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Abstract 

Wildfires generate rapidly evolving hazard landscapes that disrupt ground-based logis-
tics and render conventional disaster-response operations ineffective, motivating the use 
of unmanned aerial vehicles (UAVs) in civil-protection missions such as medical resup-
ply, casualty search-and-rescue, and perimeter surveillance. Existing evaluations, how-
ever, share a common limitation: they assess performance using navigation-centric met-
rics—primarily success rate—without accounting for the temporal value of the mission 
objective. This paper characterises, within each planner family, how a single risk coeffi-
cient ρ governs the trade-off between navigation success and time-decaying mission 
value: holding each family’s algorithm and replan trigger fixed and sweeping only ρ iso-
lates its effect, so that the risk setting maximising a family’s navigation success need not 
maximise its mission value. To study this, FLARE is introduced, a deterministic bench-
mark for fire-landscape adaptive risk evaluation, inspired by recent Greek wildfire events; 
all hazard dynamics (fire spread, structural collapse, moving obstacles, dynamic no-fly 
zones) are modelled as benchmark abstractions rather than incident-specific reconstruc-
tions. FLARE evaluates eight planners spanning six risk-handling paradigm families, iso-
lating the risk coefficient by sweeping ρ within each family (algorithm fixed) with A* as 
the risk-blind static reference, and quantifies mission impact—medication efficacy, casu-
alty survival, and data freshness—through a strictly time-decreasing mission-score func-
tion. The mission-value leverage of ρ is strongly family-dependent: decisive for the incre-
mental soft-cost-inflation family—whose success-optimal ρ collapses its mission value 
(0.91 → 0.41)—strong for the worst-case (CVaR) family, moderate for the sampling family, 
and negligible for the reactive, hard-threshold and frequent-replan families. In some fam-
ilies the success-optimal and mission-optimal ρ diverge—a within-family ranking inver-
sion—while in others they coincide; because the algorithm is fixed across each sweep, the 
divergence is attributable to ρ alone. Success of navigation is therefore a necessary but 
insufficient proxy for mission effectiveness, and the risk coefficient is a meaningful per-
family parameter for mission-aware configuration. 
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1. Introduction 
Natural disasters such as wildfires, earthquakes, and floods generate rapidly evolv-

ing hazard landscapes that severely disrupt ground-based logistics. In such events, the 
timely delivery of medical supplies, situational awareness, and casualty location consti-
tutes the primary operational objective for emergency responders [1,2]. Traditional relief 
operations rely on manned helicopters and ground convoys; however, both modalities 
suffer from road network damage, airspace congestion, and limited scalability [3]. Un-
manned aerial vehicles (UAVs) have emerged as a promising alternative, offering low-
cost, rapid-deployment platforms capable of operating in degraded environments where 
manned access is infeasible [4,5]. 

Over the past decade, extensive research has addressed the UAV path planning prob-
lem across a range of algorithmic families: graph-search methods such as A* [6] and D* 
Lite [7], potential-field approaches [8], sampling-based planners, meta-heuristic optimis-
ers, and, more recently, deep reinforcement learning agents [5,9,10]. Comprehensive sur-
veys confirm that path planning remains one of the most actively studied problems in 
UAV autonomy, with over 3500 publications indexed between 2000 and 2024 [11,12]. Risk-
aware extensions that modulate edge costs by proximity to hazards have further im-
proved planner robustness in cluttered environments [13–15]. 

Despite these advances, most existing evaluations share a common limitation: they 
assess planner performance using navigation-centric metrics—path length, success rate, 
or computation time—without accounting for the temporal value of the mission objective 
[16]. In disaster response, however, mission effectiveness degrades monotonically with 
elapsed time: insulin delivered after 200 steps carries substantially greater clinical value 
than the same delivery at 800 steps [17,18]. Navigation success is therefore a necessary but 
insufficient proxy for mission effectiveness. 

This distinction is particularly acute in wildfire events, where the hazard landscape 
expands continuously, and cellular-automaton (CA) fire models with wind-directional 
spread [19–23] have been widely adopted to capture this geometry. 

In light of the above, the present study characterises, within each planner family, how 
the risk coefficient ρ mediates the trade-off between navigation success and time-decaying 
mission value. To investigate this effect, FLARE (Fire-Landscape Adaptive Risk Evalua-
tion) is introduced, a deterministic benchmarking framework in which each family is pa-
rameterised by the risk coefficient applied to a shared hazard cost map and evaluated 
against a time-dependent mission-value function that jointly captures survival probability 
and time-induced degradation from a single deterministic replay. To the best of our 
knowledge, no prior work integrates a risk-parameterised planner configuration with a 
strictly time-decreasing mission-value function in a deterministic and reproducible wild-
fire benchmark. FLARE’s specific contribution is to show, in this controlled setting, that 
within a single planner family the navigation-optimal risk coefficient can diverge from the 
mission-optimal one. 

The primary contributions of this study are threefold. 
(a) First, a deterministic benchmarking framework for wildfire emergency response 

is introduced for the rigorous evaluation of UAV path planners, considering coupled 
time-varying hazard dynamics (cellular-automaton fire spread, structural collapse, road-
network interdictions), and situated against existing simulators through a four-dimen-
sional capability matrix. 

(b) Second, a risk-parameterised planner suite is presented in which a single scalar ρ 
makes risk sensitivity an explicit per-family parameter. The core instrument is a within-
family sweep of ρ with each algorithm held fixed, so that any resulting change in perfor-
mance is attributable to the risk coefficient alone under identical environmental condi-
tions, directly isolating ρ from planner architecture. 
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(c) Third, the within-family ranking inversion is characterised: for each planner fam-
ily, how its own optimal risk coefficient ρ shifts across metrics (navigation success, sur-
vival probability, mission effectiveness) is quantified, establishing that the inversion is a 
per-family regime—decisive in some families and absent in others. 

The remainder of this paper is organised as follows: Section 2 reviews the relevant 
literature and positions FLARE among existing simulators. Section 3 introduces the 
benchmark design and the proposed approach. Section 4 presents the per-family risk-co-
efficient sweep, the resulting within-family ranking inversion, and its robustness. Section 
5 interprets the main findings. Finally, Section 6 concludes the paper and suggests ave-
nues for future research. 

2. Background and Related Work 
This section provides an overview of the fundamental concepts and prior research 

relevant to the present study with respect to UAV path planning in disaster responses, 
reproducible benchmarking, and dynamic environments. 

The operational deployment of UAVs in disaster-response contexts has been the sub-
ject of several recent comprehensive reviews. Yücesoy et al. [2] survey operations-research 
applications of drone technology across the disaster-management cycle, complemented 
by reviews of search-and-rescue [24] and healthcare and emergency services [25]. 

Path planning remains a central enabling technology for these missions. Recent tax-
onomies classify planning algorithms into five principal categories—classical, heuristic, 
meta-heuristic, machine-learning, and hybrid methods [26], and ablation studies on hy-
brid architectures have been reported in [13,27–30]. Additionally, reproducibility stand-
ards for learning-based planners originate from Henderson et al. [12] and have been ex-
tended in the broader benchmarking literature [31–34]. 

With respect to the challenges associated with dynamic fire environments, CA mod-
els with wind-directional spread [19–21] provide the base dynamics on top of which Wang 
et al. [22] address multi-target firefighting task allocation in dynamic forest fire environ-
ments, while Liu et al. [23] and Zhao et al. [35] consider collaborative swarm strategies 
under resource constraints. 

Within graph-search planning, A* [6] yields cost-optimal paths under admissible 
heuristics on static graphs but requires a full re-expansion whenever the cost map 
changes, which is incompatible with the per-step hazard updates produced by wildfire 
dynamics. D* Lite [7] addresses this limitation through incremental graph repair, reusing 
the search tree across replans and bounding worst-case re-expansion to the cells whose 
costs changed since the last query. Anytime variants such as ARA* and the lifelong-plan-
ning family LPA* further trade optimality for bounded responsiveness, but in all cases the 
planner remains agnostic to the temporal value of the mission objective—the metric of 
merit is path length or replan latency, not the value of the goal at the time of arrival. 

