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Abstract 

Urban air mobility depends on small aerial vehicles threading through dense, wind-swept 

cities, yet most sampling-based planners treat the urban wind field as noise to reject rather 

than structure to exploit—and pay for it in flight energy. We take the opposite view. Be-

hind every building lies a sheltered wake where the air slows and aerodynamic drag 

drops, and this work turns that physical fact into a planning principle. We present an 

energy-aware, wind-shadow-aware framework that routes a single quadrotor, at the plan-

ning level, through these low-wind corridors. The wind model couples a power-law shear 

profile with Ekman directional veer and a frozen-turbulence gust component, grounding 

the planner in realistic boundary-layer physics. A feed-forward neural energy surrogate, 

trained to approximate a cost field that aggregates wind exposure and obstacle clearance, 

then guides a two-stage refinement—energy-aware, collision-checked shortcu�ing fol-

lowed by Laplacian and energy-guided smoothing—so that every accepted change stays 

collision-free. Against classical sampling-based baselines (RRT, goal-biased RRT, In-

formed RRT*, and BIT*) over a 50-run Monte-Carlo study, evaluated with multi-criteria 

metrics and Pareto-dominance analysis, the framework characterizes how wind-shadow-

aware routing balances route energy against smoothness and clearance, offering a repro-

ducible, wind-informed basis for flying robots navigation. 
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1. Introduction 

Urban air mobility (UAM) has moved past the concept stage. It is now an active en-

gineering problem, with aircraft expected to carry people, deliver goods, inspect struc-

tures, and respond to emergencies over crowded cities [1,2]. Small flying robots and elec-

tric vertical-take-off-and-landing platforms are the leading candidates for these short city 

hops [3,4]. The catch is that the same low-altitude, clu�ered airspace that makes UAM 

appealing is also where the trouble lives. Buildings crowd the route, usable corridors are 

narrow, and the wind grows strongly heterogeneous where the atmospheric boundary 

layer meets the built environment [5]. A workable deployment therefore depends on mo-

tion planning that stays collision-free, runs fast enough to use, and treats the aerodynamic 

cost of urban airflow as a first-class concern. 

City wind behaves nothing like wind over open ground. Buildings reshape the local 

pressure field. They funnel and speed up flow through tight gaps—the canyon effect—
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while leaving separation, recirculation, and slow, sheltered wakes behind their leeward 

faces [5,6]. Computational Fluid Dynamics (CFD) studies of urban canyons back this up: 

mean velocity, turbulence intensity, and flow direction all shift with how far apart the 

buildings sit, how tall they are, and which way the incoming flow is pointed [7,8]. That 

variability is not cosmetic. It carves the airspace into patches of very different wind speed, 

and some of those patches are genuinely dangerous for a small aircraft [9]. Newer simu-

lation pipelines now pair real building geometry with CFD or large-eddy simulation to 

recreate the wakes a quadrotor would actually fly through [10,11]. Even so, the reviews 

are blunt that we still do not fully understand how UAM interacts with this kind of com-

plex urban airflow [5,12]. One consequence is well documented yet barely used by plan-

ners. Just downwind of a building sits a pocket of slowed air—a wind shadow—where 

drag drops noticeably. Routing a vehicle through those sheltered pockets is a direct, phys-

ically grounded way to save energy. Yet most planners, when they consider wind at all, 

treat it as a nuisance to suppress instead of a spatial structure worth using. 

Energy is the constraint that decides what UAM can actually do. Multirotor burns 

power just to stay up, so its modest ba�ery sets a hard ceiling on how far it can go and 

how much it can carry [13,14]. Researchers have built power-consumption models that tie 

rotor thrust, vehicle dynamics, and aerodynamic drag to the instantaneous electrical draw 

[15,16], then folded those models into trajectory optimization to spend as li�le energy as 

possible [13,17]. Bring wind into the picture and the planner can use it—leaning away 

from headwinds and riding tailwinds to cut real flight cost [18]. Centralized UAM plan-

ners that fold in navigation and coverage requirements show how tightly city airspace 

boxes in these routes. Other work leans on graph search—Voronoi decomposition, A*, 

Dijkstra—to a�ach wind-dependent costs to edges across an urban network, and studies 

in lower-altitude UAM airspace confirm that respecting wind dynamics produces more 

energy-efficient paths than wind-agnostic baselines [18]. The problem is that graph search 

does not cope well with fine three-dimensional resolution and forces you into coarse net-

work abstractions. That pushes the field toward sampling-based planners, which work 

straight in the continuous configuration space. 

