted sphere provides an estimated centre ¢ and radius r. If the fitted radius is large or
numerically unstable, the surface is treated as locally planar, and the covariance-based normal
is retained. Otherwise, the normal direction of the surface is defined as the radial vector:

p—c

5 —cl (15)

n=

The local tangent plane is then constructed using two orthogonal vectors perpendicular to 7.
The scaling factors associated with the local coordinate directions are adjusted according to the
fitted sphere geometry. The updated values corresponding to the tangent plane are

6 = o, =1, (15)

The value corresponding to the normal direction is modified according to the sphere radius and
the optimum viewing distance.

o3 =7 x(1—e77/%) (16)
Where d is the optimum viewing distance.
5. Proposed Moving-Viewpoint PSO Method
5.1 Viewpoint Movement Parametrisation

In conventional PSO-based path planning, particles typically represent discrete selections of
viewpoints over a predefined static viewpoint space. Such formulations require the algorithm
to discover geometric constraints imposed by the building fagade implicitly, often without
explicit knowledge of the surface geometry (Huang and Fei, 2018).

In contrast, the proposed method treats each viewpoint as a movable agent constrained to the
local surface geometry. To achieve this, a single angular variable is used instead of three
independent spatial coordinates. This parameterisation reduces the dimensionality of the search
space from three translational degrees of freedom to a single angular degree of freedom, while
preserving geometric feasibility. Consequently, the optimisation process is focused on coverage
improvement without requiring the algorithm to learn building geometry implicitly.

5.2 Swarm Initialisation



Each particle in the swarm comprises a fixed number of moving viewpoints initialised at
random feasible locations around the building. For controlled comparison with a conventional
PSO baseline, the initial locations were randomly sampled from the same precomputed
viewpoint space described in Section 3.2. For each viewpoint v, an angular parameter
0 € [0,2m) is assigned, which defines the direction of motion on the local tangent plane of the
facade surface.

At initialisation, local surface geometry at each viewpoint is estimated using the methods
described in Section 4. The resulting tangent plane and surface normal define a local coordinate
frame. One tangent vector is selected and stored as a reference direction for that viewpoint. The
angular parameter 6 is then measured relative to this reference direction.

During optimisation, the PSO algorithm operates exclusively on the angular parameter 6.
Feasibility of movement is maintained through constraints derived from the local surface
geometry.

5.3 Geometry-Constrained Viewpoint Motion

Given the angular parameter 6 and a stored reference vector r associated with each viewpoint,
movement is executed by projecting the reference vector onto the local tangent plane. Let n
denote the unit surface normal vector at the current viewpoint location. The projection of the
reference vector onto the tangent plane is given by:

t;=r—(r-nn (17)

tz = nx tl (18)

The vectors t; and t, are normalised and form an orthonormal basis of the local tangent plane.
The direction of motion is then obtained as

d=cosft; +sinft,. (19)

The viewpoint location is updated by displacing it along d by a fixed step size. The step size is
constant throughout the optimisation and can be selected based on problem scale and sensing
resolution.

5.4 Local Hill Climbing

Following the geometry-constrained deterministic movement, a local stochastic refinement
step is performed to reduce overlap and clustering.

At the updated viewpoint location, local surface geometry is re-estimated using the methods
described in Section 4. A multivariate Gaussian distribution centred at the current viewpoint is
constructed using the locally computed covariance matrix, defining a three-dimensional
probability distribution in the vicinity of the viewpoint.

A fixed number of candidate viewpoints (16 in this work) are sampled from this Gaussian
distribution. Since global fitness is not available at this step, refinement is performed using a
local repulsion-based fitness function. Let dj, denote the Euclidean distance between the
candidate viewpoint and the k" neighbouring viewpoint. A repulsion radius R is defined, and
all neighbouring viewpoints within this radius are penalised as:
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rw = > p(1-%), (20)

k:dk<R
The local refinement fitness function is defined as:

Fv) =C(v) = R(v), (21)
where C(v) is the coverage function defined in section 3.2. To regulate the redundancy
repulsion during optimisation, the redundancy coefficient £ is adjusted over iterations:

'3 — 'Boe—iter/r (22)

where iter denotes the current iteration and 7 is a decay constant. Among the sampled
candidates, the viewpoint yielding the highest fitness is selected as the final viewpoint position
for the current iteration.