Risk-aware extensions of these planners modulate edge costs by proximity to hazards 
[13–15,29] and have been applied to drone routing under obstacle uncertainty, GPS-de-
graded environments, and chemical-plume navigation. The common construction inflates 
traversal cost as a monotonically increasing function of a distance-decayed risk field. 
None of these formulations, however, couples the risk inflation to a strictly decreasing 
mission-value function: the implicit assumption is that completion is binary (success/fail-
ure), so longer detours that retain feasibility are preferred over shorter routes that admit 
residual hazard. 

Moreover, surveys of UAV path planning [16] note that the dominant evaluation cri-
terion remains a navigation-centric scalar—success rate, path length, or computation 
time—with mission-level objective value absent from the standard reporting protocol. We 
argue that this gap is the structural mechanism behind the within-family ranking 
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inversion: when a single planner is swept over its risk coefficient ρ, the binary success 
metric and a strictly decreasing mission score (which discounts delivery time) can be op-
timised at different values of ρ, so the risk setting that maximises a planner’s navigation 
success need not maximise its mission value. 

Following the above, although significant progress has been made in UAV path plan-
ning and reproducible benchmarking, existing evaluation frameworks predominantly 
rank planners by navigation-centric metrics and rarely couple a risk-parameterised plan-
ner to a strictly time-decreasing mission value within a single reproducible benchmark. 
These limitations motivate the need for further investigation. In this context, our work 
builds upon and extends prior efforts by addressing these challenges through the intro-
duction and development of FLARE, thereby contributing to a more effective and com-
prehensive solution. By coupling a strictly decreasing mission score with expanding haz-
ard dynamics, FLARE reveals performance trade-offs that success rate alone cannot cap-
ture. 

Mission-oriented evaluation is also established in adjacent operational studies: 
drone-delivered defibrillator studies measure time-to-patient gains [36,37], the Rwandan 
national drone network is assessed by blood-product delivery time and wastage [38], and 
the orienteering literature formalises time-dependent prize collection [39,40]. These stud-
ies quantify mission value operationally, but each evaluates a fixed routing design in iso-
lation; none couples risk-parameterised planner configurations to a strictly time-decaying 
mission value inside a deterministic, replayable hazard simulation, which is the gap 
FLARE addresses. 

To situate FLARE among existing tools, Table 1 compares representative UAV, ro-
botics, and wildfire simulation environments across the four capability dimensions that 
the ranking inversion requires: coupled hazard modelling, a strictly time-decreasing mis-
sion value, a unified risk coefficient applied identically across planners, and bit-identical 
deterministic replay. Most existing environments model only vehicle dynamics or a single 
hazard class [41–46] and treat task completion as binary, so within a single planner, its 
navigation-optimal and mission-optimal risk settings cannot diverge. The closest related 
evaluation, Kelly and Chaudhry [47], likewise observes that navigation cost and mission 
value need not agree; FLARE differs in combining coupled, interacting hazard dynamics, 
an explicit time-decaying mission value, a single risk coefficient shared across planner 
families, and seeded deterministic replay in one environment, which is what allows the 
ranking inversion to be reproduced and attributed. 

Table 1. Comparison of FLARE with representative UAV, robotics, and wildfire simulation envi-
ronments across the four capability dimensions underlying the ranking inversion, plus the resulting 
ranking-inversion column. ‘Partial’ denotes limited or implicit support. 

 
Coupled Haz-

ards 
Time-Decay 

Mission Unified ρ 
Deterministic Re-

play 
Ranking Inver-

sion 
AirSim [41] No No No Partial No 
Flightmare [42] No No No Partial No 
gym-pybullet-drones [43] No No No Partial No 
FireCommander [44] Partial Partial No Partial No 
CREW-Wildfire [45] Partial Partial No Partial No 
FARSITE [46] Partial No No Partial No 
Kelly and Chaudhry [47] Partial Partial Partial No Yes 
FLARE (present work) Yes Yes Yes Yes Yes 
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3. Materials and Methods 
This section describes the FLARE framework, which is used to evaluate UAV risk-

aware planning under dynamic hazard conditions. Figure 1 presents the overall architec-
ture of the FLARE framework, which consists of five principal components: 

(i) an OpenStreetMap-derived grid environment; 
(ii) a coupled hazard dynamics module comprising wind-driven fire, structural col-

lapse, and dynamic traffic obstacles with mutual interactions; 
(iii) a two-stage perception pipeline that fuses hazard layers into a continuous risk 

map R(x) and inflates edge costs via the risk coefficient ρ; 
(iv) a risk-parameterised planner suite evaluated per family: the risk coefficient ρ is 

swept within each family while its algorithm and replan trigger are held fixed, across eight 
planners spanning six paradigm families, with A* retained as the risk-blind static refer-
ence; and 

(v) a deterministic runner that orchestrates episode execution, mission scoring via 
strictly decreasing functions M(t), and statistical evaluation. Reproducibility is enforced 
through a number of automated contracts. FLARE (version 1.0.0) is implemented in Py-
thon (version 3.14) and builds on NumPy (version 2.4), SciPy (version 1.17), NetworkX 
(version 3.6), Matplotlib (version 3.10), Gymnasium (version 1.2) [48] for the environment 
interface, and OSMnx (version 2.0) [49] for the extraction of the street networks. 

 

Figure 1. FLARE benchmark main architecture. The wind-driven fire layer follows the cellular-au-
tomaton spread model of Alexandridis et al. [19]. 

Additionally, FLARE adopts three specific protocols: the interquartile mean (IQM) 
with bootstrapped confidence intervals from Agarwal et al. [31] for robust central-ten-
dency estimation; Bonferroni-corrected Wilcoxon signed-rank tests as the non-parametric 
pairwise discriminator; and a paired-seed design in which the same RNG seed is replayed 
across all the planners so that seed-level variance cancels in the paired differences and 
only planner-level variance enters the test statistic. 

3.1. Environment 

FLARE operates on a grid G = {0, …, N}2 extracted from OpenStreetMap tiles [48,49]. 
The action-space cardinality is |A| = 5, denoting the size of the discrete action space A = 
{north, south, east, west, hold}. The spatial connectivity of the grid remains 4-connected 
because hold does not change the cell. This 4-connected choice is a standard design 
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decision for grid-based planning benchmarks; it is adopted here because (i) it admits exact 
optimality for A* with Manhattan heuristic and (ii) it preserves comparability with prior 
grid planners. 

Diagonal (8-connected) moves could be enabled in FLARE by changing a single con-
figuration flag, at the cost of losing the exact-optimality guarantee and changing the cost-
scale calibration. A strict timing contract governs each step: the planner observes the cur-
rent blocking mask (frozen), selects an action, and only then does dynamics advance. If 
fire or debris reaches the agent’s cell after the dynamics update, the episode terminates 
immediately. 

3.2. Hazard Dynamics Module 

Three coupled layers produce a hazard landscape module that worsens monoton-
ically. This includes: 

Wind-driven fire. Spread follows a cellular automaton on the Moore (8-cell) neigh-
bourhood, modulated by wind direction and land use. Downwind cells ignite faster; up-
wind cells are suppressed. A buffer zone and dense smoke further restrict UAV move-
ment. The wind parameter introduces directional asymmetry in the hazard geometry: iso-
tropic fire expands symmetrically, whereas wind-driven fire elongates along the down-
wind axis, selectively blocking corridors while leaving upwind flanks traversable. 

Structural collapse. Buildings exposed to fire for a threshold duration τ_c (the fire-
exposure time before structural failure) collapse with probability p_d (the collapse likeli-
hood upon exceedance of τ_c), scattering permanent debris. Unlike fire—which burns 
out—debris accumulates, progressively eliminating detour options. 