Among continuous planners, the Rapidly-exploring Random Tree (RRT) family is the 

one everyone reaches for. It mixes random exploration with probabilistic completeness 

and handles high-dimensional spaces without much fuss [19,20]. Its optimal cousin, RRT*, 

adds a rewiring step that drives path cost down, and it has become the family’s workhorse 

[19,21]. From there the variants pile up. Informed-RRT* confines its sampling to an ellip-

soidal admissible subset the moment a first solution appears [21,22], and bidirectional and 

goal-biased schemes chase faster convergence from other angles [23]. Recent surveys 

count dozens of RRT* tweaks from 2021 to 2024 and notice a pa�ern: almost all of them 

retune the expansion strategy or the path-retrieval step, and hardly any touch the sam-

pling distribution itself [20,24]. That is the opening. The sampling distribution is exactly 

where you could pour in prior knowledge of the environment—the shape of the wind 

field, say, or third-party and ground-risk cost maps—to steer new nodes toward the re-

gions you want. Learning a sampling distribution has already paid off in generic motion-

planning se�ings [25]. What is missing is a wind-physics-informed bias for urban flight, 

one that pulls node altitudes and positions toward calm, wake-sheltered air. Filling that 

gap is the first goal of this paper. 

Alongside classical search, learning-based planning has grown into a real alternative. 

Motion Planning Networks (MP-Net) push obstacle geometry through an encoder into a 

latent space, then let a planning network predict the next state toward the goal step by 

step; pairing that neural policy with a classical planner restores the formal guarantees 

[26,27]. Diffusion-based planners take a different route, treating trajectory generation as 

iterative denoising, and they hold up well in high-dimensional problems [28,29]. Surveys 
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track how fast learning and sampling-based planning are merging [30,31], including re-

sidual convolutional designs aimed at real-time path generation. One idea keeps coming 

back across this work: train a neural surrogate to mimic an expensive objective, then use 

it to nudge a trajectory toward cheaper regions for a fraction of the usual evaluation cost 

[25,32]. For urban UAM the obvious objective is an energy-cost field—wind exposure, ob-

stacle clearance, and altitude rolled together. Each piece is costly to evaluate on its own, 

but a small regression network trained with the Levenberg–Marquardt method can learn 

the whole thing [33]. A surrogate like that can then drive energy-aware shortcu�ing and 

smoothing while every change it proposes still gets collision-checked. You get the speed 

of learning without giving up the safety of classical validation. Building that refiner is the 

second goal of this work. 

Planning is only half the story; a large body of work tackles wind through control 

and data-driven estimation instead. Robust and adaptive controllers, online tuning, and 

Deep Reinforcement Learning (DRL) policies have all been shown to fend off wind shear, 

turbulence, and gusts on a single quadrotor, trimming tracking error along the way 

[34,35]. DRL in particular shows up everywhere in single-vehicle navigation and obstacle 

avoidance through clu�ered or unfamiliar spaces [36–38]. Some formulations go further 

and tie wind rejection to low-power flight under safety constraints [17], while control-

barrier functions have been fused with learning to keep a vehicle safe through aggressive 

maneuvers [39]. There is also the estimation side: onboard sensors, moving-horizon esti-

mators, or Gaussian-process regression let a vehicle figure out the disturbance acting on 

it in the moment [40]. And the Artificial Potential Field (APF) method is still a favorite for 

wind-aware local planning and tracking, with newer variants reshaping the a�ractive and 

repulsive forces to hold up be�er against gusts over the city [41–43]. Recent collaborative 

active visual Simultaneous Localization and Mapping (SLAM) frameworks have demon-

strated effective real-time navigation of multiple quadrotors in unknown outdoor envi-

ronments by coupling mapping, localization, and path planning [44]. Integrating such ac-

tive sensing and mapping capabilities with the proposed wind-biased RRT* and neural 

energy refinement would enable the present energy-aware planner to operate under lo-

calization uncertainty and partial maps, while still exploiting urban wind-shadow corri-

dors for reduced aerodynamic cost. 

All of this confirms two things—the urban wind problem is serious, and handling 

wind explicitly pays off. But it lives mostly at the control or estimation layer. It leaves the 

harder geometric question untouched: how should the structure of the wind shape the 

route itself, and in particular, how can a planner deliberately spend time in building wind 

shadows to save energy? 

