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A Continuous Moving Viewpoint Formulation With Joint Optimisation for Efficient Coverage Path Planning in High-Rise Buildings
[bookmark: OLE_LINK15]Abstract
High-rise building inspection through drones requires designing the shortest path around the building while ensuring complete coverage, known as coverage path planning. Conventional approaches select viewpoints from precomputed sets and route them afterwards, fixing viewpoints before the path is known. We propose a geometry-aware moving-viewpoint formulation where each viewpoint samples positions on its local tangent plane and keeps the best under a joint coverage and path objective. At matched coverage on six buildings, we report shorter tours than a multi-offset greedy baseline in 23 of 24 comparisons, by 5–9% at a 90% coverage target. The gap narrows as coverage rises on five buildings but widens to 10% on the most complex. A path-aware greedy baseline finds shorter tours on most buildings using more viewpoints, but loses most runs once a per-stop cost is counted. Adding particle swarm optimisation degrades the solution, which we attribute to missing per-viewpoint credit assignment.
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1. Introduction
High-rise buildings are the modern solution to dense urbanisation. The increasing demand for residential and commercial space has pushed the development of vertical infrastructure (Qu et al., 2021), concentrating both population and risk within single structures. Across all structure types, fires alone claim an estimated 26,000 lives annually, while earthquake-induced structural failures account for approximately 75% of casualties in major seismic events (Center of Fire Statistics (CFS) of CTIF, n.d.; Coburn et al., 1994). The 2017 Grenfell Tower fire alone caused 72 deaths, which demonstrates how a single high-rise fire can lead to mass casualties (Moore-Bick et al., 2024). The vertical scale of these structures also creates new challenges for emergency response that traditional floor-by-floor rescue strategies struggle to address. In a high-rise building, the failure or blockade of a single floor creates a bottleneck for both evacuation and rescue, with consequences cascading upward through every floor above (Ronchi and Nilsson, 2013; Yan et al., 2023). Smoke propagation and structural damage can render stairwells impassable within minutes, and congestion and panic can extend the evacuation time well beyond the safe limits (Galea, 2014; Siikonen and Hakonen, 2003). As evacuation times routinely exceed safe response windows in buildings above fifteen storeys, manual inspection proves to be an inadequate strategy for emergency response (Sudte and Patvichaichod, 2020; Zhou et al., 2023). 
Unmanned Aerial Vehicles (UAVs) have emerged as a natural solution for inspection tasks in such hazardous and inaccessible environments, offering high mobility and systematic coverage without exposing human responders to risk (Idris et al., 2023; Kim et al., 2024). They have been applied for fire detection, firefighting and search and rescue in urban environments (Al-Khalidy et al., 2024; Ho and Tsai, 2022; Jahan et al., 2024). They are also useful in routine inspection and maintenance tasks in high-rise buildings where substantial effort is required to perform an assessment manually (Huang et al., 2023; Y. Tan et al., 2021). However, the fundamental challenge for both is not solely efficiency but improving efficiency on the premise of ensuring complete coverage. In emergency scenarios, where incomplete coverage could lead to blocked evacuation paths, missed sources of fire and trapped occupants, this is impermissible. In structural fires, the cost of delay is not linear as fire growth accelerates over time, and each additional minute disproportionately increases the risk of flashover and cascading consequences (Kerber, 2012).  Even for routine maintenance tasks, incomplete coverage can lead to poor risk assessment and miss areas requiring repairs. Given the limited flight times of modern drones, an efficient path becomes necessary for quality inspection. As noted in prior work on structural inspection, coverage in this context is not a parameter to be optimised but a constraint that must be satisfied before any other objective is considered (Zhao et al., 2024). Therefore, the quality of a path planning algorithm is judged by its ability to design efficient paths while ensuring high coverage over various buildings reliably. 
[bookmark: OLE_LINK14]Coverage Path Planning (CPP) Problem for structural inspection involves placing an optimal number of viewpoints that can fully view the required area and planning the most efficient path through them. Despite the wide variety of algorithms employed to solve this problem, they share an underlying characteristic that involves decomposing the problem into two or more easier stages. The dominant viewpoint-based approach involves three stages: first, a viewpoint space is precomputed by sampling candidate positions around the target structure; then an optimisation algorithm selects the best-performing subset; finally, a routing algorithm determines the most efficient path through those viewpoints (Huang et al., 2025; Morgenthal et al., 2019; Rosas-Carrillo et al., 2025; C. Tan et al., 2021; Wu et al., 2025; Zheng et al., 2025a, 2024). The candidate solution is scored based on coverage, path length and other parameters, and this score guides the algorithm. Although this decomposition reduces complexity, solving coupled problems sequentially confines the search and limits the algorithm’s ability to discover the optimal solution. As the path planning is performed after selecting a fixed viewpoint set, the algorithm cannot detect that a modification with marginal reduction in coverage might yield a substantially shorter path. Thus, the joint optimum becomes inaccessible by design. Discrete spatial representations such as voxel grids follow the same structural logic, transforming the planning domain into a graph traversal problem without explicit coverage optimisation (Bui et al., 2024; Gong et al., 2022; Jing and Shimada, 2018; Priyadarsini et al., 2026; Zheng et al., 2025b). Both precomputed viewpoints and discrete representations suffer from approximation errors; in areas of high curvature or occlusion, no viewpoint might be present, making coverage from some angles artificially impossible. Emerging approaches have started combining both coverage and path planning, yet they continue to constrain the planner. Papaioannou et al. (2025) use a finite-horizon planner, which only optimises a few next steps without global optimisation. Zhao et al. (2024) artificially constrain motion to the corners of the grid, preserving one of the core limitations of discretisation. Other studies indirectly constrain the magnitude of motion by attaching each viewpoint to a mesh element and performing small perturbations to optimise the path under guaranteed coverage (Liu et al., 2024; Shang et al., 2020). This study investigates whether a unified framework that combines coverage and path planning can converge and stably produce shorter paths.
Existing literature has applied path planning algorithms guided by generic metaheuristics directly to structural inspection planning, carrying the implicit assumptions that the environment is largely unstructured and that object information is only used to define coverage targets and obstacles. However, high-rise building surfaces are generally planar with low curvature except at corners. Their regular, repeating geometry allows the construction of a well-defined normal and tangent plane for most of the area, which can be used to guide viewpoint placement. For a viewpoint, many directions of motion in the 3D space are redundant, such as moving away from the building, which offers limited useful information. Embedding this structure directly in the formulation stage can improve solution quality while simultaneously simplifying the problem. Constraining motion according to façade geometry eliminates irrelevant degrees of freedom, resulting in fewer wasted steps. Better solutions become more accessible, and if feasible, parameterisation can be applied to reduce the dimensionality of the search space to a single angular parameter (Section 7). Instead of devising better optimisation algorithms, the question becomes how to devise a representation such that the geometric information and the algorithm fit each other and result in a better joint optimisation scheme. 
This paper attempts to combine coverage and path planning, while using the building geometry to guide and constrain the optimisation process and reduce redundant possibilities. The core idea is to formulate the problem as a continuous optimisation problem in which viewpoints move and explore better positions from a global perspective, rather than being selected from a discrete, precomputed candidate set. The viewpoints are treated as movable agents that move towards more rewarding positions. This is enabled by using geometry to constrain their motion, to prevent them from scattering into irrelevant regions of space and to guide them to uncovered areas. At the same time, path and coverage planning are integrated into the same objective function. Thus, the solution evolves by simultaneously increasing coverage and minimising path length. The same geometric constraints that guide viewpoint motion are used in conjunction with Particle Swarm Optimisation (PSO) to additionally study the feasibility of combining this method with metaheuristics (Section 7). 
The contributions of this work are as follows.
1. We present a novel geometry-guided moving viewpoint formulation where viewpoints are moved in accordance with the surface geometry instead of being selected from a candidate set, hereafter referred to as the method. 
1. We integrate coverage and path into a single objective and optimise viewpoint positions, providing an alternative to segmented or sequential coverage and path optimisation.
1. We benchmark the performance of this method against three baselines consisting of the greedy algorithm with two other variants. Additionally, we show that joint optimisation can outperform sequential optimisation through the method as well as a path-aware variant of greedy, both of which beat the standard greedy algorithm. 
1. We evaluate on six façade geometries with extensive ablations, and show the method's advantage peaks on complex façades.
1. We attach a population-based metaheuristic to demonstrate the framework's extensibility, and from its behaviour advance a conjecture about the classes of metaheuristics that can succeed on this problem. 
The remainder of this paper is organised as follows. Section 2 reviews related work in coverage path planning and structural inspection. Sections 3 and 4 present the proposed continuous, geometry-aware formulation. Section 5 evaluates the performance of the proposed method against baseline approaches and provides ablations for each component. Section 6 contains a discussion of the results. Section 7 attempts to attach a metaheuristic (PSO) framework to the method with a negative result and discusses which metaheuristics may perform better. Section 8 concludes the paper.
2. Related Work
2.1 Structural Inspection Planning
Structural inspection planning has been extensively studied for data acquisition for structural health monitoring in routine maintenance and emergency scenarios. Various end-to-end pipelines have been developed for path generation, data acquisition and analysis for the assessment of structures like high-rise buildings and bridges (Mathur et al., 2024; Morgenthal et al., 2019). However, problems persist in each aspect, such as path generation for complete coverage, efficient data acquisition, and reliable analysis, due to algorithmic limitations and the complexity of the environment. Complete coverage is of particular concern because it affects all the downstream analyses and the response plan. As established in previous literature, complete coverage is especially important in structural inspection path planning because of the high costs of undiscovered damaged areas (Zhao et al., 2024). Therefore, specialised algorithms and planning techniques are required that incorporate the constraints and advantages intrinsic to this domain. Modern coverage path planning paradigms can be divided based on whether a model of the environment is available or requires exploration and mapping (Debnath et al., 2024; C. Tan et al., 2021; Yang et al., 2015). 
Model-free methods are used in dynamic, changing environments or when a digital twin is unavailable, for applications such as 3D reconstruction and mapping. A widely used algorithm is the Next Best View (NBV) algorithm, which selects the next step based on which direction will give the maximum information gain. Bircher et al. (2016b) presented an NBV strategy combined with Rapidly-exploring Random Trees (RRT) and validated it for 3D reconstruction of an indoor environment and a bridge. Peng et al. (2024) improved the NBV planner and incorporated the probability of collision as well as overlap between two viewpoints to make the reconstruction more robust. Viswanathan et al. (2023) included exploration of the region of interest in the objective function for the NBV planner to encourage precise reconstruction instead of only volumetric exploration. They added surface adaptive planning, where the UAV takes small steps near surfaces for more precise reconstruction and long, exploratory steps in open space for quick coverage. Kay et al. (2021) incorporate semantic weighting in the NBV planner, where background objects like trees are down-weighted compared to the target building. As some elements in a structure could be more critical, this weighting could be naturally extended to include risk-based planning (Yang and Frangopol, 2021). This category of methods is focused on rapid but precise reconstruction, and path efficiency is not the main goal. It produces suboptimal results in applications where a model is available and complete coverage is the goal. In pre-collapse emergency and routine maintenance scenarios, where a model is available and valid for the structure, the focus shifts to improving path efficiency without compromising coverage. 
Model-based methods leverage information present in the model to guide the optimisation process for selecting and generating suitable paths based on the structure geometry. A common approach involves generating candidate viewpoints around the structure, selecting the optimal set for high coverage and then using a path planner to select the sequence of viewpoints to visit. This decomposition makes the optimisation feasible by pruning the possibility space at the cost of potentially removing some optimal solutions. The set selection itself is a widely studied problem, with the greedy algorithm guaranteeing a  approximation for the monotone submodular coverage function under cardinality constraints (Nemhauser et al., 1978). The problem then reduces to a variant of the Travelling Salesman Problem (TSP), where 2-opt heuristic path planning is standard (Croes, 1958). Submodular optimisation with routing constraints extends this, with approximation guarantees for a greedy algorithm that optimises the ratio of benefit gained to routing costs (Zhang and Vorobeychik, 2016). Various studies have used Building Information Modelling (BIM) models for facilitating viewpoint generation, selection and path planning in the urban domain (Huang et al., 2023; Y. Tan et al., 2021). BIM models can be used to extract the building's geometry, size, and semantic information, and use it to guide motion into high-risk areas. Coverage path planning is an NP-hard problem, and exact optimisation methods are not feasible for large structures. To solve this, a wide variety of heuristic, metaheuristic and learning-based algorithms have been applied by framing it as a sequential set selection and routing optimisation problem. Bircher et al. (2016a) used an iterative algorithm that alternates between optimising viewpoint positions and solving the routing problem using the LKH (Lin–Kernighan–Helsgaun) algorithm. Biundini et al. (2021) developed a waypoint-based framework using the genetic algorithm and bat algorithm that re-optimises mid-flight for inspection of sloping and dam structures. Their framework enables diverging from the flight path based on points of interest discovered mid-flight and subsequent replanning. Jin et al. (2025) assume discrepancies in the provided model and divide the area into segments with provision for dynamic local replanning. Shang et al. (2020) instead focused on producing a co-optimal path by iteratively refining a candidate solution. They use quasi-random sampling and the LKH-TSP solver to quickly discover an initial solution with a viewpoint assigned to each mesh element, and then use a PSO with a greedy heuristic to refine the viewpoint positions and camera pose within that element’s region to guarantee coverage and prevent scattering. They further reduce collision probability and smooth the path using RRT and Global B-Spline Interpolation. Zheng et al. (2025b) use the Gaussian-Zenith Ant Colony Optimisation algorithm (GZ-ACO) with K-medoid clustering, demonstrating high viewpoint reduction focused on reducing redundancy. Bui et al. (2024) extend the Ant Colony Optimisation algorithm and employ it for multi-UAV coverage planning. Nguyen et al. (2022) employed PSO with a game-theoretic stag-hunt-based approach to coordinate multiple UAVs for construction site monitoring and data collection. While effective at maintaining formation during area coverage, this method lacks the explicit view planning and surface-aware mechanisms required for detailed inspection of complex building façades. Liu et al. (2021) introduce the DragonFly framework, which provides an information-accuracy-based approach to guide the path planning. They explicitly model changing circumstances by adding a decay term to observations obtained earlier, and model accuracy based on viewing distance from the source. They use a local heuristic for dynamic viewpoint planning to handle the massive increase in complexity due to introducing uncertainty. This approach trades intensive path planning for flexibility and provides a framework that can accommodate uncertainty present in real-world emergencies with a variety of applications.	Comment by Manit Agarwal: Added later to reference greedy baseline
UAV Path Planning poses different challenges based on the application, and they can be broadly classified into digital reconstruction, structural health monitoring, disaster localisation, search and rescue, and surveillance and monitoring. Each application has different mission requirements and constraints. Digital reconstruction requires maximising information gain, disaster localisation requires minimising path length, and monitoring requires persistent coverage. A wide variety of algorithms have been designed for different applications and requirements. However, most approaches ultimately rely on reducing the complexity of the problem through dividing it into stages, using discretised viewpoints or voxel representations, or reducing continuous traversal parameters into finite bins. These strategies have enabled practical solutions for large-scale inspection tasks, but they also influence the solution space and the reachability of certain solutions.
2.2 Formulations and Representations
Despite the diversity of algorithms employed in coverage path planning, conceptually, many approaches frame the problem as a two-stage optimisation problem, dividing it into coverage planning and path planning. Classical approaches treat these as two separate problems solved sequentially, which produces a reasonably good solution. Although this makes the computations tractable, separating two linked optimisation problems inevitably confines the search and can miss the Pareto front. Joint optimisation bypasses this by removing the separation at the formulation stage itself, or by using feedback loops to link both problems, reducing this restriction. Due to the linking of two hard problems, the computational complexity becomes prohibitive for classical algorithms. It is important to design the problem in such a way that it reduces complexity by pruning bad solutions, reducing parameters or constraining the solution space without affecting solution quality. This design is henceforth referred to as the problem formulation. At the same time, the representation - the choice of how the viewpoints and environment are encoded, be it meshes, voxels or point clouds - becomes a critical factor affecting the choice of optimisation. The representation choice affects both the computation requirements and the unique type of approximation and sampling error that might be introduced, which affects the convergence behaviour and the optimisation landscape. Voxel or octree representation may make obstacle avoidance easier, but the path generated may be irregular due to sharp edges. For large structures, the preprocessing and memory requirements may also be prohibitive. Designing the algorithm with the problem formulation and environment representation in mind is crucial for robust optimisation in different scenarios. Consequently, existing methods can be distinguished not only by the optimisation algorithm, but also by the environment representation and problem formulation.
Classically, the coverage path planning problem has been formulated as an extension of the Travelling Salesman Problem (TSP), having coverage and path planning operate in separate steps to leverage the power of existing TSP solvers. Xie et al. (2020) introduce a TSP-CPP formulation which solves the coupled CPP and routing problem using mixed-integer programming. They simplify the problem by defining the environment as distinct convex polygonal areas and solving TSP between these areas. The intra-region coverage is performed through back-and-forth motion with variable entries and exits that are also optimised. Biundini et al. (2021) employ a different viewpoint sampling approach where they design a surface-conforming 3D grid, estimated using local surface normals and a global horizontal and vertical direction. The intersections in this grid serve as candidate viewpoints and are appropriately spaced to ensure sufficient overlap for reconstruction. Although conceptually robust, this decouples viewpoint density from surface complexity and adds another hyperparameter to tune for every geometry. Such surface normal-based methods can also falter in regions of high curvature or noise, like corners or overhangs. Tong et al. (2025) mitigate this problem by forming the viewpoint space using a convex hull method. For each horizontal slice of the structure, they fit a convex hull and project it outward to create collision-free viewpoints. Leftover regions are covered using local surface normal projections. This method significantly reduces errors due to noise and horizontal curvature; however, because the hull is constructed slice by slice in the vertical direction, it struggles to encode vertical curvature. Zheng et al. (2024) use a triangular mesh representation instead of a point cloud. They use modified spectral decomposition to cluster mesh elements in such a way that only one viewpoint is required to cover each cluster. This eliminates the discontinuities in a discrete point cloud, instead tailoring the visible area to the viewpoint and reducing the number of viewpoints. They included angles as well as distances between faces for the clustering, making it highly robust to non-convex geometries, allowing a single viewpoint to efficiently cover a large area. However, this step requires a pre-existing, highly accurate 3D triangular mesh model and is computationally expensive. Chen and Han (2025) use an octree-based adaptive representation where large empty or obstacle-free regions are merged into larger leaf nodes while maintaining resolution for complex blocks. This is an attempt to take into account the geometry of the structure before planning, and an octree representation is suited to divide regions based on complexity. Liu et al. (2024) propose a quality and efficiency coupled CPP framework and validate it on an aeroplane structure. They frame the resampling step as a quadratic optimisation problem, with an objective function that combines both inspection quality and path cost while coverage is treated as a strict constraint. The main loop runs by re-optimising the set of selected viewpoints based on the objective function, planning the path using the LKH-TSP solver and iterating. With coverage strictly guaranteed, this allows it to optimise the trajectory for inspection quality as well as path efficiency. Alexis et al. (2015) also use an LKH solver, but they use an innovative coarse-to-fine upsampling approach to ensure complete coverage. The structure is first downsampled into a simple, coarse 3D mesh, and a path is calculated through viewpoints covering that mesh. Then they incrementally add finer details to the coarse mesh and ‘upsample’ it. If a viewpoint does not optimally cover the new features, new viewpoints are added, and the path is recomputed. By solving a simpler problem first and refining its solution, the formulation provides two advantages crucial for combined CPP. First, a high-quality initial solution excludes the redundant and low-value candidates that otherwise dominate the search space of combinatorial optimisation. Second, refining or exploring around an existing solution is substantially cheaper than constructing an optimal one from scratch, and it is analogous to steering the search toward promising regions rather than exploring exhaustively. These properties of search-space pruning and directed search directly address two of the central obstacles in combinatorial coverage planning, and illustrate the levers a new formulation can exploit. Bircher et al. (2015, 2016a), on the other hand, argued that reducing the number of viewpoints does not necessarily translate to a shorter path; rather, a strategic spatial distribution is more helpful for an efficient trajectory. Their formulation focuses on adjusting viewpoint positions to optimise the path while constraining it to ensure full coverage.
In fact, there are relatively few papers that propose a novel formulation like moving viewpoints or the upsampling approach of Alexis et al. (2015). However, some papers have succeeded in combining both coverage and path planning with better results compared to conventional approaches. This demonstrates the feasibility of combined planning and suggests its potential superiority in certain applications. Building on the work by Bircher et al. (2015), Shang et al. (2020) were among the first to develop a joint optimisation algorithm. They used a 3D mesh representation, assigned a viewpoint to each mesh element, and jointly optimised data quality and path length by refining viewpoint positions within constraints. Although assigning a viewpoint to each mesh element guaranteed coverage, it created a trade-off between quality and efficiency based on element size. Bigger elements reduce quality, whereas the number of viewpoints increases if the element is too small, which changes the optimisation landscape as well as efficiency. Zhao et al. (2024) developed a novel genetic algorithm formulation with viewpoints that can be moved to vertices of a pre-defined grid, allowing path optimisation while enforcing strict coverage constraints. Their results show that the spacing of the grid as well as camera specification significantly affect performance, with finer grids giving shorter paths but increasing search space and requiring reduction in optimisable variables to make it tractable. This implies that the discretisation of space into grids and its resolution directly influence the reachable solution space and optimisation behaviour. Although a vast number of algorithms have been applied to the coverage path planning problem, few approaches change the problem at its core. Additional constraints like fuel capacity, turning angle, etc. are added for different applications, but the problem is still mostly formulated as set selection and path planning. While the emerging new algorithms build upon previous knowledge and increase the solution quality, it is also necessary to review the problem at the conception stage itself to investigate the scope of a novel formulation which may better leverage the power of these algorithms. In this context, geometry-aware optimisation frameworks such as the one proposed in this work attempt to explore new paradigms for coverage path planning that may open the avenue for more efficient solutions.
3. Problem Formulation 
The proposed method reformulates CPP as a continuous, geometry-aware optimisation in which viewpoints move around the building surface rather than being selected from a fixed candidate set. Figure 1 gives an overview of the complete pipeline. 
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Figure 1: Overview of the method
The building is first represented as a point cloud (Section 3.1), from which local visibility and a coverage objective are defined (Sections 3.2 and 3.3). At each iteration, local surface geometry is estimated (Section 4.1) to bias viewpoint motion, after which each viewpoint is displaced along the façade (Section 4.2). Periodically, low-contribution viewpoints are reallocated to the largest uncovered clusters (Section 4.3). This loop repeats until the iteration limit, at which point the final viewpoint set and path are returned. The remainder of this section formalises the representation and objective that anchor this process. Section 4 details the geometric analysis and the optimisation itself.
3.1 Façade Representation
The choice of building façade representation is the first important decision in devising a joint optimisation algorithm. Appropriate representations can reduce the difficulty of creating algorithms and improve performance. For this reason, the building façade is represented as a three-dimensional point cloud