This local refinement enables exploitation around promising regions identified by PSO while
preventing clustering and maintaining geometric feasibility.

5.5 PSO Update Rule

The angular parameter 6 associated with each viewpoint is optimised using a standard PSO
formulation with a local neighbourhood (Ibest) topology of size 8 (Kennedy and Eberhart,
1995) (Schor et al., 2010). Each viewpoint maintains its personal best angular position, while
neighbourhood best information is exchanged between nearby particles rather than relying on
a single global best.

To ensure meaningful neighbourhood interactions, all particles at initialisation are reindexed
so that spatially proximate viewpoints have the same index across particles. This matching is
performed through the Hungarian algorithm (Kuhn, 1955), where the cost matrix consists of
the pairwise Euclidean distances between viewpoints of each particle and those of a reference
particle.

At each iteration, the PSO update follows the standard velocity—position update rule applied to
the angular parameter:

D = hp© 4 C1T'1(6pbest - H(t)) + C1 (gnbest - g(t))' (23)
6(t+1) — H(t) + U(t+1) (24)

where w is the inertia coefficient, c¢; and c, are cognitive and social coefficients, and ry, 1, ~
U(0,1). The angular parameter 6 is wrapped around [0,2).

5.6 Algorithm Summary
The complete update cycle for each iteration consists of:

1. Local geometry estimation: Surface normal and tangent plane are computed at the
current viewpoint location.

2. Geometry-constrained motion: The viewpoint is displaced along the tangent plane
according to the current angular parameter 8 with a fixed step size.

3. Local hill climbing: A Gaussian neighbourhood is sampled and refined using the fitness
function as described in section 5.4.



4. Geometry re-estimation: Surface geometry is recomputed at the refined viewpoint
location.

5. PSO update: The angular velocity and position are updated using neighbourhood best
information.

By projecting all reference vectors and update directions onto the locally valid tangent plane at
every stage, the optimisation operates exclusively in angular space while maintaining
geometric feasibility. This separation prevents divergence from the facade surface and enables
stable optimisation across convex, concave, and irregular building geometries.

Algorithm 1 Geometry-Aware PSO Implementation
1. Initialisation:
a. Generate a swarm of S particles
b. For each particle
i.  sample M feasible viewpoints.
ii.  Assign angular parameter 6 € [0,27) to each viewpoint.
c. Reindex viewpoints across particles using Hungarian matching.
2. Foriterationt =1to T:
For each viewpoint in each particle:
a. Estimate local surface geometry
b. Perform geometry constrained motion
c. Perform local hill-climbing refinement
d. Re-estimate local surface geometry
Evaluate global fitness
Update personal best and neighbourhood best solutions
Update PSO velocity and 6
3. Return Particle with highest fitness

6. Simulation and Testing

Following the formulation in Section 5, this section evaluates the proposed algorithm through
a series of simulations. In addition to absolute coverage, these experiments are designed to test
optimisation stability, ability to handle non-convex geometry and most importantly, the
redundancy of each viewpoint.

For this purpose, the proposed algorithm is compared with a conventional PSO across a set of
buildings with increasing structural complexity. These studies are intended to expose
characteristic behaviours, failure modes and trade-offs associated with each optimisation
strategy.

6.1 Test Environments

To evaluate these metrics under increasingly non-convex building geometry, three
representative buildings were studied. These case studies reflect the distinct classes of building
geometry rather than serving as exhaustive benchmarks.

1. Synthetic Cylindrical Building: A smooth, convex cylindrical facade was used as a
baseline environment. The building has a height of 100 m and a radius of 25 m, and is
represented as a stochastic point cloud comprising approximately 10,000 points to
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emulate sensing noise. This geometry contains no occlusions or concavities and serves
as a sanity check for optimisation behaviour under ideal conditions.

2. Rectangular High-Rise Building: A real-world building model was used with
predominantly planar structure, sharp edges and mild concavities. This geometry
introduces local curvature discontinuities and partial occlusions commonly observed in
real urban buildings.