Step back and three strands run through this literature, rarely touching one another. 

One studies the physics of urban wind and building wakes in detail. Other builds energy-

aware, sampling-based planners but seldom changes the sampling distribution to reflect 

the wind. The third refines trajectories with learning, yet rarely tailors that learning to an 

urban energy-cost field. This paper sets out to tie the three together. The core idea is sim-

ple: stop treating the wind field as a disturbance and start treating it as a planning input 

in its own right, le�ing its shear, veer, and wake structure decide where samples land 

while a learned energy model shapes how each route gets refined. 

So, this paper builds an integrated, energy-aware and wind-shadow-aware frame-

work for a single quadrotor crossing a clu�ered, windy city. We work at the planning 

level, without closed-loop tracking control, and the framework rests on two contributions 

that carry equal weight and feed each other. The first is a wind-biased RRT* planner. In-

stead of sampling uniformly, it pulls samples toward low-wind altitudes and toward the 

sheltered wakes downwind of buildings. The wind model behind that bias is deliberately 

realistic—a power-law vertical shear profile, Ekman directional veer, and a frozen-
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turbulence gust component together—so the sampling reflects real boundary-layer phys-

ics while RRT* keeps its probabilistic completeness. The second contribution is an energy-

aware neural refinement stage. Here a feed-forward neural energy surrogate—trained to 

approximate a cost field over wind exposure, obstacle clearance, and altitude—guides a 

multi-stage cleanup: energy-aware, collision-checked shortcu�ing first, then Laplacian 

and energy-guided smoothing, with every accepted change re-checked to stay collision-

free. The two halves act as one pipeline. The biased sampler seeds routes in aerodynami-

cally favorable regions, and the learned refiner polishes them for energy and smoothness. 

To see how well it works, we test the framework against classical sampling-based base-

lines—RRT, goal-biased RRT, Informed RRT*, and BIT*—across a 50-run Monte-Carlo 

study, scoring each run-on length, smoothness, energy, and risk and reading the trade-

offs through Pareto-dominance analysis. 

The rest of the paper is organized as follows. Section 2 presents the modeling and 

solution framework, including the mathematical formulation of the urban environment, 

wind-field representation, and the proposed optimization problem and introduces the 

proposed method, consisting of the wind-biased RRT* planner and the energy-aware neu-

ral refinement strategy for trajectory optimization. Section 3 presents the simulation re-

sults, including Monte Carlo experiments and multi-criteria performance evaluation. Sec-

tion 4 discusses the obtained results and highlights the limitations of the proposed ap-

proach, followed by conclusions in Section 5. 

2. Modeling and Solution 

2.1. Workspace Urban Wind Field Modeling 

The physical flight domain is defined as an axis-aligned bounding box Ω ⊂ �� ex-

pressed as 

Ω = [0, ��] × �0, ��� × [0, ��] (1)

where the default operational dimensions are set to �� = �� = 1200 m and �� = 220 m, 

The simulated urban environment (Figure 1) consists of numerous buildings with diverse ge-

ometric characteristics, providing a realistic representation of a dense metropolitan area. Fur-

thermore, multiple suspended no-fly zones (NFZ), illustrated in red, are distributed through-

out the workspace. These aerial restricted regions are located above ground level and are 

treated as forbidden airspaces that must be avoided by the path-planning algorithm. 

 

Figure 1. Working Space of algorithm with complex map and No-Flying-Zones (Red obstacles). 
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The obstacle-free navigation airspace is defined as 

����� = �\⋃
�

��  (2)

where �� ⊂ Ω denotes the compact spatial volume occupied by the j-th urban structure 

or building. 

To facilitate collision-checking and environmental querying, the geometry is discre-

tized into an occupancy map indicator function �(�) sampled on a uniform grid with a 

spatial resolution of Δ� = 0.5 m. 

�(�) = �
1, if � ∈ ⋃

�
��

0, otherwise
 ∀� ∈ � (3)

The continuous spatial wind velocity vector �(�) ∈ �� is constructed modularly at 

any coordinate � = [�, �, �]� ∈ Ωfree. The total velocity field is initialized from the atmos-

pheric boundary layer framework and systematically incorporates vertical wind shear, 

directional turning, stochastic turbulence, localized gusts, and structural building wakes 

(Figure 2). 

 

Figure 2. Uniform wind condition versus gusty wind. 

