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Highlights

What are the main findings?

• A cost-aware RRT* (CARRT*) yields the lowest mission cost and best path efficiency 

in low-fuel and time-sensitive scenarios, while grid-based planners (Dijkstra/A*, 

weighted A*) perform best for high-safety and reward-focused missions.

• Post hoc global cost analysis shows that mission cost is most sensitive to distance and 

energy weights; safety/reward weights shape outcomes when strong penalty/reward 

fields are present.

What are the implications of the main findings?

• Planner choice should be aligned with mission priorities; decoupling path generation 

from prioritisation enables rapid retuning as objectives change without modifying 

certified planners.

• The framework offers a reproducible benchmark for researchers and operators to 

compare planners across environments and select algorithms/weights suited to each 

mission.

Abstract

Unmanned Aerial Vehicles (UAVs) are increasingly deployed in hazardous and dynamic 

environments, where path planning requires balancing competing objectives beyond sim-

ple distance minimisation. Classical planners such as Dijkstra, A*, and RRT* generate 

paths efficiently but often overlook mission-specific trade-offs involving energy use, risk 

avoidance, and reward maximisation. This work proposes a unified evaluation frame-

work that integrates grid-based (Dijkstra, A*, weighted A*) and sampling-based (RRT, 

CARRT*) planners within parameterised environments embedding a range of functions 

into penalty and reward zones. A global cost function, 𝐽 = 𝛼𝐿 + 𝛽𝐸 + 𝛾𝑃 − 𝛿𝑅, is applied 

post hoc to decouple path generation from mission prioritisation, enabling rapid reassess-

ment under changing objectives such as low-fuel, high-safety, or speed-priority scenarios. 

Experiments conducted on an Apple M2 CPU, repeated three times per configuration to 

ensure statistical robustness, demonstrate that CARRT* achieves the lowest mission costs 

and highest efficiency for fuel- and time-sensitive missions, while deterministic grid-

based planners perform better in safety- and reward-oriented contexts in four environ-

ments. These findings indicate that optimal UAV path planning depends not only on al-

gorithmic efficiency but also on aligning planner choice with mission priorities. The 

framework provides a reproducible methodology for benchmarking and deploying mis-

sion-aware path planning strategies in research and operational settings.
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1. Introduction

In the aftermath of the 2023 wildfires in Maui, Hawaii, unmanned drones were able 

to map fire perimeters in under ten minutes, an operation that would have taken hours 

using manned aircrafts [1] Unmanned Aerial Vehicles (UAVs) are now routinely de-

ployed for tasks ranging from infrastructure inspection to emergency response. Their 

broad utilisation has been seen in surveillance, logistics, environmental protection and 

precision farming, acting as a catalyst for innovation [2,3]. UAVs have the advantage of 

reducing operator risk by having the ability to be controlled remotely or autonomously, 

whilst still being capable of completing tasks with great precision and reliability [4,5]. This 

is especially useful when operating in areas of high risk, such as disaster relief or environ-

mental sensing. UAVs are also utilised in the real-time monitoring of road traffic, provid-

ing wireless coverage, delivery of goods and civil infrastructure inspection [6,7].

Being unmanned, UAVs often make use of pathfinding algorithms to get from a start 

point to a goal efficiently and safely. The broad range of industries and therefore environ-

ments that UAVs perform in present multi-faceted problems when looking at the use of 

these pathfinding algorithms. All environments present a different problem that algo-

rithms often need to adapt around, and most missions have different priorities that must 

be catered for. These constantly changing problems, along with a constant desire to im-

prove efficiency, has birthed the long list of algorithms used today. It is often observed 

that when designing pathfinding systems, studies focus narrowly on minimising distance 

or time [8–10]. In practice, operators must also consider a variety of mission critical factors, 

such as penalty flight zones, preferred flight corridors, optimising energy consumption 

and creating collision-free paths. Our traditional algorithms, A* and RRT*, do not capture 

these issues so must be built upon [11–13]. In order to optimise algorithm selection, we 

compare algorithms’ skillsets against mission objectives via a post hoc mission cost, de-

coupling path generation from prioritisation.

Existing studies generally (i) evaluate planners using a fixed cost model making ob-

jectives planner bound, which can be inflexible and limits application in fast-paced sce-

narios; (ii) often focus on distance and time whilst not considering energy cost and pen-

alty/reward areas, limiting adaptation to different mission priorities; (iii) couple planner 

internals, environments and weights, making it hard to change priorities mid-flight; and 

(iv) report limited sensitivity analysis of how mission weights drive total cost, in result 

not giving us an accurate picture of our most critical variables. As a result, there is a need 

for a reproducible method to compare planners under the same paths whilst varying mis-

sion priorities post hoc.

So, how can we compare both deterministic and sampling algorithms accurately and 

dynamically whilst considering a range of changing mission objectives? The study makes 

four main contributions to address these gaps and tackle this problem. First, the paper 

designs a range of parameterised environments, ranging from open to dense urban and 

mixed terrain to multi-objective that embed logarithmic, exponential, Gaussian, quadratic 

and step cost fields to emulate realistic reward/penalty landscapes. These environments 

are the testing ground for our experiment and their variety allows us to explore different 

algorithmic behaviours. Secondly, RRT* is adapted to consult movement costs during 

travel through reward and penalty areas, allowing it to be compatible with a cost function. 

Third, the paper introduces a cost function that unifies both grid-based planners (Dijkstra, 

A*, weighted A*) and sampling-based planners (RRT, cost-aware RRT* (CARRT*)) with 
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region-specific reward/penalty multipliers and a single objective J = αL + βE + γP − δR (see 

definition defined in Methods), enabling operators to trade off distance, energy, risk and 

reward without rewriting core algorithms. Fourth, a post hoc global cost analysis is con-

ducted by sweeping α, β, γ, and δ, including sensitivity studies and mission-oriented 

slices (low-fuel, high-safety, speed-priority, reward-focused, balanced), and compares 

planners using total weighted cost, path efficiency, zone incursions (a zone incursion was 

counted whenever a path entered a cell with movement cost exceeding the base cost, with 

a one-cell buffer to avoid counting borderline cases) and computational effort, yielding 

guidance on algorithm selection.

This paper is organised as follows: Section 2 reviews the literature review and back-

ground on the deterministic and sampling-based planners used throughout the study 

along with discussion about cost modelling and other algorithms used in industry. Section 

3 details the parameterised environments, planners in use and the unified post hoc cost 

framework. Section 4 presents the analysis and results, including sensitivity studies and 

mission-oriented comparisons across algorithms and environments. Section 5 concludes 

with key findings and outlines avenues for future work.

This paper’s main contributions are listed below:

• A suite of parameterised, function-based environments (logarithmic, exponential, 

quadratic, Gaussian, and step cost fields) designed to emulate realistic UAV pen-

alty/reward landscapes and expose behavioural differences between planners.

• A cost-aware variant of RRT* (CARRT*) adapted to be used on the environments that 

enables sampling-based methods to react intelligently to penalty and reward fields.

• A unified post hoc mission cost framework (J = αL + βE + γP − δR) which decouples 

path generation from mission prioritisation, making it possible to re-evaluate fixed 

planner outputs under different mission objectives without modifying planner inter-

nals.

• A comprehensive mission-driven evaluation methodology including a full weight 

sweep, sensitivity analysis, and five mission scenarios (low-fuel, high-safety, speed-

priority, reward-focused, balanced), providing actionable guidance for choosing 

planners under changing mission priorities.

2. Literature Review and Background

Graph-based vs. sampling algorithms

Graph-based planners discretise the configuration space into a finite set of vertices 

and edges, then apply deterministic graph search algorithms to guarantee optimal, com-

plete paths [11,14–16]. They build and search an explicit graph before planning, which 

yields exact solutions but can be slow to replan when the environment changes and may 

not result in the smoothest trajectories.

Sampling-based planners, on the other hand, like RRT and RRT*, incrementally sam-

ple random configurations and connect them to form a roadmap or tree, offering proba-

bilistic completeness without precomputing the entire graph [14,15,17]. Their lightweight, 

incremental nature makes them well suited to high-dimensional or dynamic settings, 

where real-time replanning and complex constraints are required.