where each point corresponds to a sampled location on the exterior surface of the structure. To maintain sampling density, the points scale with the surface area of the building.
A point cloud is a suitable representation for two reasons. First, point clouds are already widely used as outputs of LiDAR and photogrammetric pipelines used to survey buildings, and they integrate directly with BIM models (Huang et al., 2023; Wang and Kim, 2019). Second, and more importantly for this work, a point cloud is particularly well suited for coverage calculations for moving viewpoints. For continuously moving viewpoints, coverage and occlusion must be re-evaluated repeatedly from varying angles, so the per-query cost of visibility is central to the method's time cost. On a point cloud, visibility and occlusion reduce to point-wise distance, field-of-view, and line-of-sight tests that are intuitive and relatively independent of the building parameters like resolution and continuity (Border and Gammell, 2024). On a triangulated mesh, however, the equivalent coverage computation relies on ray–triangle intersection, whose cost scales with the number of faces, and therefore requires a mesh resolution that must be fixed in advance. This adds another tuneable parameter that artificially constrains the process, which is contrary to the goal of improving generality. Unlike mesh-based or voxel-based models, point clouds can effectively model the building geometry while preserving primitive, low-cost methods for calculating coverage.
In practice, this flexibility comes with a cost. Point clouds may exhibit non-uniform density, measurement noise, and missing regions due to occlusion, and they also depend on the density of sampling. This may lead to errors in estimating local surface geometry, but unlike other models, a point cloud imposes no requirement of a connected, watertight surface, and so it can better reflect the incomplete building geometries present in real-world situations. Concretely, for any viewpoint , a local neighbourhood is defined using the building points visible from it. Local geometric properties like the tangent plane’s orientation are calculated from these neighbourhoods instead of a global model. This local estimation of geometry biases viewpoints to take meaningful steps near the building façade, and it forms the basis for the surface analysis and viewpoint motion developed in Section 4.
3.2 Viewpoint and Visibility Model
[bookmark: OLE_LINK2]A UAV viewpoint is defined as a tuple