Near the ground surface, the mean horizontal wind speed profile �(�) is primarily 

governed by a constant turbulent shear stress �� within the atmospheric constant-flux 

layer. By defining the characteristic friction velocity as 

�∗ = ���/�� (4)

where ��  is the ambient air density and adopting Prandtl’s mixing length hypothesis 

l� = �� where � ≈ 0.41 represents the von Kármán constant), the mechanical stress bal-

ance equation 

�� = ��l�
� (��/��)� (5)

yields the fundamental differential gradient: 
��

��
=

�∗

��
⟹ �(�) =

�∗

�
�� �

�

��

� (6)

which represents the classic logarithmic wind profile, where �� enotes the aerodynamic 

roughness length of the terrain. 

For high-level engineering applications over complex and highly obstructed urban 

topologies, this logarithmic law is robustly approximated using an empirical power-law 

profile anchored at a specific reference height �ref. 
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By formulating the profile as 

�(�) ≈ �ref(�/�ref)
�  (7)

And matching its logarithmic derivative slope precisely at �ref , the dimensionless 

shear exponent � is mathematically identified as: 

� = �
� �� �

� �� �
�

�ref

=
�

��(�ref/��)
  (8)

The equation above demonstrates that aerodynamically rougher urban landscapes 

(characterized by larger �� values) inherently yield a larger shear exponent �. 

To accurately replicate a dense, built-up metropolitan environment, we adopt a de-

sign exponent of � ≈ 0.30 throughout this study [45]. 

To implement a computationally efficient yet physically accurate representation of 

the atmospheric boundary layer, the continuous horizontal wind speed magnitude  �(�) 

at a given altitude � is governed by an empirical power-law profile: 

�(�) = �� �
���(�,����)

����
�

�

  (9)

where �� represents the baseline reference wind speed measured at a standard reference 

altitude of �ref = 10 m, which scales dynamically according to the predefined environ-

mental wind intensity level. To eliminate the mathematical singularity and infinite veloc-

ity gradients inherent to traditional boundary layer formulations as � → 0 , a lower 

boundary clamp is introduced at ���� = 0.5 m. The dimensionless shear parameter (� ≈

0.30) represents the atmospheric roughness coefficient corresponding to highly built-up 

urban topologies. 

The vertical wind shear profile, which characterizes the localized wind velocity 

change relative to flight altitude, is analytically derived by differentiating the velocity pro-

file with respect to � for all regions above the boundary clamp (� > ����): 

��

��
=

�������

�ref
� =

��(�)

�
  (10)

The resulting differential gradient highlights that the vertical shear is highly concen-

trated near the ground surface and decays progressively with increasing altitude. This 

spatial gradient serves as a critical physical driver within the motion planning framework, 

naturally rewarding trajectories that dynamically adjust flight altitudes to minimize aer-

odynamic resistance. 

Above the surface layer, the steady horizontal momentum balance is governed by 

the equilibrium among the Coriolis force, the pressure-gradient force, and the turbulent 

friction modeled via the eddy viscosity coefficient K. For the horizontal wind components 

(�, �) aligned with a geostrophic wind vector ���, 0� and a Coriolis parameter ��, this 

mechanical equilibrium is expressed as: 

��� = −�
���

��� ,  −���� − ��� = −�
���

���  (11)

The classical analytical solution to this system characterizes the Ekman spiral, which 

dynamically rotates the horizontal wind vector as a function of altitude: 

�(�) = �� �1 − ���/�� cos �
�

��
�� ,  �(�) = �����/�� sin �

�

��
� ,  �� = �

��

��
  (12)

where ��  denotes the characteristic Ekman boundary layer depth. Consequently, the 

wind heading angle 

��(�) = atan2(�, �) (13)

exhibits a monotonic directional turning with increasing altitude. To maintain computa-

tional tractability over the thin low-altitude urban band investigated in this work, this 

vertical directional veer is linearized about the surface wind heading �� using the leading 

term of a first-order Taylor expansion: 
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��(�) = �� + ��,  � ≈ 0.18∘ m��
 (14)

where � represents the constant directional turning rate. This linear approximation accu-

rately captures the physical directional veer of the lower atmosphere while minimizing 

the online computational overhead during the node expansion phase of the planning 

pipeline. 