Graph-based planners guarantee optimal, complete paths in static environments by 

exhaustively constructing and searching the entire graph, but this upfront effort and the 

resulting exponential state space growth make them impractical for high-dimensional or 

dynamic problems [8,18]. In contrast, sampling-based methods offer probabilistic com-

pleteness converging to a solution as the number of samples increases [14,15]. Further-

more, they support real-time replanning through incremental reuse and extension of ex-

isting samples, whereas graph approaches typically incur significant overhead rebuilding 

or heavily editing their graphs when the environment changes.
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Dijkstra:

Dijkstra’s algorithm is one of the most widely used methods for finding shortest 

paths from a single source to all other vertices in a weighted, directed graph with 

nonnegative edge weights [12,18]. The algorithm is a classical greedy procedure for com-

puting single-source shortest-path distances in graphs. The algorithm initialises the 

source vertex d(s) = 0 and assigns all other vertices d(v) = ∞. At each iteration, it extracts 

the unsettled vertex with the minimum tentative distance, “settles” that vertex, and per-

forms relaxation on its outgoing edges; for each neighbour, it updates the neighbour’s 

tentative distance if traversing the settled vertex yields a shorter path. This process repeats 

until every vertex has been settled, at which point the recorded distances coincide with 

the true minimum-cost paths from the source to all other vertices. The algorithm is seen 

to be used in IP and UAV autonomous planning as a baseline for collision-free path com-

putation in known, discretized workspaces [6] valued for its simplicity. However, it does 

explore all reachable vertices, even beyond the goal, which can be wasteful compared to 

goal-directed methods like A* [8,16,18,19].

A*:

A* is a best-first search algorithm that finds least-cost paths from a single start node 

to one or more goal nodes in a weighted, directed graph by combining Dijkstra’s algo-

rithm with greedy best-first search [8,19,20]. It maintains a priority queue (the “open set”) 

of discovered but unexpanded vertices, each keyed by the following:

𝑓(𝑣) = 𝑔(𝑣) + ℎ(𝑣) (1)

where 𝑔(𝑣) is the cost-to-come from start to node 𝑣, and ℎ(𝑣) is the heuristic estimate 

from 𝑣 to goal.

The algorithm initialises the start node with g = 0 and f = h(start) assigns all other 

nodes g = ∞ and in each iteration removes the open set node with the lowest f-value. It 

then “relaxes” each outgoing edge updating a neighbour’s g (and thus f) if a shorter path 

through the settled node is found. It inserts or reprioritises that neighbour in the open set 

[8,18]. This process repeats until a goal node is settled, guaranteeing optimality when h is 

admissible and consistent or the open set is empty (no path exists) [8,19,20]. Its heuristic 

function focuses the search on the goal, rather than blindly expanding outward in all di-

rections. This means that it often computes fewer nodes before finding the optimal route. 

The algorithm utilises several distance functions depending on the circumstance. These 

include the Manhattan distance which is consistent on cardinal-only grids. It is known for 

its speed and simplicity when diagonal steps are not being used. The Euclidean distance 

(seen in this paper) is as follows:

ℎ(𝑣) = √(𝑥𝑣 − 𝑥goal)
2
+ (𝑦𝑣 − 𝑦goal)

2 (2)

where (𝑥𝑣, 𝑦𝑣)  and (𝑥goal, 𝑦goal) are node and goal coordinates.

This is suitable when diagonal movement or free-form movement truly reflect the 

geometric distance, and you can afford the extra computation to ensure the distance is as 

accurate as possible. For 8-connected grids, the Chebyshev distance offers a cheaper-to-

compute yet tighter bound option than pure Manhattan on diagonal moves [8,19,20]. 

While Euclidean heuristics yield the fewest node expansions, Manhattan and Chebyshev 

are often preferred in time-critical applications due to their simpler arithmetic and lower 

computational overhead. Euclidean will be used in this project due to the need for diago-

nal movement.

When running A* in the project, the study will be using an added heuristic weight (ε 

= 1.5). Weighted A* modifies the evaluation function by introducing a weight ε ≥ 1 on the 

heuristic term, so that
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𝑓(𝑣) = 𝑔(𝑣) + 𝜀 ℎ(𝑣) (3)

where 𝜀 ≥ 1 is the heuristic inflation factor

By inflating h, the search becomes more aggressively goal-directed, often exploring 

far fewer nodes than standard A* at the cost of guaranteed optimality. When h is admis-

sible and consistent, weighted A* will return a solution whose cost is at most ε times the 

true optimum [9,10]. In practice, small weights typically yield near-optimal paths with 

significant speedups, while larger weights further reduce runtime but can lead to increas-

ingly suboptimal routes [8,19] Recent works continue to explore weighted A* and real-

time heuristic search [16,21].

RRT:

Rapidly exploring random tree (RRT) is a random sampling-based algorithm de-

signed to efficiently explore high-dimensional continuous state spaces. Rather than con-

structing a full, discrete graph of the environment like Dijkstra or A*, RRT incrementally 

grows a tree of collision-free configurations V connected by feasible local motions E. Start-

ing from the initial state 𝑞"𝑠𝑡𝑎𝑟𝑡", it repeatedly samples a random configuration 𝑞"𝑟𝑎𝑛𝑑" (of-

ten uniformly in the free space) with occasional “goal bias” toward 𝑞"𝑔𝑜𝑎𝑙", finds the near-

est existing tree node 𝑞"𝑛𝑒𝑎𝑟" under some metric d, and “steers” a fixed step δ from 𝑞"𝑛𝑒𝑎𝑟" 

toward 𝑞"𝑟𝑎𝑛𝑑". If the straight-line segment to the new sample 𝑞"𝑛𝑒𝑤" is collision-free, RRT 

adds 𝑞”𝑛𝑒𝑤"  to V and the edge (𝑞"𝑛𝑒𝑎𝑟" ,  𝑞"𝑛𝑒𝑤" ) to E. This simple sample–extend–check 

loop continues until the tree reaches within a user-defined threshold of the goal or until a 

time or iteration limit is exceeded, at which point a feasible path is extracted by backtrack-

ing through the tree edges [22].

RRT uses Euclidean distance to identify its nearest neighbour and uniform random 

sampling to ensure that the tree rapidly spreads through the free space. RRT is only prob-

abilistically complete; it does not guarantee optimality. Its main power lies in its simplicity 

and scalability. The simple loop can handle high-dimensional and continuous planning 

problems that defeat grid-based search options [22].

RRT* and cost-aware RRT*

RRT* was introduced in 2010 as an improved version of RRT. The algorithm main-

tains probabilistic completeness whilst also adding path optimality [5,11] allowing it to 

converge to an optimal solution. The algorithm, however, requires more computational 

power than RRT as it must reselect the parent node and re-route the path.

The RRT* used differs from the standard version by incorporating cost awareness 

that calculates movement costs (distance multiplied by movement_cost) based on the en-

vironment, allowing the algorithm to account for penalty zones and reward regions and 

helping to create more optimal routes like A*. Without this feature, the sampling algo-

rithms would have no chance of keeping up with the deterministic algorithms in terms of 

optimality. Whilst traditional RRT* uses Euclidean distance alone to evaluate path quality, 

this version (CARRT*) multiplies the Euclidean distance by location-specific movement 

costs, enabling more realistic mission-aware planning. As a result, the algorithm adapts 

its growth and rewiring strategy to avoid high-risk areas and exploit beneficial ones. The 

pseudocode for CARRT* can be seen in Algorithm 1.