where  denotes the UAV position and  is the viewing direction.
Henceforth,  is used to denote the position  directly unless otherwise stated. The candidate set of viewpoints, referred to as the viewpoint space, is constructed by offsetting the building points along the outer surface normals by a fixed distance , referred to as the nominal viewing distance. A fixed number of viewpoints are sampled from the viewpoint space to construct the initial solution. The viewing direction  is pointed at the mean of the nearest 16 visible building points with a cone-shaped field of view. For practical feasibility, viewing angles relative to the horizontal plane are restricted to less than 45° for realistic UAV orientations.
Given a viewpoint , a building point  is considered visible if it satisfies all the following conditions:
1. Distance constraint:

where  is the maximum sensing distance. 
1. Field-of-view constraint:

where  is half of the camera's field-of-view angle. 
1. Occlusion constraint: The line segment connecting  and  does not intersect any other part of the building geometry.
The occlusion constraint is approximated during iterations to reduce computational cost, with a full raycast only during scoring at the end of each iteration. Together, these conditions define the set of façade points observable from a single viewpoint. 
The coverage function for a viewpoint  is defined as

Although theoretically 100% coverage is possible, to better reflect real-world scenarios, viewpoints under the ground are rejected. Thus, the underside of the building is not observable from any valid viewpoint, and maximum attainable coverage is strictly less than 100%. This per-viewpoint coverage is one of the basic units used to construct the optimisation objective in Section 3.3. 
[bookmark: OLE_LINK1]3.3 Optimisation Objective
Let  denote the set of building points defined in Eq. (1).
Let

denote the set of viewpoints.
The total coverage set is defined as
where  is defined in Section 3.2.
The number of uniquely covered façade points is therefore  Let the number of points visible from each viewpoint be
Then, the duplicate coverage count is