Dynamic obstacles. Moving obstacles patrol the road and maritime network, block-
ing UAV movement within a Manhattan (L1, taxicab) buffer of configurable radius. For 
an airborne UAV, these model low-altitude corridor stand-off constraints—exclusion 
buffers over moving emergency vehicles and vessels under which low-flying UAVs must 
not operate. The interaction engine couples fire to traffic: fire proximity closes segments, 
creating compound blockages that neither layer produces in isolation. 

3.3. Risk Cost Map 

The perception pipeline maps raw hazards to risk-weighted edge costs in two stages. 
Let R(x): G → [0,1] denote a continuous risk map that fuses multiple hazard layers into a 
single spatial risk field at each grid cell x ∈ G, and let w(x) denote the resulting weighted 
edge cost used by each planner. The two-stage formulation follows established risk-aware 
path planning practice [29], combining risk fusion and cost inflation. 

Stage 1: Risk fusion. Five distance-decay layers (fire, smoke, traffic, debris, no-fly 
zones) are fused into a continuous risk map R: G → [0,1] via element-wise max: 

R(x) = max(Rf, Rs, Rt, Rb, Rnfz) (1)

with the five layer-specific risk fields defined as the sub-equations below: 

Fire: Rf(x) = [1 − df(x)/rf]+ (1a)

Smoke: Rs(x) = s(x)/2 (1b)

Traffic: Rt(x) = ct · [1 − dt(x)/rt]+ (1c)

Debris: Rb(x) = cb · [1 − db(x)/rb]+ (1d)

No-fly zone: Rnfz(x) ∈ {0, 0.5, 1} (1e)
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for every cell x ∈ G. Here df, dt, db are Euclidean distance transforms from fire, traffic, 
and debris cells, respectively, with influence radii rf, rt, rb; s ∈ [0,1] is the smoke concen-
tration; ct and cb ∈ [0,1] are the per-layer severity coefficients; and [·]+ = max(·, 0). Specific 
numeric values for rf, rt, rb, ct, and cb are reported per scenario in Section 4.2. The per-
layer weights ct and cb are chosen so that, at distance zero, a traffic obstacle is slightly less 
restrictive than a fire cell and a debris cell is slightly more restrictive than a traffic cell; 
together these scaling constants (ct, cb) are calibrated heuristics reflecting the relative se-
verity of each hazard layer. We use max rather than summation so that a single severe 
hazard dominates regardless of benign neighbours. 

Stage 2: Cost inflation. Each family inflates its edge cost using the risk coefficient ρ ∈ ℝ ≥ 0, through the following weight function 

w(x) = 1 + ρ · R(x) (2)

The risk coefficient ρ—rather than the algorithmic family—determines the effective 
cost landscape: an identical hazard state produces distinct cost surfaces as ρ varies, from 
uniform cost (ρ = 0, risk-blind) to near-impassable barriers (high ρ, risk-averse). High ρ 
amplifies perceived danger, causing wider detours, whereas low ρ allows routes through 
fire fringes. Because ρ is a common risk-aversion coefficient—the cost-inflation law, Equa-
tion (2), is applied in identical form by the graph-search families, and the potential-field 
family applies an analogous risk-scaled repulsive gain—it can be swept within any family 
while the algorithm is held fixed; this within-family sweep is described in detail in Section 
4.3, and no per-family value is fixed a priori. 

3.4. Planner Suite 

The planner suite is organised into six risk-handling paradigm families and studied 
by sweeping the risk coefficient ρ within each family while its algorithm and replan trig-
ger are held fixed. Eight planners span the six families; each family is governed by the 
single scalar ρ that modulates its sensitivity to the shared hazard risk cost map R(x), which 
makes risk preference explicit and uniformly defined across families under identical en-
vironmental conditions. 

Crucially, no per-family risk coefficient is fixed a priori: ρ is the object of study, swept 
within each family (holding the algorithm and replan trigger fixed) so that every perfor-
mance statement in Section 4 is made per planner family rather than as a cross-planner 
ranking at a fixed ρ. A* [6] is retained only as the risk-blind static reference—it ignores the 
risk map and is excluded from the sweep. The six paradigm families are: 

• Soft cost-inflation: Periodic (fixed-interval replan), Aggressive (obstacle-mask-
change replan), and Incremental A* (D* Lite-inspired incremental repair [7]). 

• Hard threshold: a chance-constrained planner with a hard risk bound [50]. 
• Worst-case/CVaR: a conservative planner that inflates cost by a tail-risk measure 

[51,52]. 
• Sampling: a risk-aware RRT* planner [53]. 
• Exponential/entropic: a risk-sensitive planner with multiplicative cost exp(ρ·R) 

[54,55]. 
• Potential field: APF [8], applying a risk-scaled repulsive gain. 

3.5. Mission Scoring 

In general, standard benchmarks count successes. In the present study, FLARE 
measures the value of each success by defining a mission score M(t) ∈ [0,1] that is strictly 
decreasing in delivery time t ∈ ℕ. 

Three domain-specific instantiations specialise the FLARE framework: 
(a) pharmaceutical delivery with quadratic efficacy decay, 
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(b) urban search-and-rescue with exponential survival decay coupled to fire proxim-
ity, and 

(c) fire-perimeter surveillance with linear data-freshness decay 
In domain (a), medication efficacy decays quadratically, E(t) = max(0, 1 − (t/T)2), with 

the decay horizon T = 800 steps; the episode step budget is set to 2000 steps (effective max 
steps), so any successful arrival at t ≤ 800 retains strictly positive mission value. The quad-
ratic form reflects pharmaceutical degradation kinetics: insulin and temperature-sensitive 
medications retain near-full potency during an initial plateau before efficacy degrades 
sharply as the therapeutic window closes—a profile ill-suited to linear approximation. 

In domain (b), casualty survival decays exponentially with fire-coupled amplifica-
tion: 

Si(t) = exp(−λeff,i · t), λeff = λ0(1 + κ/max(dfire, 1)) (3)

where λ0 is the base decay rate—set per casualty severity to λ0 = 0.02, 0.008, and 0.002 for 
severity weights 3.0, 2.0, and 1.0, respectively—and κ = 5.0 is the fire-coupling constant. 
Casualties near active fire expire faster, explicitly rewarding planners willing to enter dan-
gerous zones. The fire-coupling term κ/max(dfire, 1) captures a documented triage reality: 
casualties near an advancing fire front face compounding threats—heat exposure, smoke 
inhalation, structural instability—that accelerate physiological decline beyond the base-
line trauma rate. Consequently, two casualties of identical severity at the same elapsed 
time may present vastly different rescue values depending solely on fire proximity at the 
moment of contact. The SAR mission scores and the per-family sensitivity study of Section 
4.3 are all computed with this fire-coupled survival, with d_fire recorded at each rescue. 

In domain (c), data freshness decays linearly, F(t) = 1 − t/T, with the same decay hori-
zon T = 800 steps. A fire perimeter map becomes stale as the front advances. Linear fresh-
ness decay is standard in time-critical intelligence, surveillance, and reconnaissance (ISR) 
doctrine, where situational awareness degrades at a roughly constant rate as the observed 
scene evolves. In practice, the achievable freshness is bounded by the sensor payload and 
its revisit time: onboard optical and thermal imagers, their swath and data latency, and 
payload size, weight and power limits govern how rapidly a fire perimeter can be re-sur-
veyed [56–59]. The surveillance score applies no explicit fire-proximity weighting, a mod-
elling simplification we note for transparency. 

All the above functions share one characteristic: they are strictly decreasing in time t, 
so that every additional step of detour destroys mission value. 