Algorithm 1. CARRT* pseudocode

1  V ← {x_init}; E ← ∅; parent(x_init) ← NIL; cost(x_init) ← 0

2  nodes_explored ← 0; final ← NIL

3  for i = 1,…,n do

4      x_rand ← (Rand() < p_goal) ? x_goal: SampleFree()

5      x_near ← Nearest( G = (V,E), x_rand )

6      x_new  ← Steer( x_near, x_rand, η )
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7      if ObstacleFree( x_near, x_new ) then

8          X_near ← Near( V, x_new, r_near )          // Euclidean radius

9          // ----- choose parent (classic edge cost = length) -----

10         x_par ← x_near

11         c_min ← cost(x_near) + DIST(x_near, x_new)

12         for each x ∈ X_near do

13             if ObstacleFree( x, x_new ) then

14                 c ← cost(x) + DIST( x, x_new )

15                 if c < c_min then c_min ← c; x_par ← x end if

16             end if

17         end for

18         V ← V ∪ {x_new}; E ← E ∪ {(x_par, x_new)}

19         parent(x_new) ← x_par; cost(x_new) ← c_min

20         nodes_explored ← nodes_explored + 1

21         // ----- rewire neighbors -----

22         for each x ∈ X_near \ {x_par, x_new} do

23             if ObstacleFree( x_new, x ) then

24                 c_rewire ← cost(x_new) + DIST( x_new, x )

25                 if c_rewire < cost(x) then

26                     E ← (E \ {( parent(x), x )}) ∪ {( x_new, x )}

27                     parent(x) ← x_new; cost(x) ← c_rewire

28                 end if

29             end if

30         end for

31         // ----- snap/upgrade goal if close -----

32         if ‖x_new − x_goal‖ < η  and  ObstacleFree( x_new, x_goal ) then

33             if final = NIL then

34                 final ← x_goal; parent(final) ← x_new

35                 cost(final) ← cost(x_new) + DIST( x_new, final )

36             else

37                 c_new ← cost(x_new) + DIST( x_new, x_goal )

38                 if c_new < cost(final) then

39                     parent(final) ← x_new; cost(final) ← c_new

40                 end if

41             end if

42         end if

43      end if

44  end for

45  if final ≠ NIL then return (ExtractPath(final), cost(final), nodes_explored)

46  else return (FAILURE, ∞, nodes_explored)

Similar cost-aware sampling methods have been explored in the recent literature, [5], 

where RRT*-based planners are adapted using dynamic cost maps. In this paper, this cost-

aware RRT* (CARRT*) is used throughout.

Other algorithms used in practice

Many industry-standard algorithms have built on deterministic and sampling for-

mulations to more flexibly incorporate complex cost functions. In graph-based algorithms, 

extra algorithmic functions are added to account for dynamic situations. ARA* and D* 

Lite introduce dynamic replanning capabilities. ARA* starts with a highly inflated heuris-

tic (ε ≫ 1) to rapidly find a suboptimal path and then gradually reduces ε toward 1 to 

tighten optimality bounds, all while reusing prior search effort [22,23]. D* Lite similarly 
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allows fast repair of existing paths when edge costs change making it well suited to envi-

ronments with unfolding no-fly zones or time-dependent risk fields.

Other algorithms such as biology-inspired algorithms and machine learning algo-

rithms are utilised in industry. Genetic algorithms (GAs) emulate natural selection by 

evolving a population of candidate paths through selection, crossover and mutation 

[24,25]. They excel at complex, multi-objective problems such as cooperative multi-UAV 

mission planning [22]. However, they often converge prematurely and run slowly, neces-

sitating careful parameter tuning or hybridization to boost performance. Machine learn-

ing (ML) methods have enabled UAV planners to adapt trajectories in unpredictable, real-

time environments. However, their performance hinges on high-quality data, careful hy-

perparameter tuning, and robustness to distribution shifts, often requiring domain adap-

tation or hybridised strategies [17,26].

Cost functions

Making use of a global cost function can be valuable when prioritising different ob-

jectives. In UAV path planning, cost functions are typically formulated as weighted sums 

of metrics such as distance, energy consumption, risks avoided and mission rewards 

gained to produce a single scalar objective suitable for graph-based or optimisation algo-

rithms [2,18,20]. Different metrics are prioritised for different reasons. It is easy to presume 

that the minimum path length should be prioritised. As the route that minimises the total 

distance travelled, reduces flight time and enhances task efficiency under constant-veloc-

ity conditions, this path corresponds to the shortest flight duration [19,20]. However, pri-

oritising energy consumption may be more important in situations where UAV fuel is 

running low. The study can focus on minimising UAV energy usage by considering the 

number of direction changes per flight. A useful global cost function should provide the 

ability to optimise energy efficiency during the mission [4,27]. The use of penalty and re-

ward zones in our global cost function to help avoid/prioritise certain areas can also be 

implemented. Risk areas could consist of enemy airspace, natural disasters or crowded 

airspace whereas reward areas could consist of high windspeed areas or allies’ airspace 

and need to be considered to various degrees when path planning. This is made possible 

by incorporating them into our global cost function.

Disclaimer: Each penalty/reward zone in the environments has a separate local cost 

function. Local cost functions are made up of a variety of mathematical functions which 

use intensity and a multiplier to shape each reward/penalty zone. The global cost function 

is not to be confused with our local cost functions. The former is applied post hoc to help 

analyse algorithms/environments whilst the latter are built into the environments

Deterministic planners excel when objectives align with geometric optimality, while 

sampling methods offer flexibility in complex spaces. However, prior evaluations typi-

cally bind the cost model to the planner and report results for one objective at a time, 

limiting reuse when priorities change. Soft penalty/reward area and energy turn costs are 

under-represented and rarely subjected to weight-sensitivity analysis. We address these 

gaps by decoupling path generation from post hoc evaluation via a cost function, along 

with introducing parameterised environments with varying penalty/reward structures. 

Lastly, providing a systematic weight sweep and sensitivity study clarifies which algo-

rithms to prioritise.

While the global cost function is identical across all evaluations, perfect objective par-

ity between deterministic and sampling planners is inherently unattainable. The two fam-

ilies operate under fundamentally different search structures. Graph-based methods ex-

pand deterministically on discrete vertices by calculating the least expensive route look-

ing at a base cost, while sampling-based methods explore continuous space probabilisti-

cally. Their optimisation dynamics differ in how paths are created along with how costs 
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are propagated and accumulated. Therefore, our framework focuses on post hoc parity in 

evaluation rather than enforcing strict equality in internal optimisation objectives.

There are several papers using cost functions to help optimise a specific mission ob-

jective [13,28]. Meng et al. utilise a similar cost function structure, allowing for energy use, 

path distance and other similar factors to be considered when scoring a path. This paper 

opts to build on this cost function structure by implementing P (penalty zone) and R (re-

ward zone) into the function. This way, penalty and reward zones can be perceived as 

zones with varying optimality as opposed to no-go obstacle areas allowing different ob-

jectives to lean towards staying in these zones for varying amounts of time. Zhang et al. 

[5] present a path planning method aimed at improving UAV navigation in complex en-

vironments, with emphasis on producing feasible routes under challenging conditions. 

The contribution focuses on proposing and validating a particular path planning algo-

rithm rather than providing a reproducible benchmarking framework for comparing mul-

tiple algorithms under a shared mission objective. In particular, it does not explicitly sup-

port rapid mission re-prioritisation (e.g., shifting from fuel conservation to safety) by re-

evaluating the same generated paths under different weightings, nor is it structured to 

systematically compare planner families, such as deterministic grid-based search and 

sampling-based methods, under one consistent evaluation model. As a result, while 

method papers can demonstrate improved path generation in a target setting, they often 

leave open the practical decision problem of how to choose between fundamentally dif-

ferent planners when mission objectives change. This is where the use of a “post hoc cost 

evaluation function” is so beneficial, because there is no need to restructure any of the 

algorithms in order to work in accordance with a cost function, allowing a post hoc anal-

ysis to present us with the most suitable planner to use for our scenario. Thoma et al. [28] 

provide a strong motivation for explicitly treating the cost model as a first-class design 

choice in UAV planning, rather than assuming a single fixed weighted-sum objective. 