3. Twin-Tower Building Configuration: A strongly non-convex structure consisting of
two adjacent towers separated by narrow gaps. It includes occluded regions and deep
concavities between towers, serving as a stress test for viewpoint selection and exposing
failure modes associated with static viewpoint sampling. The dimensions of the
bounding box of the building were 68x58x153 m, and it was sampled with 20,000
points.

All fagades were represented as 3D point clouds, and the same viewing distance, field-of-view
constraints, and visibility criteria were used across all experiments to ensure fairness.

6.2 Compared Methods

The proposed geometry-aware moving-viewpoint PSO is evaluated against the conventional
PSO-based path planning algorithm, which serves as a representative baseline. Particle Swarm
Optimisation has been widely applied to robotics path planning and other optimisation
problems because it is easy to implement, has fewer parameters, and requires less computation
time in high-dimensional optimisation tasks (Gad, 2022).

In the context of coverage path planning, PSO is commonly used to optimise objectives by
selecting the optimal subset and visitation sequence over a predefined set of candidate
viewpoints. In the baseline formulation, a static precomputed viewpoint set is required before
optimisation. Each particle encodes a discrete selection over this viewpoint set, and the fitness
function combines facade coverage with redundancy penalties to discourage overlapping
views. This formulation reflects standard PSO-based inspection approaches reported in the
literature (Rosas-Carrillo et al., 2025; Yang and Mao, 2024).

In contrast, the proposed method treats viewpoints as movable entities, only imposing
constraints based on local facade geometry. No exhaustive precomputation of the viewpoint
space is required; only a sufficiently general knowledge of the region of interest is required.
The viewpoints adapt to the structure as viewpoint motion is explicitly guided by surface
orientation and curvature, as described in Section 5.

6.3 Comparison Criteria

Each method was evaluated under conditions that are optimal and appropriate for its
formulation, with care taken to ensure a fair comparison.

1. Both approaches were initialised with the same number of viewpoints and evaluated
using identical sensing constraints, including field-of-view, visibility criteria, and
maximum viewing distance.

2. Due to the fundamentally different search spaces, fitness functions were formulated
independently for each method to achieve optimal performance, while PSO
hyperparameters were kept identical across methods.
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3. Each experiment was repeated multiple times with different random initialisations to
assess robustness.

4. No geometry-specific parameter tuning was performed for the proposed VPSO across
different building geometries.

5. To ensure a fair and meaningful comparison, both methods were evaluated under a
comparable viewpoint budget. This reflects realistic constraints in emergency-response
scenarios, where excessive redundancy and unbounded growth in the number of
viewpoints are not acceptable. While conventional PSO can achieve higher absolute
coverage by substantially increasing the number of viewpoints if redundancy penalties
are reduced in the fitness function, such solutions incur excessive overlap. They are not
considered meaningful for time-critical inspection tasks.

6.4 Evaluation Metrics

The proposed method is evaluated using a combination of quantitative and qualitative metrics
that are selected to reflect the practical objectives and potential errors in UAV-based building
inspection. In emergency-response scenarios, high coverage alone is insufficient; convergence
characteristics, area and density of blind spots, efficiency, and path length are equally critical
for measuring and evaluating performance. For this purpose, the following metrics are adopted.

Coverage

Coverage is defined as the fraction of fagade surface elements that are visible from at least one
selected viewpoint. This is the primary objective of coverage path planning and is widely used
in coverage path planning and UAV-based inspection literature to quantify inspection
completeness (Choset, 2001; Tan et al., 2021). The procedure for visibility and coverage
calculations is elaborated in Section 3.

Number of unique visible building points

Coverage = Total number of building points

Coverage Efficiency

Coverage efficiency is defined as the ratio of coverage to the number of viewpoints. It is
effectively a measure of redundancy and signifies the effectiveness of each viewpoint in
increasing coverage. This is especially relevant in emergency scenarios as higher efficiency
implies a lower total flight time due to the reduced number of viewpoints. This is not only
critical for drones with limited flight times but also reduces time-to-detection. Reinforcement
learning approaches often define reward structures that explicitly encourage covering new
areas while penalising repeated coverage, a notion similar to coverage efficiency (Huang et al.,
2025).