The link between risk aversion and mission failure is now explicit. Increasing ρ pro-
duces safer paths with higher survival probability but longer travel time t. Because every 
mission score M(t) is strictly decreasing in t, the additional travel time directly reduces 
mission value. This creates a fundamental trade-off: 

ρ ↑ (more risk-averse) ⇒ t ↑ (longer detour) ⇒ M(t) ↓ (worse outcome) 

Crucially, the planner receives only a target coordinate and a cost map—it has no 
access to POI (point of interest) locations, decay functions, or mission-level objectives. The 
runner orchestrates POI sequencing externally: upon task completion, it issues a new tar-
get, and upon timeout or abandonment, it redirects the planner toward the goal. The 
within-family ranking inversion is therefore not an artefact of mission-aware planning 
logic but an emergent consequence of the cost-inflation parameter ρ propagating through 
path geometry into arrival time and, ultimately, into mission value. 

This coupling is the mechanism behind the within-family ranking inversion: within 
a single planner, the risk coefficient that yields the highest survival probability is penal-
ised not by hazards but by the delivery time its detours impose—and, when inflated costs 
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render a task unreachable within its window, by the task value it forgoes—an inevitable 
consequence of any strictly time-decreasing objective. 

Formally, a within-family ranking inversion is defined, for a single planner swept 
over its risk coefficient ρ, as the condition arg max_ρ SR(ρ) ≠ arg max_ρ M(ρ), where SR is 
the feasible success rate, and M is the normalised mission score. The FLARE benchmark 
is designed to reveal this inversion: a strictly decreasing M(t) coupled to a hazard-aware 
cost weight w(x), Equation (2), ensures that the risk coefficient maximising survival alone 
need not maximise mission impact. 

Pareto conflict between the navigation and mission objectives. The two evaluation 
objectives can be written, for a planner π with risk-aversion level r (governed by ρ), as 
J_nav(r) = p(r), the probability of reaching the goal, and J_mis(r) = p(r) · V(τ(r)), the ex-
pected mission value, where τ(r) = E[T | success] is the expected arrival time and V is the 
strictly decreasing mission-value function (V′ < 0) of this subsection. Two structural as-
sumptions link risk aversion to these quantities: (A1) higher risk aversion does not lower 
the success probability, p′(r) ≥ 0 (wider detours avoid more hazards); and (A2) higher risk 
aversion does not shorten the executed path, τ′(r) ≥ 0 (detours cost time). Under (A1)–(A2), 
J_nav is non-decreasing in r whereas J_mis is the product of a non-decreasing factor and 
a strictly decreasing one, so the two objectives need not share a maximiser. 

Differentiating, dJ_mis/dr = p′(r) V(τ(r)) + p(r) V′(τ(r)) τ′(r). Mission value therefore 
falls with additional risk aversion—so the more navigation-successful setting is the mis-
sion-worse one—exactly when 

[−V′(τ) τ′(r)/V(τ)] > [p′(r)/p(r)] (4)

that is, when the relative mission value lost to delay exceeds the relative gain in success. 
Equation (4) defines the Pareto-conflict boundary: below it the objectives are aligned (the 
safest planner is also the most effective), while above it they conflict and a ranking inver-
sion appears. Equivalently, for two risk settings r1 > r2 of a planner (so p(r1) > p(r2)) the 
mission ordering of the two settings inverts relative to their navigation ordering if and 
only if 

Δp/p(r2) < [V(τ(r2)) − V(τ(r1))]/V(τ(r1)) (5)

with Δp = p(r1) − p(r2): the more risk-averse setting’s relative success advantage is smaller 
than the relative mission value it forfeits through its longer arrival time. The inversion is 
thus not a universal law but a regime—entered whenever the mission-value decay is steep 
relative to the marginal safety return—which is why, within a planner, it appears for some 
risk-handling paradigms and not others, and narrows to statistical noise where two set-
tings incur near-identical delay, as presented in Section 4.3. 

3.6. Reproducibility 

In the present analysis, FLARE enforces 36 contracts across 15 families, verified by 
197 automated tests. Key guarantees: bit-identical replay from a single RNG seed (DC-1), 
planner-agnostic corridor interdictions (FC-1), frozen hazard state during planning (FD-
3). 

Infeasible episodes are detected at reset and excluded uniformly across all planners. 

3.7. Hazard Attribution via Shapley Values 

Exact Shapley values [60] are a cooperative game-theory attribution measure that dis-
tributes the total success rate of a planner fairly among a set of hazard factors by averaging 
each factor’s marginal contribution over all possible orderings of the remaining factors. 
For each family the Shapley value φ_i of each hazard coalition-member i ∈ N = {fire, traffic, 
collapse} is computed as 
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φ_i = Σ_{S⊆N\{i}} [|S|!(|N|−|S|−1)!/|N|!] · [v(S∪{i}) − v(S)] (6)

where v(S) is the observed success rate of that planner when only the hazards in subset S 
are active. A negative φ thus means the hazard degrades the planner’s success rate by that 
amount (in success-rate units). 

4. Simulation and Results 
This section presents visualisations from representative simulation runs to illustrate 

the hazard dynamics and planner behaviour described in Section 3. A set of three cases 
(recent Greek wildfire events) was used to explore the effectiveness of FLARE. Hazard 
mechanics, perceptual differences between planners, and finally mission-value conse-
quences are illustrated in detail. It should be stated that in our analysis, wind direction 
and speed are the dominant free parameters that reshape the fire front in a wildland–
urban interface. 

4.1. Test Cases and Scenarios 

In the present study, in order to explore the effectiveness of FLARE, three selected 
cases were analysed that best represent different fire behaviours, impacts, and response 
challenges. These cases are based on Greek wildfire events with a focus on events with 
high severity, clear documentation, and diverse conditions [61–64], as depicted in Table 
2. 

• Penteli (Evia 2021): wind-driven fire in a wildland–urban interface; the mission is 
insulin delivery before efficacy degrades. 

• Piraeus (Rhodes 2023): dense port with structural collapse; three casualties with fire-
coupled survival. 

• Downtown Athens (Evros 2023): extreme building density (0.50) with a narrow-cor-
ridor topology. 

Table 2. Scenario overview. Three OSM-based scenarios inspired by recent Greek wildfires; hazard 
dynamics are modelled abstractions. 

 Penteli Piraeus Downtown 
Inspiring incident Evia 2021 Rhodes 2023 Evros 2023 

Mission Insulin delivery Search and rescue Fire perimeter survey 
Service time 

(hover steps at POI) 0 (fly-through) 2 steps (hover) 3 steps (hover) 

Score decay M(t) Quadratic Exponential + fire Linear 
Map density (build-

ing-cell fraction) 0.18 0.29 0.50 

Fire ignitions (initial 
count) 

2 2 1 

Vehicles 2 network roamers + 6 corridor patrol 
NFZ zones 0 (dynamic NFZ not activated) 

Infeasible seeds 0/30 3/30 4/30 

Key challenge 
Isotropic fire in low-
density WUI (2 igni-

tion points) 

Collapse + segment 
closures 

Extreme density + 
narrow-corridor to-

pology 

Each scenario is paired with a mission type that mirrors the dominant operational 
challenge of its historical precedent. Penteli maps the wildland–urban interface of the 2021 
Evia megafire, where isolated settlements required time-critical medical resupply by air 
after road access was severed. Piraeus reproduces the dense port-adjacent topology of the 
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2023 Rhodes coastal fires, in which structural collapse and segment closures compounded 
fire hazards, stranding casualties across a fragmented urban grid. Downtown Athens re-
flects the 2023 Evros megafire—the largest single wildfire in EU history—where overlap-
ping manned-aircraft corridors imposed dynamic no-fly zones on unmanned surveillance 
operations. These pairings ensure that the decay function, hazard dynamics, and map to-
pology reinforce one another rather than varying independently. 

4.2. Simulation Environment and Hazard Visualisation 

The simulation environment is instantiated on a 500 × 500 grid (N = 499) with a cell 
resolution of approximately 3 m, extracted from OpenStreetMap tiles of Greek urban ar-
eas. The per-family sweep spans eight planners × three scenarios × 30 seeds × five ρ values 
(3600 episodes), of which structurally infeasible cases (7.8%) are excluded. Statistical 
methodology and tests are detailed in Sections 4.3 and 4.6. 