The localized atmospheric turbulence intensity ��(�) is defined as the dimensionless 

ratio of the velocity standard deviation (the root-mean-square of turbulent velocity fluc-

tuations, ��) to the local mean wind speed magnitude �(�): 

��(�) =
��(�)

�(�)
  (15)

Within the constant-flux surface layer, the turbulent fluctuation magnitude scales 

proportionally with the friction velocity such that �� ≈ ��∗, where � ≈ 2.5 is an empir-

ical scaling constant. Substituting the logarithmic wind law into this relationship reveals 

that the theoretical turbulence intensity is inversely proportional to the altitude logarithm, 

�� ∝ 1/ ln(�/��), indicating a monotonic decrease with height. 

To ensure numerical stability and consistent scaling throughout the workspace grid, 

the simulation environment adopts a robust, surface-anchored monotonic decay model: 

��(�) = ��,� �
�ref

���(�,�ref)
�

�

  (16)

where � ≈ 0.25 denotes the empirical intensity decay exponent. The baseline surface tur-

bulence intensity ��,�  is dynamically coupled to a user-defined operational turbulence 

level �lev ∈ {1, … ,10} via a linear mapping function: 

��,� = 0.04 +
�lev��

�
⋅ 0.26  (17)

This formulation maps the discrete turbulence levels linearly onto a continuous sur-

face intensity bounds where ��,� ∈ [0.04,0.30]. This parameterization enables the motion 

planner to evaluate the stability risk of the path across a wide spectrum of meteorological 

conditions, ranging from calm urban environments to highly chaotic, boundary-layer con-

ditions. 

Following Taylor’s frozen-turbulence hypothesis, atmospheric turbulence is treated 

as a rigid spatial pa�ern advected past the moving vehicle at the mean wind velocity. 

Under this assumption, the temporal gust profile experienced along a flight trajectory is 

mathematically equivalent to a static, spatially varying field. We synthesize this multi-

dimensional field ��(�) as a finite superposition of deterministic Fourier modes governed 

by randomized yet fixed wavevectors �� ∈ �� and uniform phases �� ∈ [0,2�): 

��(�) =
�

���
∑ sin

��

���
���

�� + ���  (18)

where �� = 8 represents the discrete number of spectral modes. This algebraic formula-

tion guarantees two critical statistical and numerical properties: 

By applying the triangle inequality alongside the native trigonometric bound 

|sin(⋅)| ≤ 1, the maximum absolute amplitude of the synthesized field is strictly bounded: 

|��(�)| ≤
�

���
∑ 1

��

���
= ���  (19)

Following a unit-weight normalization step, the continuous spatial domain of the 

field is mapped precisely to lie within the stable numerical range [−1,1]. 

By assuming independent, uniformly distributed phases, the expectation operators 

evaluate to �[sin(⋅)] = 0 and �[sin�(⋅)] = 1/2. This yields the following localized ensem-

ble metrics: 

�[��] = 0,   Var[��] =
�

��
∑

�

�

��

���
=

�

�
  (20)
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The resulting field is statistically stationary and perfectly reproducible, remaining 

frozen throughout a single simulation run because �� and �� are locked by the initial 

pseudo-random seed. To drive independent heading ji�er, a second decoupled spatial 

field ��(�) is generated using identical structural properties. The aggregate instantane-

ous wind speed ��(�) and gusted wind heading ��
�(�) evaluated at any coordinate � ∈

����� are formulated as: 

��(�) = max ��(�) �1 + ����(�)� , 0� ,  ��
�(�) = ��(�) + ����(�) (21)

where �� ≈ 0.35 represents the fractional gust amplitude scale capturing peak velocity 

fluctuations, and �� ≈ 18∘ defines the maximum angular heading-ji�er standard devia-

tion. The nonlinear max(⋅ ,0) operator enforces a strict physical lower bound, preventing 

negative airspeed values during aggressive downburst cycles. 

Behind a bluff body immersed in a fluid flow, the aerodynamic wake exhibits a lo-

calized velocity deficit characterized by three distinct physical properties: (i) strict con-

finement to the leeward (lee) side of the structure, (ii) lateral diffusive spreading following 

a Gaussian distribution, and (iii) progressive kinetic energy recovery further downstream. 