. Coverage
Coverage Efficiency = Number of viewpoints

Coverage Stability

Optimisation stability is evaluated by analysing the change in coverage over iterations. The
PSO algorithm is known to exhibit instability in convergence behaviour based on the algorithm
parameters and solution space characteristics (Tarekegn et al., 2023). In particular, it is
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qualitatively determined through the overall drop in coverage over iterations and is used to
identify catastrophic degradation caused by unstable viewpoint distribution and repulsion
effects due to redundancy penalties. Quantitatively, this metric is measured by the maximum
drop in coverage between any two iterations. This metric reflects whether the number of
iterations reliably improves coverage and, on a deeper level, whether the algorithm is truly
optimising or improving coverage only due to stochastic variation.

Qualitative Geometric Robustness

Quantitative metrics alone are often insufficient to capture failure modes arising from complex
facade geometry. Therefore, qualitative assessment is used to evaluate geometric robustness,
focusing on behaviours such as:

e clustering or collapse of viewpoints,
e Area and distribution of blind spots or unobserved regions,
o failure to traverse concave or occluded areas

These behaviours are especially critical in emergency-response scenarios, where small
unobserved regions may correspond to structurally significant damage. Qualitative analysis is
therefore used to complement numerical metrics and provide insight into the practical
reliability of each method.

6.5 Results
Case Study 1: Synthetic Cylindrical Building

Results on the cylindrical geometry are summarised in Table 1. Figure 1 presents the simulation
outcome and viewpoint distribution of a representative run. The initial coverage for randomly
initialised viewpoints was 72-73%.

Table 1: Results of Case Study 1

Method Viewpoints | Coverage | Coverage Efficiency Max Coverage
(%) (% per viewpoint) Drop

Novel VPSO 300 80 - 81 0.30 <2%

PSO 260 - 320 72-77 0.21-0.25 >25%
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Figure 1: Result of Study 1: Conventional PSO (left), VPSO (right)

On this convex geometry, both methods produced relatively uniform viewpoint distributions
with minimal clustering. Conventional PSO exhibited non-monotonic behaviour, with frequent
drops due to redundancy penalties. VPSO demonstrated stable coverage improvement with less
than 2% overall drop. Blind spots in PSO were randomly distributed, whereas in VPSO the
remaining uncovered regions were concentrated near boundary areas, such as the roof and

ground transitions

Case Study 2: Rectangular High-Rise Building

Results on the rectangular building geometry are summarised in Table 2. Figure 2 presents the
simulation outcome and viewpoint distribution of a representative run. The initial coverage for
randomly initialised viewpoints was 79-81% for 300 viewpoints and 80-82% for 350

viewpoints.

Table 2: Results of Case Study 2

Method Viewpoints | Coverage | Coverage Efficiency Max Coverage
(%) (% per viewpoint) Drop

Novel VPSO 300 90-91 0.30 <3%

Novel VPSO 350 92-93 0.26 <3%

PSO 330 - 380 82 - 88 0.23-0.25 >25%
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Figure 2: Result of Study 2: Conventional PSO (left), VPSO (right)

On the rectangular building with edges and mild concavities, differences between strategies
became more apparent. Conventional PSO required careful calibration to avoid degradation
and unstable convergence, and frequently exhibited coverage drops due to redundancy
penalties. In contrast, VPSO maintained stable coverage evolution with minimal degradation.

Blind spots in conventional PSO were frequently located near edges and discontinuities. VPSO,
by constraining viewpoint motion along the facade surface, redistributed viewpoints more
coherently and exhibited fewer clustered blind spots. VPSO was able to traverse mildly non-

convex regions through continuous motion along the facade surface, even in areas where initial
sampling was sparse.
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Case Study 3: Twin-Tower Geometry

Results on the twin tower building geometry are summarised in Table 3. Figure 3 presents the
simulation outcome and viewpoint distribution of a representative run. The initial coverage for
randomly initialised viewpoints was 79-80% for 800 viewpoints.