Let the total path length be

where  is the Euclidean distance between two sequential viewpoints taken between their position components  and the sequence of viewpoints is as per the final tour order.
The global optimisation objective (fitness function) is then defined as

[bookmark: OLE_LINK6]where  are hyperparameters controlling the trade-off between maximising coverage, reducing redundancy and reducing path length, and reconciling different units. However,  is a global function which cannot be decomposed into per-viewpoint contributions. A surrogate fitness function is defined to guide the movement for each viewpoint in relation to its own objective and the global state. For every viewpoint , let the weight of each building point visible from  be:

where  and  . Therefore, a point scores 1 if no other viewpoint in the solution sees it, and  if it is already covered elsewhere. Then the marginal coverage of  is:

Let the marginal tour cost of  be:

where  is the Euclidean distance between two sequential viewpoints taken between their position components  and the sequence of viewpoints is as per the current tour order, which is replanned periodically during optimisation. Then, the per-viewpoint score is defined as:

where  is the hyperparameter controlling the trade-off between maximising coverage and reducing path length, and reconciling different units. The marginal weighting  plays the role of a softer redundancy penalty at the per-viewpoint level, so  is consistent in intent with  despite the difference in form. The proposed method only optimises  for every viewpoint, and the global fitness function is used in Section 7.
4. Geometry-Aware Local Search
The proposed method aims to move and settle viewpoints in optimal positions rather than selecting from a fixed candidate set. Each solution is a set of viewpoints, refined semi-independently via local search, in which each viewpoint is displaced around its local tangent plane to improve a joint coverage-and-path objective. This section describes the method in four parts. Local surface geometry is estimated from the points observed by each viewpoint and is used to define the orientation of a proposal distribution that keeps motion aligned with the façade (Section 4.1). The viewpoints are then moved and locally refined by scoring the candidates on their marginal coverage and path contribution so that viewpoints specialise rather than converge on the same dense regions while still optimising the path jointly (Section 4.2). Finally, a prune-and-reinsert strategy replaces the least useful viewpoints to escape stalling in near-saturated configurations (Section 4.3). The complete procedure is summarised in Algorithm 1 (Section 4.4).
4.1 Covariance-Based Local Geometry
The foremost problem in a moving viewpoint formulation is constraining the motion so that viewpoints remain on the offset shell rather than drifting into free space. In this paper, local geometric information is used to shape the probability distribution of proposal motion directions and step sizes to guide the motion of the viewpoints. Meaningful coverage occurs when viewpoints are roughly distributed along a two-dimensional shell which is offset from the building, where the offset balances the trade-off between better coverage and resolution. Thus, it is only required to discourage motion in the normal direction while allowing the algorithm to discover meaningful places along the shell by moving on the tangential plane. This is done through covariance computation on the visible points.
For a given viewpoint , the set of visible façade points  is first determined as per Section 3.2. This set constitutes the neighbourhood points used for geometry estimation.

Since high-rise buildings are predominantly planar structures with gentle curves except for corners, the geometry estimation is performed with a planar assumption and is approximate for the curved areas.
Let
denote the mean of the neighbourhood points.
The local geometry is estimated using the covariance matrix of the neighbourhood points:

Eigenvalue decomposition of  yields three eigenvectors  and corresponding eigenvalues :

The proposal distribution is derived from the eigenvalues using an empirical scale:

clamped at some value .
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 proposal distribution therefore stretches along the surface while compressing along the normal. It adapts to the geometry automatically and without tuning. So, motion gets biased along the surface without imposing an explicit constraint.
4.2 Local Refinement
With the estimated covariance matrix from Section 4.1, a multivariate three-dimensional Gaussian probability distribution is constructed, centred at the current viewpoint. A fixed number of candidate viewpoints are sampled from this Gaussian distribution, and the best one is selected for the next iteration. This process occurs iteratively for each viewpoint, and the marginal coverage and path are calculated from the old positions for the unmoved viewpoint. Since global fitness Eq. (11) is a property of the global solution and does not indicate how a single viewpoint should move, a surrogate local fitness function for individual viewpoints is required. Thus, refinement is performed through the local fitness function Eq. (15), which aims to mirror the global fitness at the individual viewpoint level without requiring the full solution. 
Each candidate viewpoint is scored by the local fitness function  defined in Section 3.3, which combines the marginal coverage a viewpoint contributes with the detour it adds to the tour. Marginal coverage carries global information without the knowledge of the full solution, allowing viewpoints to specialise in regions uncovered by any other viewpoint. This prevents clustering of nearby viewpoints on a dense, highly informative area while neglecting the rest. The detour term simultaneously discourages displacements that lengthen the tour, so that coverage and path are traded off at the level of the individual move rather than reconciled afterwards. The candidates include the original viewpoint, so a change in position only occurs if it improves upon the original. Since the score of every viewpoint is affected by the shared coverage state and positions of nearby viewpoints, the refinement becomes semi-independent. This shifts the optimum viewpoint position according to the needs of the global solution without any explicit communication between viewpoints. Thus, the quality of a solution is iteratively improved through an emergent phenomenon where each viewpoint moves towards its own local optimum, but this also tends to improve the whole solution.
4.3 Prune-and-Reinsert
One of the central difficulties in CPP is the prevalence of locally optimal configurations that cannot be escaped without substantially rearranging the solution. The local refinement of Section 4.2 aims to mitigate this by improving each viewpoint against the current state of the others, indirectly approaching a better global solution. However, it is only partially successful, and some viewpoints can still settle into arrangements that are locally optimal yet globally poor. Since local refinement only relocates the viewpoints, this becomes self-limiting in some configurations. A viewpoint moving to cover an uncovered region may vacate territory of comparable value, or some viewpoints become trapped in a cluster of other viewpoints around them. Such configurations require several viewpoints to move in concert. Purely local motion cannot escape such configurations since multiple unfavourable steps must be undertaken before an improvement is found.
To overcome this, a Large Neighbourhood Search (LNS) style prune-and-reinsert strategy is employed periodically. LNS is a strategy in which part of the solution is destroyed and rebuilt to escape local optima that motion-based refinement alone cannot (Shaw, 1998). Every tp iterations, a fraction of the least useful viewpoints ranked by the unique coverage contribution is removed, and the same number of viewpoints is reinserted to improve coverage. This is achieved by identifying the largest clusters of uncovered building points and selecting the highest performing viewpoints from the viewpoint space for each cluster. Since the number of viewpoints is preserved, the operator does not simply discard redundant viewpoints but reallocates them, converting viewpoints that contribute little into new coverage. Reinserted viewpoints are subsequently refined by the local search in later iterations, so that construction and continuous refinement alternate. 
4.4 Algorithm summary
	Algorithm 1 Geometry-aware moving-viewpoint local search

	Input: building point cloud B; number of viewpoints M; iteration limit T; proposals per viewpoint k; prune fraction ρ; prune interval tp; replanning interval tr
Output: viewpoint set V and visiting tour
1:	Create the viewpoint space from B
2:	V ← sample M viewpoints from the viewpoint space
3:	Plan the initial tour over V
4:	for t = 1 to T do
5:	for j = 1 to M do
6:	N(vj) ← C(vj)
7:	Compute Σ from N(vj) and decompose Σ = QΛQ⊤
8:	Build the anisotropic Gaussian proposal distribution
9:	Draw k candidates u1, …, uk from the proposal centred at vj
10:	vj ← arg max G(u) over u ∈ {vj, u1, …, uk}
11:	end for
12:	if t mod tp = 0 then
13:	Remove the ⌈ρM⌉ viewpoints with the lowest unique coverage
14:	Reinsert ⌈ρM⌉ viewpoints at the largest uncovered clusters by marginal gain
15:	end if
16:	if t mod tr = 0 then
17:	Replan the tour order over V
18:	end if
19:	end for
20:	Construct the final tour over V (nearest neighbour and 4-restart 2-opt)
21:	return V and the tour



5. Simulation and Testing
Following the formulation in Section 4, this section evaluates the proposed algorithm through a series of simulations on six building models spanning a range of geometric complexity. The evaluation is organised around three questions: whether continuous, geometry-aware optimisation improves coverage and path length relative to standard discrete inspection planning (Section 5.3); which components of the method are responsible for those improvements, established through a series of ablations (Section 5.4); and whether continuous viewpoint motion recovers coverage in configurations without a viewpoint space  (Section 5.4.2). To account for the stochastic nature of the optimisation, all quantitative results are reported as the mean over three random seeds per instance.
5.1 Test Environments 
The proposed method is evaluated on six building models of varying size and geometric complexity, listed in Table 1. All models are derived from cleaned surface meshes with no interior points and represented as 3D point clouds sampled at a fixed density of 1.31 points/m². Holding density constant by construction ensures that coverage, measured as a fraction of sampled points, is comparable across instances of differing size.
Table 1: Building instances used for evaluation
	Name
	Features
	Bounding box (m)
	Point count
	Single-shell Ceiling