Hazard-layer parameters are not free—each is tied back to a specific methodology 
construct. The fire radius rf = 30 cells (≈ 90 m) calibrates the fire buffer defined in Section 
3.3: at this radius the continuous risk layer Rf in Equation (1a) saturates for cells immedi-
ately adjacent to a burning front and decays linearly to zero at the boundary, matching 
the wildland–urban interface heat-exposure envelope reported in the Alexandridis cellu-
lar-automaton literature [19–21]. The traffic radius rt = 10 cells (≈30 m) reflects the Man-
hattan-buffer closure radius introduced in Section 3.3 under ‘dynamic obstacles’: it is cal-
ibrated against the documented safety stand-off of low-altitude UAV corridors over mov-
ing emergency vehicles. The debris radius rb = 8 cells is deliberately smaller than rt, be-
cause collapsed-building debris is static (it cannot close an entire corridor the way a con-
voy can) but must still dilate sufficiently to capture rubble-field footprints. The scaling 
constants ct = 0.6 and cb = 0.7 implement the per-layer severity ordering stated in Section 
3.3 (fire > debris > traffic at distance zero). The structural-collapse parameters τ_c = 80 
steps and p_d = 0.6 mentioned in Section 3.2 are the thresholds above which a building 
exposed to fire transitions to permanent debris; both were chosen so that, in a representa-
tive fire front, roughly one in two heavily exposed buildings collapses before the fire burns 
out, producing the monotonic degradation of the routing graph over the fire horizon. 
Across all three reported configurations, num_nfz_zones = 0; the dynamic no-fly-zone re-
fresh module is exposed as a FLARE feature for future airspace-coordination studies and 
is not active in the runs reported here. 

4.2.1. Penteli—Hazard Geometry and Parameter Sensitivity 

The 2021 Evia fire burned 50,810 ha over eight days, driven by persistent northerly 
meltemi winds that elongated the active perimeter along the downwind flank. The wind-
driven spread kernel [19] of Section 3.2 is available in FLARE and is illustrated on the 
Penteli topology in Figure 2. In more detail, this figure shows the effect of wind on fire 
geometry. By using isotropic fire (wind_speed = 0), fire expands symmetrically (see Figure 
2a), whereas at wind speed 3 m/s from the west, fire elongates downwind, blocking the 
direct route while the upwind flank remains passable for risk-tolerant planners (see Figure 
2b). 

The reported Penteli benchmark uses isotropic fire (wind_speed = 0) so that the fam-
ily comparison is not confounded by scenario-specific wind calibration. In addition, the 
map density is kept low (0.18) to expose an open wildland–urban interface in which the 
dominant obstacle is the fire front itself rather than buildings. Under this configuration, 
the planner-visible hazard is governed by the fire-risk radius rf = 30 cells in the risk cost 
map of Equation (1): small changes in rf move the effective corridor width proportionally, 
so Penteli is the scenario where the fire-risk radius and ignition geometry dominate the 
outcome. The quadratic efficacy decay E(t) of the insulin mission punishes late arrivals 
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symmetrically around t = T/2, which is why static A* is penalised even when it eventually 
reaches the POI—it systematically arrives on the tail of the quadratic. 

 

Figure 2. Wind kernel illustration on the Penteli topology (illustrative seed s = 42, t = 150; the bench-
mark seeds are {0, …, 29}). (a) By using isotropic fire (wind_speed = 0), fire expands symmetrically. 
(b) Illustrative anisotropic spread with wind_speed = 3 m/s from the west. In both panels, light grey 
denotes free space, dark grey the building footprints, orange-red the burning cells and translucent 
grey the smoke plume; black discs with red rings are the dynamic obstacles, the blue cross (×) the 
UAV position at the captured step, the yellow cross the goal, and the dashed cyan line the direct 
start–goal corridor. 

In more detail, Figure 2 contrasts the isotropic and directional regimes to document 
the Alexandridis-2008 [19] kernel available in FLARE for future anisotropic-spread stud-
ies. Each parameter therefore points back to a methodology section and, where possible, 
to an observed feature of the underlying real event—not to a tuning that was optimised 
for a specific planner. 

Following the above, fire is transient, but its structural consequences are not. Burning 
buildings collapse and deposit permanent debris, monotonically eroding the available 
routing graph over the horizon of a single episode. In this context, Figure 3 demonstrates 
the cascading hazard coupling. In more detail, Figure 3a depicts that fire cell count peaks 
then recedes, but debris grows permanently. Four snapshots (b–e) trace the cascade from 
clean grid to permanent debris field, illustrating the monotonically degrading environ-
ment. 

Although all planners observe the same physical hazard state, the risk coefficient ρ 
converts that shared percept into radically different effective cost surfaces; combined with 
each planner’s algorithm and replan trigger, these surfaces yield markedly different 
routes. The inflation level of each surface is governed by the risk coefficient ρ (Section 3.3); 
the underlying hazard layers that enter R(x) are the fire, smoke, traffic and debris masks 
constructed in Section 3.3. In this context, Figure 4 holds the fire state fixed and sweeps ρ 
over {0, 1, 2, 5, 10}: at ρ = 0 the surface is uniform (risk-blind), and as ρ grows the fire-
proximate cells inflate from passable to near-impassable while cells far from any hazard 
stay near unit cost. As Equation (2) is the same formula for every planner, the panels iso-
late the effect of ρ itself rather than comparing planners; each family is then swept across 
this ρ axis (Section 4.3), and how far that choice bends its executed route is shown, within 
one family, in Section 4.4. 
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Figure 3. Cascading hazard coupling on the Penteli topology (illustrative seed s = 42; benchmark 
seeds are {0, …, 29}). (a) Temporal evolution of fire and debris cell counts. (b–e) Four grid snapshots. 
In panel (a), orange denotes the fire-cell count and brown the debris-cell count against the left axis, 
while the two faint lines give each planner’s normalised distance to the goal against the right axis; 
the dotted vertical lines mark collapse events. In panels (b–e), beige denotes free space, green the 
vegetation, dark grey the building footprints, orange the burning cells, black speckles the permanent 
debris, red-ringed discs the dynamic obstacles and the blue cross (×) the UAV position. 

 

Figure 4. The effective cost surface w(x), Equation (2), under a single fixed hazard state (Penteli, 
illustrative seed s = 42, t = 150; benchmark seeds are {0,…,29}), shown as the risk coefficient ρ is 
swept over {0, 1, 2, 5, 10}. The surface depends on ρ alone—the same formula for every planner—so 
the panels isolate the effect of ρ and are not a comparison between planners. The colour bar gives 
the weighted traversal cost w(x), from green (unit cost) through yellow to dark red (near-impassa-
ble); grey denotes the building footprints, orange squares the dynamic obstacles and the blue cross 
(×) the UAV position. 

4.2.2. Piraeus—Coupled Hazards and Structural Collapse 

The July 2023 Rhodes coastal fires triggered the largest wildfire evacuation in Greek 
history and caused visible structural damage in the port-adjacent zone. Our Piraeus sce-
nario captures this signature by combining a moderate-to-high building density (0.29), the 
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fire–obstacle coupling with debris severity coefficient cb = 0.7, and the collapse cascade 
with threshold τ_c = 80 burn-steps. The collapse cascade is enabled in all three scenario 
configurations, but its routing impact is most visible in Piraeus because its moderate den-
sity lets burning buildings accumulate τ_c or more burning-neighbour contacts while still 
leaving alternative corridors that subsequent debris can close; each collapsed building 
spawns permanent debris cells that inherit the fire-buffer inflation. Three casualties are 
placed along the A* reference corridor, and each has its own survival decay according to 
Equation (3). 

The fire-proximity term in the denominator is what makes Piraeus the most sensitive 
scenario to cb and τ_c, because a single new collapse close to a casualty can double the 
effective decay rate observed at that victim. Incremental graph repair is well suited to 
these conditions, repairing the search tree as debris accumulates, whereas APF is dispro-
portionately slowed by permanent debris cells that act as additional repulsive sources—
an effect on mission timing rather than feasibility (for more details see Section 4.7). 