They compare multi-objective cost formulations and quantify how those choices affect 

practical outcomes such as reliability/failure behaviour, distance/time efficiency, and en-

ergy-related metrics. Crucially, their study highlights that performance can be highly sen-

sitive to weight selection. This is an encouraging conclusion given that weight selection is 

at the heart of this paper. However, their contribution remains focused on improving and 

analysing the objective within a specific planning setup, rather than providing a general 

benchmarking methodology for comparing path planner families under rapidly changing 

mission priorities, reinforcing the motivation to create a method using a post hoc, cross-

planner evaluation framework, along with there being no reproducible method of using 

both sampling and deterministic planners to fit specific needs.

Taken together, the recent work demonstrates clear progress in designing richer cost 

functions to encode mission objectives and proposing specialised planners for challenging 

environments [5,13,28]. However, the literature still tends to treat these as separate 

strands: cost function papers often evaluate a single planning setup, spending all their 

time on perfecting an algorithm as opposed to using the pros of each algorithm, while 

method papers typically validate one algorithm against limited baselines and fixed objec-

tives. This leaves a practical gap for active decision making: how to pick the most fitting 

planner when mission priorities shift, without repeatedly redesigning planners or re-

building environments and whilst using both sampling and deterministic planners. Mo-

tivated by these limitations, this paper adopts a post hoc, cross-planner evaluation per-

spective: paths are generated using standard deterministic and sampling-based planners, 

then consistently re-scored under a unified cost model that explicitly captures penalties 

and rewards alongside pathlength and energy. This creates a reproducible basis for mis-

sion re-prioritisation, sensitivity testing, and algorithm selection guidance under chang-

ing objectives.
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3. Materials and Methods

Environments

To provide a good testbed for our reward penalty path planners, the paper designs 

strong environments to use during testing. The study used Jupyter Notebooks 7.5.2 and 

Python 3.14 to design 4 increasingly complex environments (see Figure 1) inspired by 

common strategies in UAV simulation frameworks [29].

Figure 1. Four environments used in the study. Green represents reward areas whilst red penalty 

areas with darker colours representing stronger rewards/penalties. Blue represents the start point 

and orange the end. The same follows for all maps.

All environments make use of different local functions in their penalty and reward 

areas. The local functions used in each environment are defined throughout the chapter 

and are used to increase the complexity of penalty/reward areas, providing additional 

challenges for the algorithms and representing different real-life scenarios. The study used 

logarithmic, exponential, quadratic, step and Gaussian functions, reflecting how UAVs 

must navigate through diverse operational contexts with varying cost implications 

[13,30]. Two parameters, intensity and base multiplier, are used in conjunction with the 

local functions previously listed to punish or reward routes that stay in these areas for 

longer or shorter times. Sometimes you want a gentle push away from danger, sometimes 

a more extreme deterrent. These functions are used to account for these conditions.

The simplest environment is the open environment. This is a basic 20 × 20 grid with 

minimal obstacles and two reward zones. The environment tests the algorithms’ ability to 

choose between the logarithmic safe corridor with gradual benefits and the linear energy 

efficient zone whilst avoiding obstacles. As the local functions are defined, let 𝐶0 denote 

the base movement cost for an unobstructed cell, and m is the zone’s cost multiplier (m > 

1 for penalty zones, m < 1 for reward zones). This local logarithmic function can be written 

as follows:

𝑓log(𝐶0,𝑚,𝑖) = {
𝐶0[1 + ln(1 + (𝑚 − 1)𝑖)],                 𝑚 > 1

𝐶0max[0.1,1 − ln(1 + (1 − 𝑚)𝑖)] ,   𝑚 ≤ 1
                         (4)

where i is an intensity parameter controlling the strength of the logarithmic adjustment (i 

∈ [0, 2]).

With a base multiplier of 0.3 and intensity of 1.2, this corridor provides substantial 

initial cost savings upon first entry, reducing flight costs to approximately 30% of normal, 

making it an appealing option. However, a logarithmic function ensures that extended 

time within the corridor yields progressively smaller additional benefits. This mirrors 
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how benefit saturation works in real-world flight corridors or energy-saving paths in UAV 

missions, where diminishing returns discourage overly prolonged use [31,32].

This mathematical behaviour mirrors real-world scenarios like air traffic control, pre-

ferred routes or established safety corridors, where the greatest advantage comes from 

simply using the designated path, but staying in the corridor for extended periods does 

not provide proportional additional value. For pathfinding algorithms, this creates an in-

teresting strategic decision: the corridor is highly attractive for short detours or connecting 

segments, but algorithms must weigh whether longer routes through the corridor justify 

the extra distance compared to more direct alternatives.

The paper’s second environment is titled “dense urban”. It is designed to simulate a 

city with the abundance of square and rectangle obstacles acting as buildings creating 

narrow corridors and dead ends, causing the algorithm to manoeuvre its way through 

shortcuts. The study made use of two different functions for the penalty zones. The first 

is an exponential function used to simulate a school that can be written a follows:

𝑓exp(𝐶0,𝑚,𝑖) = {
𝐶0𝑒

(𝑚−1)𝑖 ,        𝑚 > 1

𝐶0𝑒
−(1−𝑚)𝑖 ,       𝑚 ≤ 1

(5)

where a larger 𝑖 sharpens growth/decay.

The exponential curve captures the idea that a school zone should be treated almost 

like a no-fly area, without making it impossible (you can fly over it but the penalty you 

incur is very rarely worth it), which mirrors how UAV operators balance legal safety re-

quirements against operational necessities [20,29]. It is likely that planners will either end 

up over-detouring to avoid any risk or waste time exploring the perimeter trying to find 

the one “least bad” entry point.

The environment also makes use of a Gaussian function to represent a hospital which 

can be written as follows:

𝑓gauss(𝐶0, 𝑚, 𝑖, 𝑑, 𝑑max) =  

{
 
 

 
 𝐶0 [1 + (𝑚 − 1) exp(−

1

2(
3𝑑

𝑑max
)
2) 𝑖] ,𝑚 < 1

𝐶0 [1 − (1 −𝑚) exp(−
1

2(
3𝑑

𝑑max
)
2) 𝑖] ,𝑚 ≥ 1

 (6)

where d represents the distance from the zone’s centre and 𝑑𝑚𝑎𝑥 presents the maximum 

distance from the zone centre.

A Gaussian function is used because the core of the site is most sensitive (patients, 

critical operations) and noise or disturbance must be minimised, but a gentle buffer still 

exists around it. This reflects the concept of soft safety gradients used in dynamic risk-

aware UAV planners [27,29]. Cutting through the edge of this zone would not be the 

costliest and should be considered where it could potentially make a path less costly.

The third environment, “mixed terrain”, has an airspace designed to create a hard 

on/off barrier that can be passed but only at great expense. It does this by making use of a 

large central step local cost function:

𝑓step(𝐶0, 𝑚, 𝑖) =  {
𝐶0(1 + 𝑖),         (𝑚 − 1) > 𝜏,
𝐶0                         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

(7)

where τ is the threshold and is equal to 0.5.

Both north and south of this penalty area there are quadratic corridors which can be 

written as follows:

𝑓quad(𝐶0, 𝑚, 𝑖) =  {
𝐶0 [1 + ((𝑚 − 1)𝑖)

2
] ,                           𝑚 > 1

𝐶0max {1 − ((1 −𝑚)𝑖)
2
, 0.1} ,          𝑚 ≤ 1

(8)
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where the floor 0.1  𝐶0 avoids zero cost.

When cost drops sharply towards the centre of these reward tunnels, it encourages 

passing through them. This is consistent with path shaping techniques used in adaptive 

reward modelling for route optimisation [33,34].

Cells just outside the restricted zone may appear deceptively cheap relative to the 

core penalty, luring the search into circling the perimeter. The algorithms must weigh a 

very large shortcut penalty against much longer detours, bearing the question: is it worth 

enduring a large multiplier of base cost for a shorter path?

The last environment used is the multi-objective environment and it is designed to 

be the most complicated for the algorithm to deal with. It forces the planner to juggle three 

very different cost landscapes: a steep exponential “high-risk” trench down the centre that 

carries huge penalties; a smooth, bell-shaped Gaussian reward bubble to the north that 

entices detours but softly tapers off; and a logarithmic reward corridor to the south that 

rewards hugging its path yet contains a quadratic penalty area. Balancing these competing 

objectives, distance vs. exponential penalties vs. mild quadratic hazards, demands careful 

open/closed set management to avoid flip-flopping between paths or getting stuck explor-

ing every fringe of the reward bubbles.