	Easy
	[image: ]
	28.6 × 28.6 × 169.1
	24,110
	96.58%

	Twin 
	[image: ]
	68.1 × 57.9 × 152.4
	54,425
	95.93%

	Concave
	 [image: ]
	89.2 × 33.4 × 173.1
	57,627
	95.60%

	Elevator
	 [image: ]
	67.7 × 36.4 × 147.3
	51,800
	97.41%

	Mushroom
	 [image: ]
	100.3 × 39.2 × 172.2
	69,821
	96.75%

	Inside-out
	 [image: ]
	56.1 × 56.1 × 182.3
	50,090
	92.77%



The Single-shell ceiling is the maximum attainable coverage by a single shell-greedy (Section 5.3) given that the building underside is visible from no valid viewpoint (Section 3.2). It varies across instances with building shape and size, and in some cases higher coverage can be reported with more offsets or moving viewpoints. Absolute coverage values are therefore not directly comparable between buildings. In this work, coverage is reported as a percentage of all building points, with the single-shell ceiling reported in Table 1. All experiments use identical sensing constraints:  = 6 m, a 90° field of view, visibility query radius  9 m, and a pitch limited to 45° from horizontal. Viewpoints are constrained to lie at least 1 m above ground. Visibility and coverage are computed as defined in Section 3.2. All hyperparameters are fixed across every instance; no per-geometry tuning is performed. The marginal-coverage weight is  = 0.25 (Section 3.3). The proposal distribution is derived from the eigenvalues through Eq. (20) with  = 0.6 on every axis. The detour weight is  = 2 (Section 3.3). Prune-and-reinsert removes 10% of viewpoints every 3 iterations, and tour replanning is also performed simultaneously   (Section 4.3). The final reported tours are constructed with 4-restart 2-opt. Each run refines a solution over 20 iterations, with 25 Gaussian proposals drawn per viewpoint at each refinement step. All quantitative results are reported over three independent random seeds per instance.
5.2 Baselines
The proposed method is compared against greedy maximum-coverage selection along with 4-restart 2-opt path planning, which provides a standard baseline for CPP. Since the coverage term is monotone submodular, greedy provides a near-optimal baseline for coverage in isolation. Thus, any advantage of the proposed method must come from the two properties greedy lacks: a path term inside the objective and viewpoints that move off the candidate set. To ensure that any advantage in path length occurs due to viewpoint placement rather than a difference in routing efficiency, the baseline and the proposed method share the same tour-construction procedure. In both cases, the selected viewpoints are ordered by a nearest-neighbour heuristic and refined by 2-opt with four restarts. This removes differences in tour length due to the quality of the routing solver as a confound. 
Due to the nature of its construction, the proposed method has several degrees of freedom not available to greedy. To further investigate and establish that its performance is not solely due to these, three variants of the greedy baseline are devised and reported. The first is a pure, standard greedy, with candidates restricted to one normal-offset shell. This is the weakest control that provides a standard baseline for all other methods. The second is a three-shell greedy, with candidates generated at offsets of 0.8, 1.0, and 1.2 times the nominal viewing distance. This is devised to control for variations in offset distance that the moving viewpoint algorithm can achieve that are not available to a standard greedy algorithm (Section 5.3). The third is a path-aware greedy algorithm, which accounts for the absence of a path-aware objective in standard greedy by using a combined objective function: 

where  is the number of unique building points visible from ,  is the distance from the nearest already selected viewpoint, and  is an empirical parameter that controls the tradeoff between coverage and path length (Zhang and Vorobeychik, 2016). 
Since coverage, viewpoint count, and path length trade off against one another, no single fixed quantity gives a clean comparison. Structural inspection planning emphasises coverage as a constraint instead of a goal, and path length is linked with coverage. A clustered set with a high number of viewpoints will have low coverage and low path length, while complete coverage requires dispersion of viewpoints where fewer viewpoints can have a longer path. So we compare path and viewpoint count at matched coverage for the method and greedy. For each instance, the viewpoint budget is derived from the first rung of a step-5 ladder of three-shell greedy that reaches or exceeds the coverage achieved by the method. Since coverage is not continuous, and due to fundamental differences in methods, small variations in coverage exist in every instance but, by construction, this can only understate the method. The reported advantage is therefore what the method saves in path length and travel time while conceding coverage, not a coverage claim made against a weaker baseline. Experimentally, the standard deviation in all tables and cells is no more than 0.2 points for coverage and 2.1 points for path. Differences in performance smaller than these values are treated as parity. 
5.3 Comparison against Greedy
The proposed method is first compared with the standard single-offset greedy baseline, which has no freedom in the standoff distance and optimises only coverage. While the method is initialised at  the results for greedy were computed at the optimal standoff distance 

The offset is computed analytically and confirmed empirically. Against this baseline, the proposed method produces shorter paths at matched coverage on the four buildings with the highest complexity, that is, mushroom, elevator, concave, and inside-out. On mushroom, single-shell greedy also spends substantially more viewpoints to reach the same coverage. Greedy saturates towards the end and cannot reach 97% coverage because some points separated from the underside are not visible from any viewpoint in its viewpoint space. On the two simplest geometries, easy and twin, the advantage is confined to lower coverage and closes as coverage rises, a trend visible in all comparisons. The results are compiled in Table 2 and visually represented in Figure 2.  Negative values indicate a shorter tour for the proposed method. The results for all six buildings are given in Supplementary Table S1.
Table 2: Comparison with Standard Greedy Algorithm
	Building
	Method Coverage (%)
	Method N viewpoints
	Greedy Coverage (%)
	Greedy N viewpoints
	Δ path (%)

	easy
	88.8
	185
	89.2
	188
	−4.0

	
	91.8
	227
	92.2
	222
	+0.6

	
	94.2
	289
	94.4
	268
	+1.8

	
	95.2
	330
	95.4
	303
	+3.9

	mushroom
	90.1
	536
	90.5
	576
	−8.0

	
	93.4
	656
	93.7
	715
	−6.5

	
	96.1
	836
	96.4
	1056
	−14.1



[image: ]
Figure 2: Path vs Coverage Comparison for Base Greedy
[bookmark: OLE_LINK4]The proposed method is then compared against three-shell greedy defined in Section 5.2. Extending greedy to three offset shells introduces the freedom to vary standoff distance, a property absent from the conventional greedy algorithm and present by construction in a moving viewpoint formulation. At lower coverage, our method holds the advantage, with roughly 5 to 9% shorter paths at the lowest coverage across all six geometries. However, this narrows as coverage approaches the observable ceiling, where the two methods converge and, on several buildings, become indistinguishable. Three-shell greedy wins on the elevator due to viewpoint count at high coverage. At the highest, it achieves parity with a 0.84% smaller path while using 121 fewer viewpoints. If we factor the per-viewpoint stopping cost, this constitutes a large difference in flight time. On mushroom, the behaviour is opposite. The advantage does not decay but widens with coverage, and greedy reaches the higher coverage levels only by placing progressively more viewpoints, with 151 additional viewpoints at the highest level, against a longer tour throughout. This contrast is a central result of the comparison. The performance of a moving viewpoint formulation depends on the geometry and coverage requirements. On simple geometries, greedy catches up on path length by adding more viewpoints. However, on complex geometries, the strategy fails. Adding viewpoints does not close the gap, presumably because a discrete candidate set cannot reproduce the placements available to continuous motion. The data for easy and mushroom is provided in Table 3 and shown in Figure 3.
Table 3: Comparison with Three-Shell Greedy
	Building
	Method Coverage (%)
	Method N viewpoints
	Greedy Coverage (%)
	Greedy N viewpoints
	Δ path (%)

	easy
	88.8
	185
	89.6
	195
	−8.7

	
	91.8
	227
	92.3
	229
	−3.1

	
	94.2
	289
	94.4
	275
	−1.2

	
	95.2
	330
	95.4
	306
	−0.1

	mushroom
	90.1
	536
	90.5
	566
	−6.8

	
	93.4
	656
	93.7
	693
	−6.1

	
	96.1
	836
	96.3
	919
	−8.1

	
	97.0
	956
	97.3
	1107
	−10.3



[image: ]
Figure 3: Path vs Coverage for Three-Shell Greedy
The final baseline adds a path term to greedy’s objective. While three-shell greedy optimises only coverage, path-aware greedy selects viewpoints by a combined score that rewards proximity to already-selected viewpoints (Section 5.2), and so, like the proposed method, jointly optimises coverage and path. This is the strongest baseline, and on most buildings it produces shorter tours than the method, though at the cost of more viewpoints. The path gap widens with coverage, reaching 12% on easy at the highest coverage. A comparable pattern holds on elevator, inside-out, and twin. While greedy loses on concave at lower coverage, it beats the moving viewpoint method at higher coverage. Against a baseline that already accounts for path, the method's continuous placement does not produce a shorter path on simpler surfaces.
However, path-aware greedy does not win everywhere. First, the trend reverses on mushroom. Greedy wins on lower coverages for some values, but the method shows better performance at higher coverage. Since both sides optimise coverage and path jointly, this residual advantage is attributable to continuous placement itself — the method reaches configurations a fixed candidate set does not contain, and also finds better joint coverage-path configurations. Second, a per-viewpoint stopping cost must be accounted for in UAV path-planning because viewpoint count and dwelling time add to the real mission costs (Hague et al., 2026; Maboudi et al., 2023). Path-aware greedy achieves matched coverage by placing more viewpoints that are clustered due to the proximity term, so its shorter tours are bought with additional stops. On easy, 7.7% of viewpoints contribute less than 2 unique building points, and that number increases to 18.1% against less than 2% in the path created by the method (Table 4). 
Table 4: Comparison of unique contributions by viewpoints
	Metrics
	Path-aware greedy, θ = 1.0
	Path-aware greedy, θ = 0.5
	The method