Fire does not act in isolation: it triggers traffic closures that redirect vehicles onto 
alternative corridors, which themselves become new obstacles for low-altitude UAV traf-
fic. In this context, Figure 5 illustrates the fire–obstacle coupling on the Piraeus topology: 
at t = 30 dynamic obstacles operate normally; by t = 80 fire triggers segment closures; and 
by t = 150 fire, closures, and diverted obstacles jointly cut the corridor, demonstrating the 
compound blockage mechanism. 

 

Figure 5. Fire–obstacle coupling on the Piraeus topology (illustrative seed s = 42; benchmark seeds 
are {0, …, 29}). (a) t = 30. (b) t = 80. (c) t = 150. The basemap shows the port topology in its natural 
colours (blue water, grey built-up area, green vegetation); orange denotes the burning cells, dark 
red discs the emergency vehicles, the teal line the executed route and the blue cross (×) the UAV. 
The overlay in each panel reports the step index together with the fire-cell, road-closure and obstacle 
counts. 

4.2.3. Downtown—Density, Dynamic-Obstacle Churn, and Uniform Time Pressure 

The 2023 Evros megafire was the largest single wildfire ever recorded in the Euro-
pean Union and required sustained manned-aircraft operations that, in practice, created 
overlapping no-fly corridors for every other airborne platform. Downtown Athens is our 
hardest map in terms of static geometry (density 0.50). The dominant sensitive parameters 
here are the traffic-buffer radius rt = 10 and the debris-risk radius rb = 8 governing how 
widely dynamic obstacles and collapsed buildings inflate the risk cost map: increasing 
either by one cell can close the single feasible corridor for several consecutive steps, which 
is why Downtown records the highest infeasibility rate (4/30 seeds) of the three scenarios. 
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Delivery time alone determines the mission value in a time-critical operation. The 
three decay profiles M(t) adopted for the three scenarios share this property, differing only 
in their analytic form (quadratic, exponential + fire coupling, linear). 

Figure 6 shows the three mission-value decay profiles used by FLARE—the quadratic 
efficacy E(t) = max(0, 1 − (t/T)2) for the pharma mission, the fire-coupled exponential sur-
vival S_i(t) = exp(−λ_eff,i·t) with λ_eff = λ0(1 + κ/max(d_fire,1)), κ = 5.0 for the SAR mission, 
and the linear freshness F(t) = 1 − t/T for surveillance. All are strictly decreasing in delivery 
time, so any detour destroys mission value. Markers show each planner family’s median 
delivery step (successful episodes, pooled over the ρ-sweep), coloured by risk-handling 
paradigm; how steeply each family’s mission value falls as ρ grows is quantified per fam-
ily in Section 4.3. 

 

Figure 6. The three mission-value decay profiles M(t)—quadratic pharmaceutical efficacy (a), fire-
coupled exponential survival ((b), shown for representative fire distances d_fire), and linear surveil-
lance freshness (c). In panel (b), the three line styles are the same survival law evaluated at three 
representative fire distances—solid for the closest casualty, dashed and dotted for progressively 
more distant ones—so that a shorter distance gives a steeper decay. The shaded area under the 
curves in panels (a) and (c) is a visual guide only and carries no additional meaning; the plotted 
markers give the mean delivery time of each planner family, coloured as in the legend. 
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4.3. Per-Family Risk-Coefficient Sweep 

This section presents the paper’s central result. To isolate ρ from planner architecture, 
we sweep ρ ∈ {0, 1, 2, 5, 10} within each risk-consuming planner (three scenarios × 30 
seeds), holding each planner’s algorithm and replan trigger fixed. Navigation perfor-
mance is the feasible success rate (SR)—the fraction of non-infeasible episodes reaching 
the goal within the step budget—and infeasibility is assessed at reset by a multi-depth 
guardrail (GC-1) that excludes episodes with no start-to-goal path at t = 0. A* is retained 
as the risk-blind static reference and excluded from the sweep: a risk-aware static A* plans 
off the reference corridor and thereby bypasses the corridor-aligned interdictions (FC-1), 
inflating navigation success without earning mission value. The eight swept planners 
span six risk-handling paradigm families: three soft-cost-inflation planners (Periodic, Ag-
gressive, Incremental A*), a chance-constrained planner with a hard risk threshold [50], a 
CVaR/worst-case planner [51,52], a sampling-based risk-aware RRT* [53], and a risk-sen-
sitive (entropic) planner with cost exp(ρ·R) [54,55]. 

The effect of ρ on mission value M is strongly family-dependent, as depicted in Fig-
ures 7 and 8. It substantially erodes M in the CVaR (Spearman ρ_s = −0.26, p < 0.001; M 
falls from 0.85 to 0.45 as ρ grows from 0 to 10) and incremental soft-cost-inflation (ρ_s = 
−0.25; 0.91 → 0.40) families, moderately in the risk-sensitive exponential family (0.85 → 
0.73), and negligibly in the potential-field, hard-threshold and frequent-replan families 
(|ρ_s| < 0.07). Notably, the split runs through the soft cost-inflation family itself—the in-
cremental planner is strongly affected while the frequently replanning Aggressive and 
Periodic are not—so the erosion is a property of the individual family (its cost law com-
bined with its replan discipline) rather than of a coarse paradigm label. Navigation suc-
cess, by contrast, responds mainly through a one-off gain when ρ becomes positive and is 
nearly flat thereafter (pooled ρ_s = +0.04 across the eight risk-parameterised families). The 
per-family sweep therefore separates two effects that a fixed-ρ cross-planner comparison 
conflates: the magnitude of ρ’s mission-value leverage, and whether the navigation- and 
mission-optimal ρ diverge within a family, as depicted in Section 4.4. 

Furthermore, the effect of the risk coefficient ρ on each planner family (its algorithm 
and replan trigger held fixed) as ρ is swept over {0, 1, 2, 5, 10} across the three scenarios 
(30 seeds per ρ) is presented in Table 3. Spearman(ρ,SR) and Spearman(ρ,M) are the rank 
correlations of ρ with feasible success rate SR and with mission value M (a negative value 
means ρ erodes that metric); ρ⋆(SR) and ρ⋆(M) are the ρ values that maximise each; “M: ρ 
= 0→10” lists mission value at the lowest and highest ρ. When ρ⋆(SR) ≠ ρ⋆(M), a family’s 
most navigation-successful setting is not its most mission-effective one—a within-family 
ranking inversion (Inv. = ✓), which occurs for Incremental A*, RRT*, Periodic and APF 
and is decisive for Incremental A*. 
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Figure 7. Per-family ρ-response: feasible success rate (a) and mission score M (b) versus ρ for the 
eight swept planners. Mission value collapses for the CVaR and incremental cost-inflation families, 
declines moderately for the risk-sensitive (exponential) family, and stays flat for the rest. 

 

Figure 8. Spearman correlation between ρ and mission score M per planner family, grouped by risk-
handling paradigm. ρ erodes M strongly for some families and negligibly for others (* p < 0.05). 

Robustness to the mission-model parameters. To confirm the within-family inver-
sion is not an artefact of the scoring assumptions, we re-scored all episodes over a grid of 
mission-model parameters—the fire-coupling constant κ ∈ {0, 2, 5, 10}, a survival-coeffi-
cient scale λ ∈ {0.5, 1, 2}, and the decay/freshness horizon T ∈ {400, 800, 1200, 2000}. The 
set of families whose navigation-optimal and mission-optimal ρ diverge is invariant 
across this entire grid—the incremental, sampling, frequent-replan, and reactive families 
in every case, with the incremental family’s ρ⋆(SR) = 5 and ρ⋆(M) = 0 unchanged—so the 
per-family inversion is robust to the choice of scoring parameters rather than a conse-
quence of any single calibration. 