To mathematically formalize this phenomenon within the workspace grid, the relative 

position vector of any given coordinate � ∈ Ωfree  relative to the geometric center of a 

building � ∈ Ωobs is projected onto the local horizontal unit wind direction vector: 

�� = [cos �� , sin �� , 0]� (22)

This yields the localized downwind along-wind coordinate � and crosswind coordi-

nate �: 

� = (� − �)���,  � = |(� − �) − ���| (23)

Following classical self-similar far-wake theory, the crosswind velocity profile is 

modeled as a Gaussian deficit distribution with a characteristic wake half-width ��, while 

the downwind fluid relaxation is governed by a monotonic downstream recovery func-

tion that depends on a characteristic recovery length �. Because the fluid deficit is strictly 

a leeward phenomenon, this interaction is modulated by an indicator function �[���] , 

which ensures the wake is active exclusively in the downwind domain. Combining these 

continuous spatial modifiers, the multi-building wind a�enuation is formulated via a 

multiplicative wake scaling factor ��(�): 

��(�) = 1 − (1 − ����) ⋅ �[���] ⋅ exp �−
��

���
� � ⋅ �1 − ���/��  (24)

where ���� ≈ 0.4 represents the strict lower bound of the velocity deficit corresponding 

to maximum flow a�enuation within the deep wake core, and �� scales proportionally 

with the characteristic cross-stream dimension of the building. The resulting scaling factor 

is strictly bounded such that ��(�) ∈ [����, 1]. 

By applying this multiplicative factor directly to the instantaneous wind velocity, the 

framework accurately synthesizes localized “wind shadows” behind urban obstacles, es-

tablishing low-velocity flight corridors that the motion planner can proactively exploit for 

energy optimization (Figure 3). 
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Figure 3. Lee ward wind speed reduction and turbulence changes with increasing altitude. 

2.2. RRT* and Wind-Shear-Biased RRT* Planning 

The RRT* algorithm was introduced specifically to overcome the fundamental limi-

tation of traditional RRT, which is its inability to guarantee path optimality. The core idea 

behind RRT* is to preserve the powerful exploratory capabilities of the original RRT while 

introducing an incremental optimization mechanism that systematically rewires the tree 

structure to find lower-cost paths. In the RRT* framework, a cost function is defined for 

each node  � ∈ �, representing the cumulative path cost from the initial starting configu-

ration to that specific node. In its most basic formulation, this objective function is defined 

strictly as the Euclidean path length: 

����(�)  =  ∑ ���  −  �{���}�
{�}
{���}    (25)

where {��, ��, … , ��} represents the unique path within the tree structure connecting �start 

to the current node �. Upon the generation of a new candidate node �new, rather than 

simply connecting it to the nearest existing node, the algorithm evaluates a set of neigh-

boring nodes located within a specified hyper-spherical neighbor radius: 

�����  =  { � ∈  � | ||� −  ����||  ≤  �� } (26)

In this approach, it is proven that the neighbor radius must be selected as a function 

of the current iteration count � and the spatial dimensionality � to mathematically guar-

antee asymptotic optimality: 

�(�) =  � �
���(�)

�
 �

�

�
  (27)

where � represents the total number of samples generated, � denotes the dimensional-

ity of the configuration space, and �  is a positive tuning parameter configured to be 

strictly greater than a critical threshold determined by the volume of the free workspace 

airspace. 

Inspired by random geometric graph theory, this scaling relationship serves as a cor-

nerstone for proving the asymptotic optimality of RRT*, ensuring that the tree remains 

appropriately connected as the sample size grows. Specifically, this formulation governs 

the selection of the hyper-spherical neighbor radius used to identify nearby nodes, which 

plays a pivotal role in driving effective tree rewiring cycles. If the neighbor radius is se-

lected below this critical threshold, rewiring operations cannot be executed, causing RRT* 

to degenerate into standard RRT behavior. Conversely, selecting an excessively large ra-

dius exponentially increases the computational complexity during neighbor search que-

ries. 
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In the subsequent step, the optimal parent node for the newly generated candidate is 

selected: 

q������  =  argmin_{q ∈  Q����} [ Cost(q)  + ||q −  q���|| ] (28)

Following the successful connection of �new to the tree, the rewiring phase is exe-

cuted. During this step, the algorithm evaluates each neighboring node � ∈ �near to de-

termine whether routing the path through �new can successfully reduce that node’s cu-

mulative path cost: 

If Cost(����) + |� − ����| < Cost(�)  ⇒  parent(�) = ����  (29)

This recursive rewiring process ensures that older, sub-optimal paths are incremen-

tally replaced by shorter, highly efficient trajectories. Under mild assumptions regarding 

cost-function continuity and search-space boundedness, it is mathematically proven that 

RRT* achieves asymptotic optimality, which can be formally expressed as: 

lim
{�→�}

 Cost(σ�) =  Cost(σ∗)  (30)

where �� represents the lowest-cost path discovered after � sample iterations, and �∗ 

denotes the true theoretically optimal trajectory. This foundational theoretical result es-

tablishes RRT* as one of the few sampling-based motion planning algorithms that simul-

taneously preserves rapid workspace exploration and guarantees strict mathematical con-

vergence to the global optimum (Algorithm 1). 