	Easy (95.2% coverage): viewpoints
	507
	352
	330

	Viewpoints contributing ≤ 2 unique points
	43.6%
	7.7%
	1.2%

	Viewpoints contributing 0 unique points
	20.5%
	2.0%
	0.3%

	Mushroom (96.9% coverage): viewpoints
	1614
	1199
	956

	Viewpoints contributing ≤ 2 unique points
	51.5%
	18.1%
	1.8%

	Viewpoints contributing 0 unique points
	19.9%
	4.7%
	0.3%



Charging for viewpoints in other baselines only steepens the method's decay at high coverage and penalises the coverage-only baselines at low coverage. On most buildings, the change is within the seed-level variation of the path measurements. We therefore apply it only to the path-aware comparison, where the additional viewpoints are an intrinsic product of the proximity term. While the speed and stopping time vary as per the hardware and flight conditions, reported inspection speeds fall in the range of 5–9 m/s (Caballero et al., 2025; Datsko et al., 2024). An optimal stop time per viewpoint is debatable, so comparison is performed at equivalent added distance per viewpoint. In some instances of concave and mushroom, the method's path is already shorter at zero stop cost. Adding the cost of stopping at just 4m, that is 0.8s per stop at a speed of 5m/s, increases the method’s win rate to 63.9% of all 72 runs for  = 0.5, which reaches 77.8% at an equivalent cost of 10m (Figure 4). However, on the highest viewpoint budgets, greedy wins on 6 runs even at a 20m equivalent per-stop cost. At θ = 1.0, the effect is far stronger; the method wins in all runs above a 1.72 m equivalent per-stop cost. Table 4 reports the data for comparison on easy and mushroom buildings.
Table 5: Comparison with Path-Aware Greedy
	Building
	Method Coverage (%)
	Method N viewpoints
	 = 0.5: Greedy N viewpoints
	 = 0.5: Δ path (%)
	 = 1.0: Greedy N viewpoints
	 = 1.0: Δ path (%)

	easy
	88.8
	185
	218
	+2.4
	298
	+3.2

	
	91.8
	227
	260
	+6.5
	370
	+6.0

	
	94.2
	289
	313
	+9.9
	450
	+7.8

	
	95.2
	330
	353
	+11.7
	510
	+10.0

	mushroom
	90.1
	536
	623
	−0.1
	827
	+2.8

	
	93.4
	656
	767
	+1.9
	1037
	+0.6

	
	96.1
	836
	1037
	−1.7
	1397
	−2.1

	
	97.0
	956
	1237
	−2.9
	1663
	−4.6




[image: ]
Figure 4: Break-Even vs Viewpoint Cost
5.4 Ablations
This section aims to establish the validity of the algorithm's components and verify geometry-adaptive claims through tests that exclude parts of the solution to see whether the algorithm recovers. Section 5.4.1 examines the algorithm's two basic components and separates their contributions. In Section 5.4.2, we investigate the effect of not computing a candidate viewpoint set on the algorithm. Section 5.4.3 investigates the geometry-adaptive claim and verifies it experimentally. 
5.4.1 Component contribution
[bookmark: OLE_LINK8]The method iteratively improves the solution using two components: first, a geometry-aware local search optimises coverage and path jointly, followed by a prune-and-reinsert step that redeploys redundant viewpoints. To separate their contributions, each stage is disabled in turn and measured against a random-initialisation baseline on easy, twin, and mushroom at matched viewpoint budget (Table 5). Random initialisation alone achieves only 57-63% coverage, and a local-only search lags behind simple prune-and-reinsert in coverage but wins on path. A separate prune-and-reinsert search without local search behaves like an iterative version of the greedy algorithm, verifying its mechanism. In a combined search, local-only accounts for the largest gain, adding between 21.6 and 26.2 coverage points across the three buildings. Prune-and-reinsert contributes a further 4.3 to 6.6 points, at a modest cost in path length. This validates the local hill climb’s ability to effectively rearrange viewpoints, optimising both coverage and redundancy. Prune-and-reinsert effectively redistributes the few redundant viewpoints, leading to a secondary gain in coverage. 
Table 6: Per-Component Ablation Result
	Building
	Arm
	Coverage (%)
	Path (m)
	Δ Coverage (pts)
	Combined Contributiona  

	easy
	random init (floor)
	62.9
	1372
	+0
	—

	
	prune & reinsert only
	85.0
	1694
	+22.1
	—

	
	local search only
	84.5
	1512
	+21.6
	+21.6

	
	both 
	88.8
	1624
	+25.9
	+4.3

	twin
	random init (floor)
	57.0
	2747
	+0
	—

	
	prune & reinsert only
	82.0
	3173
	+25.0
	—

	
	local search only
	80.9
	2915
	+23.9
	+23.9

	
	both 
	87.4
	3004
	+30.4
	+6.6

	mushroom
	random init (floor)
	57.8
	3608
	+0
	—

	
	prune & reinsert only
	84.7
	4447
	+26.9
	—

	
	local search only
	83.9
	4008
	+26.2
	+26.2

	
	both
	90.1
	4288
	+32.4
	+6.2


a The “local search only” row is the base gain of the method over a random initialisation. The “both” row is the extra gain due to prune and reinsert over the method.
5.4.2 Removing the viewpoint space
At initialisation, viewpoints are from the viewpoint space, but this can be easily replace by selecting building points randomly and using a normal offset to create the initial set. However, the proposed method still relies on a viewpoint space during reinsertion to score and rank viewpoints. To test whether this dependence is essential, the reinsertion step is replaced by one that constructs viewpoints directly. This was tested in two ways: either by evaluating four proposals generated through normal offset directly at the biggest uncovered patches, or by adding a local search step on a single proposal before rechecking for validity and feasibility (Table 6). This method remains competitive even without a viewpoint set, with a coverage cost that grows with geometric complexity from 0.4 points on easy to 1.9 on mushroom. This cost is attributable to a coarser search of the same space rather than a restricted one. Reinsertion from a precomputed viewpoint space is an exact selection, whereas the constructed operator evaluates only a handful of proposals built from a density proxy, reducing the sampling density multifold. The method therefore does not require a candidate set to function, though it loses a few points of coverage due to a coarser search.
Table 7: Candidate-Free Reinsertion
	Building
	Reinsertion
	Coverage (%)
	Path (m)
	Δ Coverage (pts)

	easy
	candidate-based
	88.8
	1624
	0

	
	candidate-free
	88.4
	1640
	−0.4

	twin
	candidate-based
	87.4
	3004
	0

	
	candidate-free
	86.6
	2996
	−0.9

	mushroom
	candidate-based
	90.1
	4288
	0

	
	candidate-free
	88.2
	4172
	−1.9



5.4.3 Geometry-Adaptive Search
A central claim of the formulation is geometry-adaptive search, where each viewpoint moves while conforming to the local surface geometry. The covariance of a local neighbourhood yields a surface normal and a tangent plane (Section 4.1), and viewpoints are displaced on the tangent plane. This subsection tests whether geometry-adaptive motion is the deciding factor in driving coverage gain. This is measured by confining the local search to either a normal direction or the tangent plane, with prune-and-reinsert disabled, and measuring how much of the refinement each direction recovers. Confining the search to either subspace removes the algorithm’s ability to move viewpoints in the other direction. Table 7 reports coverage on easy, twin, and mushroom against the unconstrained local search, expressed as the fraction of the unconstrained gain recovered.
Table 8: Geometry-Adaptive Search Ablation Results
	Building
	Constraint
	Coverage (%)
	Path (m)
	Recovery of local-search gain