Although UAVs operate in three-dimensional space and are subject to motion con-

straints, this study focuses on global, mission-level route selection rather than low-level 

trajectory generation. The planners considered output plan-view waypoint sequences that 

can be executed using standard path-following and smoothing techniques, with vehicle 

constraints enforced at the tracking or control layer, allowing the findings to be easily 

applied to UAV use. 2D waypoint-based abstractions are widely adopted in UAV mission 

planning, particularly in data collection and monitoring applications where objectives and 

constraints are defined over a ground-referenced workspace and routes are evaluated at 

the mission level [35,36]. Accordingly, the analysis evaluates mission-aware trade-offs at 

the route-selection layer, with extension to full 3D planning left for future work.

Running Algorithms

The study opted to test these environments with the outlined algorithms, so the fol-

lowing are carefully implemented and applied: Dijkstra’s, A* (once with heuristic weight 

of 1 and once with 1.5), RRT and CARRT*. The study did so without the use of a main cost 

function to help understand their behaviour and see if the environments presented the 

challenges they were intended to. The study went on to compare algorithms in Python 

3.14. For each algorithm, their elapsed time, number of nodes explored, total path cost 

(summing per-cell movement costs derived from our penalty and reward systems cost 

local functions), and the reconstructed sequence were recorded in a data class. After exe-

cution, a side-by-side table of results is printed to get a basic understanding of the algo-

rithms in the environments (see Table 1).

Table 1. Algorithm results comparison.

Algorithm Path Cost Nodes Time Path Length

Dijkstra 21.72 517 0.005 24

A* (h-weight = 1) 22.16 134 0.001 24

A* (h-weight = 1.5) 25.90 34 0.000 24

RRT 244.19 150 0.003 25

CARRT* 20.82 2840 1.440 17

The study also opted to visualise each route on a colour-coded map background to 

help understand how each algorithm negotiates the environments (Figures 2–5).
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Figure 2. All algorithms on multi-objective environment.

Figure 3. All algorithms on dense urban environment.

Figure 4. All algorithms on open scenario environment.
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Figure 5. All algorithms on mixed terrain environment.

Disclaimer: Dijkstra/A* (in our main comparisons) plans on base grid cost 𝐶0 and 

are evaluated post hoc with J; cost-aware RRT* queries 𝑐“𝑚𝑜𝑣𝑒“ (a built-in property) dur-

ing expansion to notice penalty/reward zones and is also evaluated with the same post 

hoc J for fair comparison.

A summary of all algorithms behaviour on my environments can be seen below (Ta-

ble 2).

Table 2. Initial takeaways from algorithm performance on the environments.

Environment (Key 

Costs)
Dijkstra A* (ε = 1.0)

Weighted A* (ε =

1.5)
RRT CARRT*

Open—log reward 

corridors

Uses corridor but 

not aggressively. 

Solid cost with 

many expansions.

Exploits corridor 

briefly, balancing 

distance vs. re-

ward. Far fewer 

nodes than Dijks-

tra.

Most goal-directed, 

misses rewards, 

fewest nodes, 

slightly higher cost.

Skims corridor, 

jagged high-cost 

path.

Stays in corridor long-

est to harvest reward, 

lowest cost, but very 

high samples/runtime.

Dense urban—ex-

ponential penalty, 

Gaussian soft zone

Avoids exponen-

tial penalty zone, 

cautious routing 

around blocks; 

high expansions.

Cuts near Gauss-

ian edge to trade 

distance vs. soft 

penalty, low ex-

pansions.

Similar route to A* 

but even fewer 

nodes, greedy push 

does not cross expo-

nential wall.

Explores similar 

route as deter-

ministic planners, 

clips exponential 

penalty zone.

Hugs soft edges, 

strongly avoids expo-

nential, better cost 

than A*/Dijkstra.

Mixed terrain—

central step pen-

alty and quadratic 

reward tunnels

Wide detour 

around step, locks 

onto south reward 

zones.

Tracks south re-

ward zones effi-

ciently.

Greedier arcs, occa-

sionally clips step or 

rewards, fewest 

nodes, higher cost.

Straight through 

penalty area, 

huge cost in-

curred.

Only algorithm capa-

ble of utilising north 

rewards, achieves 

lowest cost.

Multi-objective—

exponential 

trench, Gaussian 

reward, log corri-

dor

Large enough 

nodes for explora-

tion to find south 

reward zone.

Similar path to 

Dijkstra.

Misses out on re-

ward zones but 

does have the short-

est path length.

Very high cost, 

manages to gain 

some rewards 

but not lots.

Very similar to Dijks-

tra again, except with 

a slightly smoother 

path.

Global cost function

After experimenting with the algorithms and environments, it was time to design a 

global cost function. The function’s mission weights should be adjustable and used to pri-

oritise and experiment with different mission objectives. First, the study defines adjustable 

mission weights (𝛼, 𝛽, 𝛾, 𝛿 ) allowing chosen parameters to be given different weights. 
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These are path length, energy, penalties, and rewards like those discussed in [13]. This 

global cost function will be calculated using the formula:

𝐽 = 𝛼𝐿 + 𝛽𝐸 + 𝛾𝑃 − 𝛿𝑅 (9)

where 𝐿 = total path length (measured using Euclidean distance), 𝐸 = energy surrogate 

(defined below), 𝑃 = accumulated safety penalties (unitless cost above base), 𝑅 = accu-

mulated rewards (unitless cost below base), and 𝛼, 𝛽, 𝛾, 𝛿 ∈ 𝑅 ≥ 0 are mission weights.

Energy/turn model (per step)

𝑠𝑡𝑒𝑝𝑒𝑛𝑒𝑟𝑔𝑦   =  𝑏𝑎𝑠𝑒𝑒𝑛𝑒𝑟𝑔𝑦   [1 + 0.3 
∣𝜃∣

𝜋
] (10)

where 𝑏𝑎𝑠𝑒𝑒𝑛𝑒𝑟𝑔𝑦 is a constant per move (unitless), 𝜃 is the heading change at the step 

(rad), and 𝜋 is pi; the total 𝐸 is ∑ over steps of 𝑠𝑡𝑒𝑝_𝑒𝑛𝑒𝑟𝑔𝑦.

Penalising paths that use multiple direction changes and penalising sharp directional 

changes is heavily inspired by [18,26] Each penalty/reward zone has a separate local cost 

function. Local cost functions are made up of a variety of mathematical functions which 

use intensity and a multiplier to shape each reward/penalty zone defined earlier. The 

global cost function is not to be confused with our local cost functions. The former is ap-

plied post hoc to help analyse algorithms/environments whilst the latter are built into the 

environments.

Running Algorithms and Applying Cost Function

To run the experiment in a safe and efficient manner, the study made use of caching 

to avoid rebuilding environments every time an algorithm’s ran through them. Caching 

also ensures that every parameter configuration is evaluated consistently on the same en-

vironment instances, which is essential for fair comparisons. This is a common practice in 

reproducible robotics research [18,30].

The paper then proceeds to complete a full grid sweep post hoc, iterating over all 

combinations of the four mission weight parameters (𝛼, 𝛽, 𝛾, 𝛿), followed by parameter 

sensitivity analysis allowing parameters to be adjusted accordingly. This adjustment im-

proved the interpretability of results without altering algorithm behaviour or overall con-

clusions. Predefining this broader range from the outset would have yielded similar 

trends, differing only in scale rather than direction, as the underlying cost structure and 

planner performance remained consistent. Expanding the range mid-analysis does not al-

ter the paths; however, it does make the influence of γ easier to see and interpret. Also, 

allowing 𝐿, 𝐸, 𝑃 𝑎𝑛𝑑 𝑅 to compete more meaningfully in the global cost function better 

reflects realistic mission trade-offs. In the code we use 𝛼, 𝛽 ∈ {0.5,1.0,1.5,2.0}, 𝛾 ∈

{0.5,1.0,2.0,3.0}, 𝑎𝑛𝑑 𝛿 ∈ {0.5,1.0,1.5,2.0},  yielding 256 weight configurations applied 

across four environments and five algorithms (5120 runs). Each configuration was exe-

cuted three times to ensure robust statistical comparison, particularly for sampling-based 

planners (RRT, CARRT*). The resulting 15,360 total runs (3 × 5120) were combined into a 

single aggregated dataset (CSV) for analysis.