Table 3. The effect of the risk coefficient ρ on each planner family (its algorithm and replan trigger 
held fixed) as ρ is swept over {0, 1, 2, 5, 10} across the three scenarios (30 seeds per ρ). Note: ρ⋆(SR) 
and ρ⋆(M) denote the value of ρ that maximises feasible success rate and mission value, respectively. 
In the “Inv.” column, ✓ marks a family whose two optima differ (ρ⋆(SR) ≠ ρ⋆(M))—a within-family 
ranking inversion—and — marks its absence. * p < 0.05. 

Planner Paradigm 
Spearman 

(ρ,SR) ρ⋆(SR) 
Spearman 

(ρ,M) ρ⋆(M) 
M: ρ = 
0→10 Inv. 

CVaR 
Worst-

case/CVaR −0.13 1 −0.26 * 1 0.85 → 0.45 — 

Incr. A* 
Soft cost-in-

flation +0.16 5 −0.25 * 0 0.91 → 0.40 ✓ 

Risk-Sensi-
tive 

Exponen-
tial/entropic 

+0.03 1 −0.07 1 0.85 → 0.73 — 

RRT* Sampling +0.08 10 −0.05 0 0.73 → 0.64 ✓ 

Aggressive 
Soft cost-in-

flation +0.08 1 −0.02 1 0.85 → 0.84 — 
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Chance-
Constr. 

Hard thresh-
old −0.00 1 +0.00 1 0.85 → 0.87 — 

APF Potential field −0.01 5 +0.01 2 0.51 → 0.53 ✓ 

Periodic Soft cost-in-
flation 

+0.12 2 +0.02 1 0.82 → 0.86 ✓ 

4.4. Within-Family Ranking Inversion 

Because the sweep holds each family’s algorithm and replan trigger fixed, it lets us 
test the ranking inversion with algorithmic structure held constant: for a single family, 
does the ρ that maximises feasible success rate coincide with the one that maximises mis-
sion value? Reading ρ⋆(SR) and ρ⋆(M) from Table 3, the two optima diverge—arg max_ρ 
SR(ρ) ≠ arg max_ρ M(ρ)—for four of the eight families. The effect is decisive for the incre-
mental cost-inflation family: its success-optimal configuration (ρ = 5, feasible SR = 64%) 
drives mission value down to M = 0.41, whereas its mission-optimal configuration (ρ = 0) 
attains M = 0.91. The sampling family (RRT*) inverts likewise, and the frequent-replan 
(Periodic) and reactive (APF) families invert marginally, while Aggressive, Chance-Con-
strained, CVaR and Risk-Sensitive place both optima at the same ρ. Notably, CVaR shows 
the strongest mission-value erosion yet no inversion, because its success- and mission-
optimal ρ coincide at the low end—a distinction only the per-family sweep can make. 

The mechanism follows from the coupling of Section 3.5. As ρ grows, a family inflates 
fire-proximate edge costs, buys a higher survival probability, and detours farther; because 
every mission score M(t) is strictly decreasing in delivery time, the added travel time 
erodes mission value. For the incremental family, this trade-off is steep—each increment 
of ρ that raises feasible success also delays or forgoes task service (at ρ⋆(SR) it services the 
delivery POI in only 27% of feasible Penteli episodes), so its navigation-optimal configu-
ration banks the least time-decayed value (Figure 9). 

 

Figure 9. Within-family ranking inversion. Each family’s algorithm and replan trigger are held fixed 
and only the risk coefficient ρ is swept over {0, 1, 2, 5, 10}. (a) Incremental A*—the decisive case: 
feasible success rate rises with ρ (peaking at ρ⋆(SR) = 5) while mission value falls (peaking at ρ⋆(M) 
= 0). (b) Mission value M at each family’s navigation-optimal ρ⋆(SR) versus its mission-optimal 
ρ⋆(M). 

The inversion is a regime, not a universal law (Figure 9b, Table 3). It is decisive for 
the incremental cost-inflation family (mission value 0.91 at ρ⋆(M) down to 0.41 at ρ⋆(SR)), 
moderate for the sampling family (RRT*, 0.73 → 0.64), marginal for APF and Periodic, and 
absent for Aggressive, Chance-Constrained, CVaR and Risk-Sensitive, whose success- and 
mission- optimal coefficients coincide. It emerges precisely where the mission-value decay 
is steep relative to the marginal safety return—the Pareto boundary of Section 3.5—so it 
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is a property of the individual family’s cost law and replan discipline, not of a paradigm 
label. 

4.5. Qualitative Evidence 

Aggregate scorecards do not by themselves reveal why a ranking inversion occurs. 
Overlaying the executed trajectories of a single planner across risk-coefficient settings un-
der an identical seed exposes how the risk coefficient translates into route geometry and, 
subsequently, into arrival time. 

Figure 10 provides spatial confirmation that, within a fixed family, the risk coefficient 
ρ governs route geometry, by holding the planner (Aggressive Replan) and the scenario 
fixed and varying only ρ over {0, 1, 2, 5, 10} on the illustrative seed s = 42 (outside the 
benchmark range {0, …, 29}; the same configuration and code produce the same qualita-
tive outcome across benchmark seeds). At ρ = 0 the planner is risk-blind and is caught by 
fire at t = 266; for every ρ ≥ 1, it detours around the perimeter and reaches the goal in ≈522–
524 steps. The discrete flip from the direct corridor to the perimeter detour once ρ ≥ 1—
with near-identical geometry thereafter—is a direct rendering of the cost-inflation law and 
matches this family’s flat aggregate ρ-response (Table 3). 

 

Figure 10. The same planner (Aggressive Replan) under an increasing risk coefficient ρ (Penteli, 
illustrative seed s = 42; benchmark seeds are {0, …, 29}). Panels, left to right: ρ = 0, 1, 2, 5, 10. At ρ = 
0 the planner ignores the risk field and is caught by fire (266 steps); for every ρ ≥ 1, it detours around 
the fire perimeter and reaches the goal (≈522–524 steps). Within a fixed family, route geometry is 
governed by ρ. 

4.6. Statistical Support for the Per-Family Effects 

The per-family ρ effects are assessed by Spearman rank correlations and their signif-
icance (Table 3): the mission-value erosion is significant for the CVaR (ρ_s = −0.26, p < 
0.001) and incremental cost-inflation (ρ_s = −0.25, p < 0.001) families and non-significant 
elsewhere, matching the family-dependent pattern of Figures 7 and 8. A Friedman test 
across the five ρ levels, blocked by family, scenario and seed (n = 720 blocks), confirms 
that ρ shifts mission score systematically rather than through a minority of outlier epi-
sodes (χ2(4) = 229.3, p < 0.001); the pooled concordance is modest (Kendall’s W ≈ 0.08) 
because most families are flat. Per family, the effect concentrates in the risk-sensitive (χ2(4) 
= 91.6), CVaR (81.9), and incremental cost-inflation (79.1) families, each p < 0.001. The risk-
sensitive family combines a large Friedman statistic with a weak monotone correlation 
because its response is non-monotone—mission value peaks at ρ = 1 before declining (Fig-
ure 7b). 

Interpreting the effect sizes. Cliff’s δ is a non-parametric effect size in [−1, 1] meas-
uring the probability that a random episode of one configuration outscores a random ep-
isode of another; by convention |δ| < 0.147 is negligible, < 0.33 small, < 0.474 medium, and 
≥ 0.474 large. The Bonferroni correction multiplies each raw p-value by the number of 
comparisons, controlling the family-wise error rate at α = 0.05; every effect reported as 
significant survives this adjustment. Applied to the two optima of each inverting family, 
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δ quantifies the practical size of the inversion: it is medium for the incremental cost-infla-
tion family (δ = 0.44 between M at ρ⋆(M) and M at ρ⋆(SR)) and negligible for the sampling 
(δ = 0.09), potential-field (δ = 0.01) and frequent-replan (δ < 0.01) families—the same or-
dering as the regime interpretation of Section 4.4. 