	easy
	both axes free
	84.5
	1512
	100%

	
	tangential only
	82.6
	1536
	91%

	
	normal only
	67.1
	1380
	20%

	twin
	both axes free
	80.9
	2915
	100%

	
	tangential only
	77.6
	2979
	86%

	
	normal only
	63.7
	2722
	28%

	mushroom
	both axes free
	83.9
	4008
	100%

	
	tangential only
	79.1
	4007
	81%

	
	normal only
	66.0
	3640
	32%



The asymmetry is pronounced and consistent across the three geometries. Freezing the tangential subspace (normal-only) costs 68-80% of the recovery, effectively degrading to almost a random initialisation (Section 5.4.1). Moving only tangentially, on the other hand, costs at most 20% recovery, performing almost on par with the unconstrained formulation. This is the behaviour the formulation predicts; effective coverage gain occurs mostly along tangential motion for planar geometries like buildings. The normal-only recovery is highest in mushroom, which is consistent with it requiring more fine-tuning along the normal direction, where the method has a greater advantage over greedy (Section 5.3). Thus, while tangential movement is necessary to gather coverage, the small normal perturbations likely contribute to improving performance to better than greedy in complex buildings. Also, viewpoints are initialised on the normal-offset shell at a standoff of 6.00 m, against a geometric optimum near 6.36 m, already within 0.36 m of the correct distance. Since the initial offset is already near-optimal, there is little for normal motion to gain, and the tangential redistribution performs better. The near-inertness of the normal direction is therefore not a weakness of the search but a consequence of the building geometry, which discourages normal motion, as well as an optimal standoff at initialisation. 
This explanation was also verified through an independent measurement of the proposal shape. The tangential scales hit the -clamp almost 100% of the time across all viewpoints, whereas the normal direction is clamped only 27-29% of the time. The median value of the normal axis  (in metres) is 0.133 on easy and 0.169 on mushroom, supporting the geometry-adaptive hypothesis. The normal proposal stays well below its ceiling across most of the surface and widens only on the minority of non-planar patches. This indicates that large parts of a building are planar while a few isolated regions require normal motion, which is consistent with the geometry of high-rise buildings as well as the differences in recovery reported in Table 7.
[bookmark: OLE_LINK11][bookmark: OLE_LINK9]6. Discussion
[bookmark: OLE_LINK10]The foremost result of this work is the superiority of joint optimisation over segmented, stage-wise planning. Both path-aware greedy and the geometry-aware method produce shorter tours in almost all buildings compared to the baseline greedy and three-shell greedy. Since every method constructs its final tour using the same routing procedure, the advantage cannot lie in the route itself; it lies in better overall viewpoint placement. This is because segmentation optimises coverage and path as two separate objectives sequentially, rather than as one coupled objective. The routing stage inherits a fixed viewpoint set already optimised for coverage, which can only be reordered but not changed. This prevents any path reduction available through a different viewpoint set, even one that requires only slight perturbations to the current viewpoint positions (Shang et al., 2020). This decoupling hurts the performance of the algorithm, with path-aware greedy consistently showing a 5-12% reduction in path compared to the three-shell baseline. Two different optimisers sharing nothing but the joint formulation both outperform sequential planning, indicating that the source of the gain is the formulation itself rather than any particular optimiser.
[bookmark: OLE_LINK12]The comparison of the method with path-aware greedy is even more revealing, as the diverging performance provides insight into the difference between iterative selection and global rearrangement. Path-aware greedy produces shorter paths on planar geometries, but a deeper analysis reveals that this hinges on a degree of freedom only available to greedy: variable viewpoint budget. Since there is no limit on the number of viewpoints, path-aware greedy can place highly redundant viewpoints that only contribute to shortening the path (Section 5.3). This fraction of redundant viewpoints rises much more steeply in greedy compared to the method, with fully redundant viewpoints effectively absent from the method. The method does not have this freedom. Thus, at a fixed viewpoint budget, each viewpoint must be deployed wisely. Viewpoints that contribute little to coverage are discarded at the prune and reinsert stage, causing the redundancy threshold to remain low. This implies that while the method achieves better global positioning of each viewpoint, it cannot tolerate path-contributing viewpoints that add little coverage. Conversely, because it discards low-contribution viewpoints, the remaining ones provide higher coverage along a shorter path. Thus, the method is a better optimiser at the same level of resources, discovering better global arrangements of viewpoints. Mushroom is the clearest exception, where the method directly beats path-aware greedy at high coverage on path length with fewer viewpoints. We do not have a simple explanation for why the advantage is so pronounced on this geometry.
That single case aside, the broader question about why joint optimisation wins across the majority of cases can be explained by the nature of objectives themselves. Coverage and path are emergent properties that depend on the configuration of the set as a whole (Garattoni and Birattari, 2018; Souza da Rocha et al., 2026). Whether a viewpoint is worth keeping depends on the state of the rest of the set, and neither can be read off the viewpoints individually. More importantly, neither can be optimised in isolation from the other. Together, the interaction of these properties creates a highly unpredictable and noisy landscape that is difficult to optimise globally. However, the problem itself does not require estimation of a global optimisation landscape; it can also benefit from local optimisation at the viewpoint level while allowing global properties to emerge naturally. This philosophy, where each viewpoint is optimised locally, but also with respect to the state of the whole set, is at the core of this paper. Thus, information sharing across viewpoints about their contribution with respect to the rest of the set becomes an important part of the objective function. The reverse approach, providing a per-viewpoint contribution to a global optimiser is a natural counterpart which is investigated in (Section 7). Even a coarse method of information sharing like marginal coverage and tour cost through the nearest neighbour proxy is enough to surpass the baselines (Section 3.4). Thus, information sharing has the potential to improve performance at a low cost.	Comment by Manit Agarwal: Does this clash with section 7 because repeat? Added here as a forward hook
While joint optimisation provides each viewpoint with some knowledge of the whole, set selection and moving viewpoints are the methods that actually act on that awareness, leading to downstream differences in performance. The crux of the moving viewpoint formulation lies in continuous search and retroactive rearrangement. Since each viewpoint is reacting to the rest of the set, the solution develops such that discovery of a better viewing position in one area leads to changes in the whole set. This allows the method to continuously explore and discover valuable positions, while simultaneously aligning the viewpoint set for a more optimised solution. Coupled with the freedom available due to continuous search, this allows the optimiser to outperform greedy’s set selection at the same level of resources. However, the method still loses to path-aware greedy on direct path length. Although this is attributed to path-aware greedy’s freedom to add viewpoints, it also reveals the limitations of the method’s philosophy as well. While rearrangement allows retroactive optimisation, it is also prone to getting stuck in local minima. Reaching a better configuration might require a series of low-probability steps, effectively trapping it. This is where prune-and-reinsert comes into play. By actively destroying and reinserting the lowest contribution viewpoints, the algorithm is pushed out of the local minima. Since each viewpoint affects every other viewpoint, this leads to a non-trivial change in the global configuration, achieving an effect similar to multiple restarts. Another reason for stagnation is the lack of moving space; at higher coverages, each viewpoint is tightly packed, and the available freedom (slack) is low. This reduces the availability of truly useful steps, thus reducing the effectiveness of the algorithm, explaining the diminishing advantage over greedy at higher coverage. A key modulating factor in this is the building geometry. While the method performs worse on flat geometries, its performance increases in buildings with vertically sloped surfaces, where higher available slack is conjectured to play a key role. 
The proposed method therefore provides an alternative approach to CPP, enabling both joint and continuous optimisation. However, path-aware greedy outperforms the method on direct path comparison, while the results are mixed under mission time computation. By itself, it is better applied as a specialist for difficult façades, but it retains high potential to be applied in combination with other algorithms as discussed in Section 7. More broadly, both the method and path-aware greedy provide strong evidence for joint optimisation. The method directly outperforms path-aware greedy on mushroom at high coverage, but the exact mechanism behind this advantage is not understood. Furthermore, the method’s performance rests on empirical results rather than theoretical lower bounds, thus limiting any formal guarantee on its performance. Moreover, the evaluation is constrained to a simulated environment without any real-world validation. This study provides an early investigation of the feasibility of joint and continuous optimisation. The method employs the simplest form of information sharing and guided local search, yet outperforms the baseline greedy. It leaves open the question of which formulations and representations are best suited to this problem, along with how optimisers can be devised to exploit these formulations. These questions, and the broader space of metaheuristics the formulation invites, are taken up in the following section.
7. On the Role of a Population
The formulation in Section 4 is readily coupled with population-based methods such as metaheuristics. This section examines whether a population of solutions improves it, and reaches a negative conclusion about a specific class of methods. A population contributes little even when its members search independently, and a metaheuristic method that acts on the population actively degrades the solution. The conjecture on degradation due to metaheuristics is structural rather than specific to a particular algorithm, and it constrains which metaheuristics can be applied to continuous viewpoint formulations at all. Section 7.1 describes the PSO formulation used to test this claim and Section 7.2 describes its results. Section 7.3 describes the credit assignment conjecture and why global fitness-based updates fail on continuous viewpoint CPP. Section 7.4 discusses its future implications and other alternatives.  	Comment by Manit Agarwal: Cpp or continuous viepwoint cpp?
7.1 PSO formulation
Each particle in the swarm is initialised as a complete solution with an angular parameter  assigned to control the direction of motion. At initialisation, local surface geometry is estimated (Section 4.1) and a tangent vector is selected to be stored as a reference direction for that viewpoint. Also, viewpoints are reindexed using the Hungarian algorithm so that spatially proximal ones have the same index (Kuhn, 1955). During optimisation, the swarm operates exclusively on the angular parameter . Feasibility of movement is maintained through constraints derived from the local surface geometry.  At each iteration, the reference vector is projected onto the new tangent plane, and the viewpoint is moved along the direction  at a fixed step size on the latest tangent plane. The angular parameter  associated with each viewpoint is optimised using a standard PSO formulation with a local neighbourhood (lbest) topology of size 8 (Kennedy and Eberhart, 1995). 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. 
At each iteration, the PSO update follows the standard velocity–position update rule applied to the angular parameter:

where  is the inertia coefficient,  and  are cognitive and social coefficients, and . The angular parameter  is wrapped around . The fitness function used to score each particle is defined in equation 12.
	Algorithm 2 Geometry-Aware PSO Implementation 