To evaluate how different mission priorities affect the suitability of existing pathfind-

ing algorithms, the global cost function is applied in a post hoc manner making use of the 

effectiveness of decoupling path generation and cost evaluation by computing candidate 

UAV routes using traditional methods, then assessing them using a mission-specific cost 

model. Thoma et al. [28] evaluate fixed planner outputs under varying cost–weight con-

ditions to understand how trade-offs like obstacle proximity and vertical manoeuvring 

influence total mission cost. This method allowed rapid experimentation without modi-

fying the core logic of each algorithm. It also mirrors real-world scenarios where planners 

may be fixed due to certification or hardware limitations, but mission objectives change 

dynamically. By decoupling the cost evaluation from the path generation process, the 

study was able to systematically explore a wide range of mission configurations that 
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achieve different mission objectives (e.g., low-fuel route, high-safety route) while main-

taining consistency and comparability across all runs. Comparing the total costs of algo-

rithms and environments under these set parameters provides answers to questions like 

“Which algorithm performs best when prioritising low fuel?” and “Which algorithm is 

able to prioritise safety whilst being computationally efficient?”. A table summarising the 

methodology can be seen below (Table 3).

Table 3. Table summarising methodology.

Aspect Setting/Value

Total runs
Total runs: 15,360 runs = 256 weight combos × 4 environments × 

5 algorithms × 3 trials (aggregated)

Runs per env algo-

rithm pair
256 (all α, β, γ, δ combinations)

Weight sweep (post

hoc JJ)

α ∈ {0.5, 1.0, 1.5, 2.0}

β ∈ {0.5, 1.0, 1.5, 2.0}

γ ∈ {0.5, 1.0, 2.0, 3.0}

δ ∈ {0.5, 1.0, 1.5, 2.0} → 256 combos

Algorithms Dijkstra; A* (h = 1.0); A* (h = 1.5); RRT; CARRT*

Planner hyperparam-

eters

A*: Euclidean heuristic; weight = 1.0 or 1.5

RRT: Max iterations = 2000, step size = 2.0, goal bias = 0.1

CARRT*: As RRT + search radius = 3.0 (rewiring, cost-aware)

Base movement cost 𝐶0 = 1.0 (used everywhere unless zone modifies it)

Cost fields and guards
Functions: Linear, exponential, quadratic, logarithmic, step, 

Gaussian. 

Energy model EE Turn penalty per step = base_energy[1+0.3∣θ∣/π]

Mission cost JJ (post

hoc)
𝐽 = 𝛼𝐿 + 𝛽𝐸 + 𝛾𝑃 − 𝛿𝑅

Environments (grid, 

start→goal)

- Open 20 × 20, (1,1) → (18,18)

- Dense urban 25 × 25, (2,2) → (22,22)

- Mixed terrain 30 × 20, (2,10) → (27,10)

- Multi-objective 25 × 25, (1,12) → (23,12)

4. Analysis, Results and Discussion

The first part of the analysis was filtering for successful runs and tracking the success 

rate of runs. The study then automatically computed and logged average overall and per-

algorithm/per-environment success rates across the three sweeps. The first of these ranks 

the best parameter combinations for lowest total cost in an attempt to understand each 

parameter’s influence (Table 4).

Table 4. Top parameter combinations by mission cost.

Case α β γ Δ Cost

1 0.5 0.5 3.0 2.0 25.00

2 0.5 0.5 0.5 1.0 27.68

3 0.5 0.5 0.5 2.0 28.54

4 0.5 0.5 0.5 0.5 28.88

5 0.5 0.5 0.5 1.5 29.58

It is noticeable that path length and energy consumption weights stay at their lowest 

value, and it is only safety penalties and reward benefits that are changing in the top five 

combinations. It can be taken away that γ and 𝛿 seem to be the most appropriate to tune 

to acutely alter mission costs. This is to be expected as avoiding bad zones and travelling 
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through good zones will help keep cost low. α and β staying low is interesting as it shows 

in our environments that path length and energy clearly have the greater influence on 

total cost. It is observed that there are no instances in the top five parameter combinations 

where γ and 𝛿 values were the same and α or β changed around them. This means that 

α and β changes are far more influential in total cost and the planners’ routes may not be 

travelling through enough reward/penalty zones. This is to be always expected as path 

length and energy always influence total cost, but reward and penalty zones only effect 

the cost when in their respective zones.

The one-at-a-time sensitivity analysis (Figure 6) revealed that increasing α and β 

caused sharp increases in the total mission cost of +82% and +74% respectively, despite no 

change to the underlying path. This is consistent with a post hoc cost framework, where 

these parameters scale the evaluation of already-generated paths [37]. γ displayed a con-

vex cost curve, indicating that small increases were manageable, but large values resulted 

in sharp cost escalation; this is likely to do with the local functions in the penalty areas not 

behaving linearly. 𝛿, on the other hand, decreased the cost steadily (–9% overall), though 

the effect size was smaller. This is likely due to there not being enticing enough reward 

zones or only one or two environments having a beneficial enough reward zone to be 

passed through. The study raised the γ parameter range from 1.5 (0.5–2) to 2.5 (0.5–3) 

because of its low sensitivity and in future work would raise even higher along with 𝛿 to 

match α and β’s levels of sensitivity. This sensitivity analysis could be used further to tune 

parameters accordingly.

Figure 6. Parameter sensitivity analysis (averaged across three independent sweeps).

The heatmaps offer valuable insight into how combinations with different mission 

weights affect the evaluated cost of fixed paths [15], where the coordinates denote the total 

cost at different parameters. In the α–β heatmap, for example, the total mission cost in-

creases smoothly and predictably as both weights rise. α and β serve as near-linear scalars 

on unchanging path lengths and energy values. More interestingly, the pairwise heatmaps 

involving γ and 𝛿 (Figure 7) reveal how the relative weighting of safety penalties and 

reward benefits shapes the overall mission evaluation.
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Figure 7. γ vs. 𝛿 heatmap (results from CSV averaged across three independent sweeps).

When γ is high and 𝛿 is low, costs climb rapidly, particularly for paths that enter or 

skirt high-penalty zones. Therefore, it is often optimal to minimise one whilst maximising 

the other to avoid any cancellation effects that could obstruct objectives. While these 

heatmaps cannot inform us about path selection, they can help identify which mission 

weights lead to higher or lower perceived mission costs under different scenarios, offering 

a practical tool for tuning mission parameters in environments where planners cannot be 

modified.

A useful function of this post hoc analysis is that all algorithms and environments 

can be compared under specific mission parameters to help understand which algorithms 

to use for certain mission objectives like a low-fuel route.

It is worth exploring how our cost function interacts with the algorithms in different 

ways. To do so, the study analysed a correlation heatmap showing, for each algorithm, 

how strongly each weight moves the total mission cost up or down by stating an r value 

(Figure 8).

Two behaviours emerge: the deterministic algorithms exhibit strong positive corre-

lations with α and β (≈0.56–0.74), confirming that bumping up the distance or energy 

weight simply multiplies the cost of the chosen, often shortest, path route as seen earlier. 