4.7. Per-Family Hazard Attribution (Shapley) 

Isolating dynamics layers reveals their contributions. Fire is the dominant differenti-
ator: it reduces A* to 0% while the adaptive families retain 39–64%. Traffic alone also elim-
inates A* but has near-zero marginal impact on Periodic and Aggressive—their replan-
ning fully mitigates obstacle blockages. Combined dynamics reduce the soft-cost-inflation 
family (Periodic, Aggressive, Incremental A*) by 10–17 pp relative to fire alone, while APF 
is largely unaffected because its reactive field already treats traffic and debris as repulsive 
sources; this confirms non-additive layer interaction. Figure 11 decomposes these per-sce-
nario contributions using exact Shapley values, confirming fire as the primary driver of 
feasibility loss across all three scenarios. Fire is the dominant negative contributor in every 
scenario; traffic is secondary and matters most for the reactive and incremental families; 
structural collapse contributes negligibly to success rate. 

 

Figure 11. Scenario-separated exact Shapley attribution of the hazard layers to feasible success rate 
(percentage points), computed over the 23 hazard coalitions for each of the four classical adaptive 
families (Periodic, Aggressive, Incremental A*, and APF). The collapse layer (purple in the legend) 
contributes close to zero percentage points in all three scenarios, so its segments are not visible at 
this scale; this near-zero contribution is itself a reported result (Section 5.1). 

Moreover, road closures grow proportionally with fire (via the interaction engine); 
debris accumulates after the collapse delay (τ_c = 80). Aggressive Replan’s timely detours 
maintain forward progress; the frequent-replan family’s fixed-interval replanning pro-
duces extended stalls whose added delay propagates into mission value through the t–M 
coupling. 

5. Discussion 
5.1. Per-Family Hazard Attribution 

Hazard attribution follows the Shapley decomposition introduced in Section 3.7. The 
Shapley value φ_i of each hazard coalition-member i ∈ N = {fire, traffic, collapse} is com-
puted via Equation (6), where v(S) is the observed success rate of the family when only 
the hazards in subset S are active. A negative φ thus means the hazard degrades that 
planner’s success rate by that amount (in success-rate units). Over the three coalitions, the 
Shapley decomposition confirms fire as the dominant hazard for all planners. Traffic de-
grades A* (φ = −0.50) and APF (φ = −0.25), but traffic has near-zero marginal impact on 
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Periodic and Aggressive—their replanning absorbs obstacle blockages entirely. Collapse 
contributes near-zero marginal effect, subsumed by the fire that triggers it. 

In fire-dominated scenarios, the within-family sweep (Table 3) shows that ρ is a 
strong mission-value lever for the CVaR and incremental cost-inflation paradigms but a 
negligible one for the frequent-replan and reactive families; in traffic-heavy environments, 
all adaptive families perform comparably. 

5.2. Risk Coefficient as a Per-Family Mission-Selection Parameter 

The within-family analysis establishes that no single risk setting is universally opti-
mal, and—more sharply—that ρ’s leverage itself is family-dependent: the risk coefficient 
ρ serves as a meaningful, per-family mission-selection parameter. 

• Time-critical delivery (rescue, medication): a low ρ, for families where the sweep 
shows ρ is an effective lever (Table 3). Minimise t to maximise M(t); accept higher 
collision probability. 

• Collision-dominated operations (where collision yields total mission loss): a 
higher ρ, again only where the sweep shows ρ moves mission value. Partial task com-
pletion retains residual value while collision yields M = 0. As Table 3 shows, ρ is a 
strong lever mainly for the CVaR and incremental cost-inflation families; for fre-
quent-replan and reactive families it moves mission value only marginally, so ρ 
should be tuned where the per-family sweep shows it is effective. 

This reframes planner configuration: rather than identifying a single superior algo-
rithm at a fixed ρ, the appropriate risk coefficient is determined per family by the mission-
specific relationship between delivery time and objective value—a relationship FLARE 
makes empirically quantifiable. 

5.3. Limitations 

Several simplifications constrain the scope of the present study. 
(a) FLARE operates on 2D grids without altitude modelling or aerodynamic constraints. 
(b) The planner suite comprises classical algorithms; the CA fire model provides an ap-

proximation of real wildfire dynamics. 
(c) Three Greek urban scenarios offer focused but not exhaustive geographic coverage. 
(d) The risk coefficient is swept over a discrete grid ρ ∈ {0, 1, 2, 5, 10} and held constant 

within each episode; online or state-dependent adaptation of ρ is not studied. 
(e) Because conventional, navigation-centric benchmarks do not score the time-depend-

ent value of mission completion, the within-family ranking inversion is not visible 
under standard evaluation protocols; FLARE surfaces it by sweeping ρ within each 
family against a time-decaying mission value. The inversion is a per-family regime 
rather than a universal law: it appears in four of the eight families studied and is 
absent in the rest. 

(f) The surveillance freshness model abstracts sensor revisit time, data latency, and pay-
load size, weight and power constraints [56–59], and applies no fire-proximity 
weighting. 
The above simplifications are deliberate: the contribution of the present study is the 

evaluation paradigm and the ranking-inversion finding, not the planners themselves. 
Finally, the benchmark operates on a 2-D grid; a third (altitude) dimension would 

make the risk field R(x, y, z). Vertical separation attenuates horizontal ground-hazard risk 
(fire plumes, debris, moving vehicles) but introduces altitude-dependent terms—smoke-
column height, manned-aircraft corridors and dynamic no-fly volumes, and wind shear—
so extending FLARE to 3-D airspace, where altitude reshapes the risk-cost map, is a pri-
ority direction. 
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6. Conclusions and Future Steps 
This paper presented FLARE, a deterministic benchmark for evaluating UAV plan-

ner performance under time-coupled mission objectives. Its central instrument is a within-
family sweep of the risk coefficient ρ, with each planner’s algorithm held fixed, across 450 
base episodes on three Greek wildfire scenarios. The sweep shows that ρ’s leverage on 
mission value is family-dependent—decisive for the incremental cost-inflation family 
(mission value 0.41 at its success-optimal ρ versus 0.91 at its mission-optimal ρ), strong 
for the worst-case (CVaR) family, and negligible for the reactive, hard-threshold and fre-
quent-replan families—and that in four of the eight families the ρ maximising navigation 
success is not the ρ maximising mission value (a within-family ranking inversion), while 
in the rest the two optima coincide. 

Because the algorithm is fixed across each sweep, this divergence is attributable to ρ 
alone rather than to differences between planner architectures; it is a regime, not a univer-
sal law. The principal implication is methodological: planner evaluation should incorpo-
rate time-dependent mission-value functions rather than binary completion metrics, and 
the risk coefficient ρ provides a meaningful, per-family parameter for mission-specific 
configuration. 

Future work will extend FLARE in three directions. First, the discrete 2D grid will be 
generalised to a 3D airspace with altitude-coupled hazard perception—and ultimately to 
continuous-motion kinematics—so that smoke column height and no-fly zones of finite 
vertical extent can be represented explicitly. Second, learning-based planners (reinforce-
ment-learning policies and graph neural-network cost regressors) will be added to the 
planner set so that the risk-coefficient calibration protocol can be applied uniformly to 
data-driven agents. Third, the fire cellular automaton will be upgraded from a Moore-
neighbourhood Alexandridis model to a fuel-coupled Rothermel variant, enabling explicit 
calibration against historical EFFIS/Copernicus fire perimeters. 
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Abbreviations 
UAV Unmanned Aerial Vehicle 
FLARE Fire-Landscape Adaptive Risk Evaluation 
SR Success Rate 
MS Normalised Mission Score 
IQM Interquartile Mean 
CI Confidence Interval 
CA Cellular Automaton 
APF Artificial Potential Field 
OSM OpenStreetMap 
NFZ No-Fly Zone 
RNG Random Number Generator 
WUI Wildland–Urban Interface 
SAR Search and Rescue 
CVaR Conditional Value-at-Risk 
RRT* Rapidly exploring Random Tree (optimal variant) 
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