	0. Initialisation:
1. Generate a swarm of  particles
1. For each particle
1. sample  feasible viewpoints.
1. Assign angular parameter  to each viewpoint.
1.  Reindex viewpoints across particles using Hungarian matching.
0. For iteration  to :
For each viewpoint in each particle:
1. Estimate local surface geometry
1. Perform geometry constrained motion
1. Perform local hill-climbing refinement 
1. Re-estimate local surface geometry
Evaluate global fitness
Update personal best and neighbourhood best solutions
Update PSO velocity and 
0. Return Particle with highest fitness



7.2 Results
Particle swarm optimisation was evaluated with a swarm size of forty particles against the uncoupled formulation with forty independent restarts, obtained by discarding the swarm displacement while leaving every other setting frozen. This is equivalent to the swarm with a zero step size, referred to as the no-motion limit. This was tested on two instances: the easy building at a budget of 185, which provides a baseline for regular geometries, and mushroom building at a budget of 536, where the proposed method performs best. The comparison directly measures whether adding a population-based optimisation on top of the proposed method improves it. The step size governing viewpoint motion was swept across the range shown in Table [8].
Table 9: PSO Results
	PSO step size
	easy@185 (%)
	gap to no-motion
	mushroom@536 (%)
	gap to no-motion

	4.0 (default)
	80.58
	−8.64
	79.80
	−10.67

	1.0
	88.30
	−0.92
	88.86
	−1.61

	0.25
	88.78
	−0.44
	90.05
	−0.42

	0.05
	89.06
	−0.16
	90.21
	−0.26

	No motion 
	89.22 ± 0.06
	0
	90.47 ± 0.04
	0



Coverage degrades monotonically with step size on both instances, and no setting reaches the no-motion result. Larger steps are consistently worse, and the gap to the no-motion limit closes smoothly as the step shrinks toward zero. The swarm's best outcome is the one in which it does not move. This pattern held across the other configurations examined, including adaptive step-size schemes and alternative fitness weightings, none of which exceeded the no-motion limit. We do not claim to have searched the swarm's full parameter space, in particular the coverage and path weights of the combined fitness Eq. (11), or the cognitive, social, and inertia coefficients of the swarm itself. However, the results are sufficient to establish that viewpoint movement driven by a population metaheuristic does not improve on the same method without it, and the more freely the swarm moves, the worse it does. Why this degradation occurs, and why this should be expected, is taken up in Section 6.3.
7.3 The credit assignment problem
The crux of a population-based algorithm lies in effective information sharing between members of the population to allocate search resources in high-probability zones, outperforming equivalent independent searches. Particle swarm optimisation is representative of this, where the update rules nudge all solutions towards the best-known solutions. Assuming that the true optimum lies near local optima, this update rule effectively reduces the search space, promoting finer search in likely areas and coarser search elsewhere. In this work, we use PSO for a per-viewpoint update, where each viewpoint is updated independently of other viewpoints using information from the highest-performing solutions in the population. Since each solution is a set of viewpoints, a correspondence between viewpoints is necessary to relate solutions for meaningful updates. However, a perfect, meaningful bijective correspondence does not exist. Due to continuous movement and evolution, some viewpoints may not have an equivalent, nearby counterpart in every solution. Thus, a forced bijective matching results in matched viewpoints that are very far apart in space, or matched with a wrong viewpoint altogether. The Hungarian algorithm produces an optimal matching, but it still results in a quarter of the matches being closer to a different viewpoint in another solution than the one they are paired with. The consequence is that PSO updates behave as random noise for a sizable number of viewpoints, which drag down the whole solution.
Besides errors in information sharing due to improper matching, another reason why PSO structurally cannot perform better is because of the credit assignment problem. The PSO fitness function defined in equation 12 uses set-level metrics like coverage and path to score solutions, without differentiating individual viewpoints' contributions. It has no way to score each viewpoint, so good viewpoint positions are given the same weight as poorer positions that are incidentally in the current best. Moreover, good viewpoint positions are only defined with respect to other positions in the solution. While there might exist some common optimal positions for every solution, a majority of positions lose their meaning once the global configuration changes. With improper matching, and due to differences in the global configuration of solutions, these targets do not correspond to a better position for that swarm, reinforcing the role of PSO as pure noise. In contrast, the local search operates on individual solutions without optimising a set-level fitness function. Each viewpoint is assigned a score based on its marginal contribution, and since it is computed at every move, it can never go stale, unlike information sharing across the swarm. The step size sweep results show that performance decreases monotonically with step size, with the best results obtained when PSO motion is turned off. This indicates that swarm motion contributes nothing to the search, supporting the above conjectures.
7.4 Which metaheuristics the formulation admits
The arguments presented in Section 7.3 are not limited to Particle Swarm Optimisation; any class of algorithms that cluster solutions around the best discovered solution are susceptible to the same failures. PSO, Differential Evolution and crossover are all strategies that behave similarly to interpolating between solutions. Since the unique coverage of a viewpoint depends on the rest of the set, a small motion of the viewpoint can heavily impact performance. In this case, the optimisation landscape becomes too noisy for interpolation-like strategies to be effective. One solution is to incorporate per-viewpoint contribution in the optimiser. Interpolation degrades due to high sensitivity to motion, but if the algorithm knows which viewpoints to move, it can reduce instances of poor steps caused by displacing already well-performing viewpoints and focus on the redundant ones. This is artificially performed in the method through prune-and-reinsert and is one of the mechanisms through which credit assignment improves performance. However, even without prune-and-reinsert, the method performs reasonably well because each viewpoint is scored individually, providing a clean signal on its performance. This can be further used to identify directions in which the viewpoint’s performance increases, which is not possible through a global fitness function without per-viewpoint contribution. Thus, it is conjectured that a method that can integrate viewpoint credit assignment into the PSO global fitness function and achieve correspondence between two solutions can perform even better than the current method.
Another solution is to directly use algorithms that work on a single component or a small number of components, like Ant Colony Optimisation and Cross Entropy Method. These algorithms natively combine with the independent viewpoint optimisation formulation and do not require a global fitness function (Zhou et al., 2022). Algorithms like Large Neighbourhood Search and Iterated Local Search also perform well for further improvement on a current solution. Prune-and-reinsert is a modified version of Large Neighbourhood Search, and results show non-trivial improvement in performance due to it (Section 5.4.1). It is conjectured that the method, when combined with these algorithms, can perform better than the original and build further on the possibility of global improvement solely through local optimisation. Further, a two-pronged approach with both a local optimiser and a global optimiser with a per-viewpoint contribution is another worthy research direction. 
[bookmark: OLE_LINK13]While PSO is shown to perform worse than the method baseline on a moving viewpoint formulation, some population methods outperform greedy in other formulations (Qian et al., 2015). This is because complexity rises sharply in a continuous domain compared to a discrete one. Since discrete PSO operates on an ordered list, the correspondence problem disappears entirely. Set selection also changes the search space because each viewpoint can reappear in the best solution, which is not possible in a continuous domain. Further, each viewpoint in the best solution implicitly suppresses the nearby viewpoints throughout the swarm as they are redundant. Thus, while the algorithm performs optimisation over a large number of viewpoints, after a few iterations, effectively many of the viewpoints have been discarded simply due to suppression by the selected ones. This is not possible in a moving viewpoint formulation because viewpoints are not selected, but rather moved. Rather than discarding a viewpoint, the algorithm must design a trajectory that allows it to settle into its optimum position, which PSO cannot do. However, this leaves the discrete PSO prone to getting stuck in local optima, as poorly placed viewpoints are still selected across particles when they appear in the best solution, and the search is determined stochastically, with many suboptimal configurations. Some studies show greater improvement over standard PSO after combining it with a per-viewpoint component like greedy combined with local search (Lin and Guan, 2018). We show in this section that the method accepts a metaheuristic optimiser on top, and conjecture which classes of metaheuristics are compatible with it. 
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