These deterministic planners are very good at finding this route and it becomes apparent 

that often the risk incentives to cut through a penalty zone to shorten a path are not worth 

the cost benefits. Increasing A*’s heuristic weight has almost no effect on these correlations 

(h = 1 being slightly more energy efficient), showing that the deterministic algorithms are 

all successfully finding the most optimal path length in the environments, even with a 

higher heuristic weight, and meaning it usually makes more sense to choose a high heu-

ristic weight as it costs less computationally. In contrast, sampling planners’ responses 

vary. The continual optimisation and altered cost awareness makes our CARRT* much 

more responsive to the cost terms and smoother path giving it an advantage on the deter-

ministic algorithms when it comes to path weight. RRT, on the other hand, suffers from a 

“first valid path strategy”. Because of this, it often finds short-enough paths quickly but 

does not refine them, resulting in weak correlations with α and β. 𝛿 behaves consistently, 

retaining a mild negative correlation (≈−0.01 to −0.10) across every algorithm, so any 

method that can reward areas achieve the cost benefit. This shows that the environments 
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have low reward incentives, confirming 𝛿 ’s intended behaviour, although maybe not 

having as extreme as an effect as intended.

Figure 8. Parameter vs. algorithm heatmap.

The neutrality of the γ parameter with the deterministic algorithms suggests that 

these algorithms are structurally resilient to even the more complex penalty local func-

tions and that they are enough to deter the algorithms from travelling through the penalty 

areas in the first place. Consequently, increasing γ has little to no effect on the final path 

selected, as those penalty areas are already being avoided through default graph traversal 

behaviour. CARRT* has a small exception as it is smart enough to skim through the out-

skirts of the Gaussian penalty section in the dense urban environment so to not acquire 

any large penalties. In contrast, RRT displays a moderate positive correlation with γ, in-

dicating that as safety weighting increases, so does the total cost. This is likely due to 

RRT’s clumsy method of exploring space. When γ is emphasised, the planner is penalised 

more for entering or skirting unsafe regions.

Among the tested algorithms, our CARRT* consistently achieved the lowest total cost 

and highest path efficiency, with an average cost nearly 10 units below any other algo-

rithm. However, this comes at the cost of significantly higher computational overhead, as 

evidenced by both the number of nodes explored (1776) and the average runtime (0.63 s) 

(Table 5). In contrast, deterministic planners such as A* and Dijkstra completed in under 

4 ms, highlighting their computational advantage for real-time applications.

When comparing both A*s, it is noticed that a higher heuristic weight (h = 1.5) has 

significantly fewer nodes explored and a runtime of less than half (0.00032 vs. 0.00076) but 

a better efficiency score (straight-line distance from start to goal/actual path length). How-

ever, due to its lack of nodes explored, it misses out on beneficial reward zones, that h = 1 

did not miss out on. This gives h = 1 a better average cost; this was also noticed by Pohl et 

al. [9] and remains an active area of research in adaptive heuristic tuning for UAV plan-

ners [21]. Dijkstra performs competitively but lacks goal biassing, resulting in more nodes 

explored and a longer runtime (0.0028).

The basic RRT, while fast (for a sampling-based algorithm) (0.0016 s), suffers from 

poor path efficiency and high cost variance due to its “first valid path” nature, showing a 

clear trend in the cost vs. computation trade-off along with a direct relationship between 

average nodes explored and average runtime. Optimal planners like CARRT* are well 

suited to high-stakes missions where quality dominates, whereas lighter heuristics may 

be preferable for time- or resource-constrained contexts.
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Table 5. Algorithm comparison table.

Algorithm Avg Cost Path Efficiency Avg Nodes Explored Avg Runtime

A* (h = 1.0) 61.60 0.822 110 0.00076

A* (h = 1.5) 66.83 0.855 41 0.00032

Dijkstra 60.18 0.837 458 0.002780

RRT 159.18 0.707 110 0.001644

CARRT* 50.34 0.869 1776 0.628612

To further evaluate computational efficiency, a Pareto front analysis was conducted 

between total mission cost and computation time (see Figure 9)

Figure 9. Pareto front of mission cost vs. computation time.

Figure 9 allows the paper to identify two specific regions. First, a low-time frontier 

dominated by Dijkstra and A* (h = 1) which achieves near optimal paths in milliseconds 

and, secondly, a high time frontier led by CARRT* achieving the lowest achievable cost 

when the computation time reaches 0.615. Weighted A* (h = 1.5) and RRT were consist-

ently dominated, indicating that their additional runtime does not translate into improved 

cost performance. This trade-off visualisation reinforces earlier findings that deterministic 

planners are best for time-critical operations, whereas cost-aware sampling methods be-

come preferable when computation budgets permit extended optimisation.

RRT efficiency and tuning

The observed high variance of RRT is consistent with the lack of optimality in its 

design. The algorithm stops searching as soon as it reaches its goal, and these early con-

nections often produce jagged routes incurring excessive turn penalties, especially in clut-

tered environments where lots of obstacle avoidance is needed. Our post hoc energy term 

also penalises direction changes so even when geometric length is acceptable, turn penal-

ties inflate the mission cost. Parameter tuning of step size and goal bias could be used to 

reduce variance and improve efficiency; however, it would not be able to remove the 

structural limitations that the algorithm poses. If the step size is too large, it would result 

in skipping around obstacles as well as steeper turns. On the other hand, too small would 
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result in many nodes and a slower algorithm. For goal bias, too high would result in bee-

lining into obstacles near the goal, wasting iterations, whilst too small would again result 

in a slow convergence. In practice, setting the step size to the obstacle scale (≈0.5–2 cell 

widths) and using a moderate goal bias (≈0.05–0.2) will help performance. On top of this, 

I could look at introducing an iteration budget to reduce variation (at the cost of speed) 

and spline smoothing to improve energy efficiency. However, these adjustments do not 

change the algorithm’s optimisation properties. In our experiments, RRT remains consist-

ently outperformed by methods that explicitly re-optimise (CARRT*), especially when en-

ergy and risk terms are significant in the mission objective. Therefore, it makes sense to 

tune RRT to prioritise speed as it is the best option when opting for a quick sampling-

based algorithm.

Post hoc cost analysis is highly effective for assessing algorithm suitability across di-

verse mission goals by applying a consistent cost function to precomputed paths [28,29]. 

This method allowed us to evaluate algorithm performance across five UAV missions us-

ing parameter filtering:

• Low-Fuel Route: High β (≥1.5), low α (≤1.0)—energy efficient.

• High-Safety Route: High γ (≥2.0)—safety focused.

• Speed-Priority: High α (≥1.5), low β,γ (≤1.0)—fast routes.

• Reward Focused: High δ (≥1.5)—reward seeking.

• Balanced Mission: All parameters = 1.0—moderate approach.

The paths evaluated are the ones seen in Figures 2–5. In the low-fuel route scenario, 

where energy efficiency is prioritised, CARRT* clearly outperforms all other planners, 

achieving both the best single-run energy cost (9.791) and the lowest average energy cost 

(14.542) (see Table 6). This is consistent with CARRT*’s known ability to continuously 

refine solutions emphasising smooth, low-energy paths.

Table 6. Mission objective table.

Scenario Runs Best Algorithm Best Metric Average Cost

Low-Fuel Route 3840 CARRT* 14.494 78.58

High-Safety Route 7680 A* (h = 1.0) 1.000 84.88

Speed-Priority 1920 CARRT* 28.623 75.32

Reward Focused 7680 Dijkstra 3.897 78.35

Balanced Mission 60 CARRT* 40.012 57.94

Disclaimer: The best metric refers to the key performance metric that defines success 

for the scenario, e.g., for the high-safety route the paper refers to the best safety score. The 

average cost refers to how costly the average mission is over all runs under these condi-

tions.

In the high-safety route scenario, all deterministic planners achieve perfect safety 

scores (1.000), with only RRT deviating significantly due to its non-deterministic path 

planning. However, despite the similar scores, the total costs differ across algorithms, with 

CARRT* incurring the lowest average cost (50.34) and Dijkstra and A* ranging higher 

(≈60–66), suggesting that while deterministic planners are equally effective at avoiding 

unsafe zones on these environments, CARRT* finds paths that avoid these zones with 

shorter or more efficient routes. Environmental variation is also notable: all planners 

achieve full safety in the open environment, but performance degrades slightly in dense 

urban or multi-objective contexts for RRT, highlighting the difficulty of some environ-

ments to navigate.
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When prioritising speed (path length, not computation time), CARRT* again leads, 

achieving the shortest average path length (28.623) and lowest total cost among all plan-

ners. A* (h = 1.5) follows closely, with slightly longer paths but better performance than 

its more conservative variant (h = 1.0). This demonstrates that heuristic weighting within 

A* can improve the responsiveness to speed-oriented objectives whilst lower heuristic 

weights are more likely to go chasing reward zones.