Algorithm 1. RRT* [19] 

Input: x_init, number of samples n 

Output: tree G = (V, E) 

 

1  V ← {x_init}; E ← ∅; 

2  for i = 1, ..., n do 

3      x_rand ← SampleFree_i; 

4      x_nearest ← Nearest(G = (V, E), x_rand); 

5      x_new ← Steer(x_nearest, x_rand); 

6      if CollisionFree(x_nearest, x_new) then 

7          X_near ← Near(G, x_new, r_n, r_n = γ·(log i/i)^(1/d)); 

8          x_min ← x_nearest; c_min ← Cost(x_nearest) + ||x_new − x_nearest||; 

9          foreach x_near ∈ X_near do 

10             if CollisionFree(x_near, x_new) and Cost(x_near) + ||x_new − x_near|| < 

c_min then 

11                 x_min ← x_near; c_min ← Cost(x_near) + ||x_new − x_near||; 

12         V ← V ∪ {x_new}; E ← E ∪ {(x_min, x_new)}; 

13         foreach x_near ∈ X_near do 

14             if CollisionFree(x_new, x_near) and Cost(x_new) + ||x_near − x_new|| < 

Cost(x_near) then 

15                 E ← (E\{(Parent(x_near), x_near)}) ∪ {(x_new, x_near)}; 

16 return G = (V, E); 

However, the raw trajectories generated by this stochastic approach are inherently 

non-unique and frequently exhibit irregular, jagged, and geometrically non-smooth seg-

ments. It must be emphasized that while expanding the algorithm’s iteration count within 

the operating workspace significantly enhances overall path quality over time, it intro-

duces a severe computational latency that challenges real-time deployments. 

This optimality guarantee, however, is stated purely with respect to geometric path 

length. The cost model above is blind to the surrounding wind field, so that two paths of 
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identical length are deemed equivalent even when one traverses a low-shear corridor and 

the other climbs through a region of strong vertical shear, where the boundary-layer 

model developed earlier predicts substantially higher aerodynamic resistance and energy 

expenditure. In an urban environment whose wind profile �(�) varies strongly with al-

titude, this blindness is a material limitation: the length-optimal tree populates the con-

figuration space uniformly in altitude and therefore spends a large fraction of its samples, 

and ultimately of its trajectory, in energetically unfavorable bands. A naive remedy would 

be to fold the wind field directly into the edge cost, but doing so distorts the very metric 

on which the radius schedule and the optimality proof rely, sacrificing the guarantee that 

motivated the use of this planner in the first place. 

We therefore pursue a different route. Rather than altering the cost metric, we alter 

the distribution from which candidate nodes are drawn, leaving the length-based cost, the 

rewiring rule, and the radius schedule entirely intact. Because the asymptotic-optimality 

argument depends only on the radius schedule and not on how samples are distributed 

in space, biasing the sampler preserves convergence to the optimum while steering the 

tree’s growth toward altitudes where the wind opposes the vehicle least. This separation, 

in which an unchanged length-optimal search operates on top of a wind-informed sam-

pler, is precisely the mechanism by which the standard planner is transformed into its 

wind-shear-biased variant, and it is developed in what follows. The contribution is to re-

place the uniform sample altitude with one drawn from a distribution that prefers low-

wind heights, so that the asymptotically-optimal length search just described concentrates 

its nodes in the energetically favorable band. We now derive that distribution directly 

from the wind profile established in the environmental model. 