Table 3:Results of Case Study 3

Method Viewpoints | Coverage | Coverage Efficiency Max Coverage
(%) (% per viewpoint) Drop

Novel VPSO 800 86-87 0.11 <5%

PSO 760-860 77-83 0.09-0.10 >15%

Figure 3: Result of Study 3: Conventional PSO (left), VPSO (right)

The twin-tower configuration exposed the limitations of static-viewpoint optimisation
methods. In this geometry, conventional PSO struggled to improve coverage beyond the
randomly initialised configuration significantly. VPSO was able to progressively migrate
viewpoints into concave and partially occluded regions through continuous geometry-
constrained motion. Although some blind spots persisted, coverage improvements were
consistently observed across runs. The advantage of moving-viewpoint optimisation was most
evident in this geometry, where static sampling imposed structural limitations on exploration.

6.6 Summary of Experimental Findings
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Across increasing geometric complexity, several consistent trends were observed. First, VPSO
demonstrated stable coverage evolution with minimal degradation across iterations, whereas
conventional PSO exhibited frequent non-monotonic behaviour and sensitivity to redundancy
penalties. Second, VPSO achieved comparable or higher coverage, using fewer or similarly
bounded viewpoints, resulting in improved coverage efficiency across most runs. Third, the
advantage of geometry-aware viewpoint motion became more pronounced in non-convex and
occluded environments, where static-viewpoint PSO struggled to meaningfully improve initial
coverage.

These observations suggest that the proposed formulation modifies not only optimisation
performance but also the structural characteristics of the search space, particularly in complex
facade geometries.

7. Results and Discussion

This section discusses the algorithm behaviour observed in Section 6 and interprets the results.
Rather than focusing solely on absolute coverage values, the discussion emphasises robustness,
efficiency, and failure modes of the algorithm which are central to building inspection and
emergency-response applications.

7.1 Coverage Behaviour and Optimisation Stability

Across all tested geometries, the most immediate distinction between the conventional PSO
formulation and the proposed VPSO was the stability of coverage during optimisation.

In the conventional PSO, coverage evolution was frequently non-monotonic and highly
dependent on careful tuning of hyperparameters. Although high coverage values were often
reached early in optimisation, these were coupled with a significant increase in viewpoints.
Often, this was followed by substantial drops caused by redundancy penalties or unstable
viewpoint redistribution. Increasing the number of iterations does not improve final coverage;
instead, the algorithm tends to oscillate around suboptimal configurations or drastically reduce
the number of viewpoints. These observations indicate that, for the conventional PSO, iteration
count alone is not a reliable indicator of convergence quality.

In contrast, VPSO exhibited stable and repeatable coverage behaviour. Coverage increased
progressively and remained bounded during optimisation. Minor fluctuations were caused by
redundancy regulation rather than instability. By constraining the motion of viewpoints along
the facade surface, VPSO prevents large discontinuous changes in visibility and implicitly
regularises the optimisation process.

7.2 Coverage Efficiency and Redundancy Reduction

A significant advantage of VPSO observed across experiments is its ability to achieve
comparable or higher coverage with substantially fewer viewpoints. While conventional PSO
often relied on increased viewpoint count to compensate for redundancy and blind spots, VPSO
was able to position viewpoints more effectively through continuous motion along the fagade
surface.

This improvement in coverage efficiency is not achieved through explicit redundancy penalties
alone, but rather emerges from the structure of the algorithm. By restricting viewpoint
movement updates to geometry-consistent directions and reducing search space dimensionality
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to a single parameter, VPSO promotes coherent distribution of viewpoints rather than relying
on stochastic relocation. As a result, additional viewpoints contribute meaningfully to coverage
instead of overlapping with existing fields of view.

From a practical UAV deployment perspective, improved coverage efficiency directly
translates to reduced sensing time and flight trajectories, which is critical in time-sensitive
scenarios such as fire detection.

7.3 Access to Non-Precomputed Viewpoints

A central motivation for developing VPSO was addressing a key limitation of static-viewpoint
methods, including conventional PSO, which constrain optimisation to a predefined set of
viewpoints. This limitation was particularly evident in concave and occluded regions, such as
along the edges and in highly curved geometries, where effective viewpoints may be absent
from initial sampling.

Experimental results on non-convex geometries, particularly in the twin-tower configuration
with narrow concavities, demonstrated that VPSO progressively moved viewpoints into
regions that were not explicitly represented in the initial viewpoint set. By treating viewpoints
as movable agents constrained to local surface geometry, the algorithm continuously adapts
their positions based on surface orientation and curvature rather than relying solely on discrete
sampling.