The reward focused mission highlights a different challenge: maximising reward col-

lection (via high 𝛿). Surprisingly, Dijkstra achieves the highest average reward (3.897), 

narrowly outperforming A* (3.885), despite not being optimised for reward seeking be-

haviour. This suggests that in many cases, the most efficient or shortest paths inherently 

pass through reward areas, especially in structured environments like mixed terrain. 

CARRT* underperforms here, which may be due to its sensitivity to spatial reward layout; 

if rewards are unevenly or distantly placed, CARRT*’s optimisation may avoid them in 

favour of overall path smoothness.

Last is the balanced mission, which has all parameters set to the same value. Despite 

only 20 qualifying runs, CARRT* again emerges as the most cost-effective algorithm (avg. 

cost = 50.34). The extremely high cost and variance for RRT (avg. cost = 159.18) reinforce 

its unsuitability for general-purpose missions. This scenario also shows that deterministic 

planners like A* and Dijkstra fall into a middle ground, producing moderately high costs 

with relatively predictable performance (Figure 10). Interestingly, the cost across environ-

ments rises with terrain complexity, peaking in multi-objective scenarios. This aligns with 

earlier findings: post hoc evaluation reveals that planner performance is highly context-

sensitive, and optimal performance arises when both parameters and algorithms are spe-

cifically tailored to the mission’s core objective. This framework should therefore be used 

as a guide to use on other environments as opposed to inflexible facts about planners to 

help lazily pick from.

Figure 10. Mission objectives vs. algorithms. The circular markers denote statistical outliers, de-

fined as mission costs lying beyond 1.5 times the interquartile range.
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In summary, CARRT* excelled in low-fuel and speed-priority missions; deterministic 

planners performed similarly in high-safety missions; Dijkstra and A* were unexpectedly 

strong in reward-focused scenarios; and RRT was generally unsuitable due to its high 

variance.

In Figure 10 it can clearly be seen that RRT consistently performs the worst with huge 

outliers and CARRT* the best in total cost, with Dijkstra and A* (h = 1) performing well 

too. In cases where a low computation time is important, deterministic algorithms may be 

preferred, such as A* (h = 1.5). Finally, in conditions where reward areas are heavily fa-

voured, Dijkstra is preferred. Please refer to Table 7 for more details.

All experiments were run three times on an Apple M2 CPU with identical environ-

ment and collision-checking parameters. CARRT* explored roughly 3–4× more nodes than 

Dijkstra or A*, explaining its higher runtime.

Table 7. Summary of mission objective findings.

Mission Ob-

jective
Priority

Favoured Al-

gorithm
Key Strength When to Use

Low-fuel Energy efficient CARRT*
Smooth, low-energy 

trajectories

Missions with limited 

battery/fuel or endur-

ance-critical flights

High-safety

Obstacle and 

penalty avoid-

ance 

A* (h = 1.0), 

Dijkstra

Collision-free and 

great penalty zone 

avoidance

Search and rescue, 

disaster monitoring, 

or regulated airspace

Speed-prior-

ity

Shortest travel 

distance
CARRT*

Keeps travel distance 

low whilst maintain-

ing a smooth path

Time-critical deliver-

ies or rapid recon-

naissance

Reward fo-

cused

Maximising re-

ward regions
Dijkstra

Naturally explores 

beneficial corridors

Data collection or re-

source-mapping mis-

sions

Balanced 

mission

Equal trade-off 

between all fac-

tors

CARRT*
Strong overall perfor-

mance

General-purpose or 

mixed-objective oper-

ations

Rapid ap-

proximation

Fastest compu-

tation time
A* (h = 1.5)

Quickest initial feasi-

bility check

Rough trajectory gen-

eration or preplan-

ning stage

Post hoc method evaluation

The paper’s framework generates paths with existing planners and then re-scores 

them post hoc with a global cost function. This gives very high adaptability in mission 

prioritisation (weights can be changed instantly without touching certified planner code) 

but does not by itself change the path online. In contrast, real-time cost-aware planners 

(e.g., D*/RRT* variants with embedded costs) adapt the path during execution but require 

modifying/searching with the new cost model and re-verification. The paper argues that 

this trade-off is beneficial in practice as it provides adaptability via providing us with the 

framework to select between algorithms based on changing mission priorities. Many real 

missions experience objective change faster than map change (e.g., fuel drops, deadlines 

tighten, priorities shift to safety) while the geometric environment is relatively stable. In 

these cases, rapid re-prioritisation of the same candidate paths is exactly what is needed.

Although the framework only looks at static environments in this paper, it could be 

adapted to deal with dynamic environments by constantly re-scoring existing candidate 

paths when the position of penalty/reward zones change. If the new score of the cost func-
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tion changes, we can trigger a replan; otherwise, we keep the current path. We keep reg-

ulatory constraints (no-fly areas) as hard feasibility constraints inside the planner, so that 

they are never traded against mission weights, and we reserve the global cost for tuneable 

preferences like distance, energy, and soft risk/reward. Crashes are seen as the worst pos-

sible scenario, and this helps avoid them at all costs.

5. Conclusions

The results show that while deterministic planners deliver consistent performance in 

structured or low-complexity settings, the CARRT* variant achieves the best overall mis-

sion cost and path efficiency across the full range of environments, including those with 

complex penalty and reward fields. The global cost framework that combines distance, 

energy, penalties and rewards proved effective for comparing planners under different 

mission priorities. Sensitivity and minimal-cost analyses further clarified how weight 

choices drive outcomes, offering a principled basis for setting parameters in future work.

Post hoc cost evaluation, although it does not modify the paths themselves, was cru-

cial for mission-specific analysis, fair algorithm comparison and fast experimentation. Ap-

plying a single cost function to precomputed paths made it possible to reassess fixed plan-

ner outputs as priorities shifted, mirroring real deployments where planners may be fixed 

or certified, but mission requirements vary. This provides a practical and reproducible 

way to select algorithms and configurations that best match the operational objective.

Taken together, the study indicates clear tendencies: CARRT* excels for low-fuel and 

speed-priority missions; A* and Dijkstra perform strongly in high-safety contexts; Dijkstra 

can be competitive when rewards dominate; and basic RRT is generally unsuitable due to 

its high variance and poor path efficiency. Overall, aligning the algorithm choice and cost 

weighting with mission priorities is critical for achieving optimal UAV path planning per-

formance, and post hoc analysis offers an efficient route to that alignment. This work 

demonstrates a reproducible framework for UAV path planning evaluation, enabling fu-

ture researchers and practitioners to align the algorithm choice with mission-specific ob-

jectives.

6. Future Work

The study is easily extendable. It would be a useful exercise to run more algorithms 

through the environments to compare different pathfinding methods, broadening special-

ist algorithm selection to cater towards specific mission objectives. There are many differ-

ent variations in RRT* that would be particularly useful to experiment with to cater for 

sampling efficiency and kino-dynamic and energy-aware RRT* for realistic vehicle limits. 

In a similar way, new environments of different dimensions or with dynamic elements 

could easily be added as an extension under the cost function, allowing us to broaden our 

algorithm selection further as well through dynamic pathfinding.

A big section of the work looked at parameter sensitivity analysis. This is a useful 

study as it improves the understanding of which parameter settings, relative to environ-

ments, have the biggest influence on mission cost and which parameters act similarly. To 

build on this, in future work these findings could be used to tune parameters, increasing 

the range of less sensitive parameters to allow γ and 𝛿 to influence the total mission cost 

more heavily, creating more balanced mission objectives. This would allow for more cre-

ativity in mission objective options. That being said, more mission objectives could easily 

be added as an extension of the project, and parameter tuning would just be used to give 

more punch to less favoured parameters.
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