This difference highlights a change in problem formulation rather than parameter tuning. By
allowing viewpoints to move, the optimisation is no longer reliant on exhaustive
precomputation of viewpoints and enables adaptive coverage for complex geometries.

7.4 Robustness to Complex Geometry and Local Optima

Another notable outcome was the consistency of VPSO results across repeated runs, even on
complex geometries. While the exact final viewpoint locations varied, the achieved coverage
remained similar across runs. In contrast, the conventional PSO baseline exhibited higher run-
to-run variance, with final coverage strongly dependent on initial particle distribution and
stochastic updates.

This empirical consistency suggests increased robustness to local optima and poor initial
configurations. By constraining movement to a continuous surface manifold and reducing the
dimensionality of the search space, VPSO appears to reduce the likelihood of becoming trapped
in poor configurations that are common in high-dimensional, discontinuous fitness landscapes.

7.5 Computational Considerations

VPSO incurs a higher computational cost per iteration due to local geometry estimation and
constrained motion updates. However, this increased cost is offset by the effectiveness of each
iteration, which produces stable, geometry-consistent refinement rather than stochastic
repositioning.

In contrast, while conventional PSO iterations are computationally cheaper, increased iteration
counts do not consistently improve solution quality. From an optimisation perspective, VPSO
trades raw iteration speed for more structured and reliable progress towards coverage
objectives.
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For UAV inspection scenarios, where total mission time and solution reliability are more
critical than per-iteration speed, this trade-off can be advantageous. The improved stability and
coverage efficiency reduce the need for re-optimisation and manual intervention.

7.6 Implications for Unified Coverage and Path Planning

A significant conceptual advantage of VPSO is its potential to unify coverage optimisation and
path planning within a single optimisation framework. Because viewpoints are movable and
maintain geometric continuity, additional objectives such as total flight distance, travel time or
energy consumption can be incorporated directly into the optimisation process without
requiring a post-processing stage.

In many conventional PSO-based inspection approaches, coverage optimisation and path
planning are treated as sequential phases: viewpoints are first selected from a static set, after
which a routing problem (e.g., TSP) is solved independently. This separation may introduce
additional local optima and limit the ability to balance coverage quality against trajectory
efficiency during optimisation.

While this work focuses primarily on coverage behaviour, the experimental results suggest that
geometry-aware moving viewpoints provide a natural foundation for single-phase multi-
objective optimisation. This is particularly attractive for autonomous UAV inspection and
emergency-response missions, where complete coverage and path efficiency are both critical.

7.7 Limitations and Scope of Interpretation

The present experimental evaluation prioritises conceptual validation over exhaustive
benchmarking across large-scale real-world datasets. While the tested buildings capture
varying levels of geometric complexity, broader evaluation across models remains an area of
future work.

In addition, other objectives such as path length and energy consumption were not fully
incorporated into the current formulation. These factors are important and require further
investigation.

Nevertheless, the observed trends are consistent across multiple geometries and runs,
supporting the central claims regarding stability, efficiency, and geometric robustness.

8. Conclusions and Future Work

This work presented a geometry-aware moving-viewpoint Particle Swarm Optimisation
(VPSO) framework for UAV-based fagade inspection in complex urban environments. The
proposed formulation integrates geometric constraints directly into the optimisation process,
enabling stable and efficient inspection in complex building environments.

The main contributions of this work are summarised as follows:

e Moving-viewpoint formulation: Viewpoints are treated as movable agents rather than
static selections from a precomputed set.

o (Geometry-aware motion: Viewpoint updates are constrained by locally estimated
surface geometry.

o Dimensionality reduction: The search space is reduced from three spatial parameters to
a single angular parameter.
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o Improved optimisation behaviour: Experimental results demonstrate enhanced stability
and coverage efficiency across geometries.

Future work will focus on incorporating trajectory-related objectives such as flight time and
path length into the unified optimisation framework, exploring learning-based strategies for
enhanced local refinement, and validating the approach through deployment on real-world
structural inspection scenarios.
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