We begin by defining an altitude preference that is inversely proportional to a power 

of the local mean wind speed �(�). Introducing a bias exponent �� ≥ 0 and substituting 

the power-law profile, the weight takes the closed form 

�(�) = �
��

�(�)
�

��
= �

����

���(�,����)
�

���
,   � ∈ [���, ���],  (31)

where �� is the bias strength: se�ing �� = 0 recovers a flat weight and reproduces uni-

form altitude sampling, whereas a larger �� sharpens the preference for low-wind alti-

tudes. The interval [���, ���] is the admissible altitude band imposed by the operating cor-

ridor, and �, ����, ����  are the shear exponent, reference altitude, and lower clamp in-

herited directly from the boundary-layer model. Normalizing this weight over the admis-

sible band yields a proper probability density function and its cumulative distribution 

function, 

��(�) =
�(�)

��
,  �� = ∫ �

���

���
(�) ��,  (32)

��(�) = ∫ ��
�

���
(�) �� =

�

��
∫ �

�

���
(�) �� ∈ [0,1]  (33)

For the power form of the weight, writing the combined exponent as � = ���, the 

normalizing integral admits a closed form. For � ≠ 1, 

∫ ��� �� =
����

���
,   so  �� =

����
 � ����

 �������
 ����

���
  (34)

The closed-form cumulative distribution allows altitudes to be sampled exactly, 

without rejection, through the inverse-transform method. If � ∼ Uniform(0,1) and �� is 

a continuous, strictly increasing cumulative distribution function, then � = ��
��(�) has 

cumulative distribution ��. This follows directly, since 

�(� ≤ �) = � (��
��(�) ≤ �) = � �� ≤ ��(�)� = ��(�) (35)

where the final equality holds because � is uniform on [0,1]; the sampled altitudes are 

therefore distributed exactly as ��. Accordingly, the planner draws each sample as 
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� ∼ Uniform(0,1),  ����� = ��
��(�),  (�����, �����) ∼ Uniform����� (36)

with a goal bias applied on top, so that with probability �����  the sample is replaced by 

the goal configuration ����� . To allow the strength of the altitude preference to be tuned 

continuously, a bias-blending coefficient �� ∈ [0,1]  linearly interpolates between the 

shear-biased altitude and a uniform one, 

����� = �� ��
��(�) + (1 − ��)[ ��� + � (��� − ���) ] (37)

With �� = 1 the empirical altitude histogram of the tree matches �� by construction, 

while �� = 0  recovers uniform altitude sampling, and intermediate values trade the 

strength of the energetic bias against altitude diversity. In the planning pipeline this is 

realized as a custom state sampler that overrides the default uniform sampler, so that the 

asymptotic-optimality machinery established above operates unchanged on top of the 

wind-biased altitude distribution. 

Although the wind-biased RRT* produces be�er initial trajectories, the stochastic na-

ture of sampling still results in sub-optimal, non-smooth paths. The next section intro-

duces a complementary neural energy-aware refinement stage to further reduce energy 

cost and improve trajectory quality. 

2.3. Energy-Aware Learning Layer 

The energy-aware refinement method developed in this section is guided by a single 

scalar energy-cost field defined over space, which trades off the aerodynamic cost of the 

wind against proximity to obstacles. This field provides the objective that converts a geo-

metrically feasible path into an energetically efficient one. In contrast to a generic 

weighted sum of exposure, clearance, and altitude, the field implemented here is the phys-

ically grounded normalized wind-drag energy augmented by a discrete obstacle-proximity 

penalty, and is defined as 

��(�) = ��(�) + ��(�) (38)

Because the aerodynamic power required to fly against a relative airflow scale with 

the square of the airspeed, the wind term is the square of the local wind speed normalized 

by the reference speed, modulated by the local turbulence intensity. Using the boundary-

layer wind speed �(�), the wind-shadow a�enuation factor ��(�), and the turbulence 

intensity ��(�) from the environmental model, the wind term is 

��(�) = �
��(�) �(�)

����
�

�

�1 + �� ��(�)�  (39)

where ���� is the reference wind speed and �� ≈ 1.5 is a turbulence-to-energy coupling 

gain that increases the effective cost in gusty, high-turbulence air. The squared depend-

ence rewards trajectories that seek low-wind altitudes and the sheltered wakes behind 

buildings, where ��(�) < 1, while the turbulence factor additionally penalizes unstable 

regions. 

Rather than a continuous inverse-distance function, the proximity penalty is evalu-

ated discretely against the inflated planning map �����, which already encodes the vehi-

cle safety bubble. The point itself and a set of six axis-aligned probe points at radius � =

5 m, 

� = �±� ��,  ±� ��,  ±� ��� (40)

are tested for occupancy, and the penalty combines a strong term for the point lying inside 

an obstacle with a graded term proportional to the fraction of probes that are occupied, 

��(�) =
0.8

1 + ���smooth��plan(�)��.��
+

0.25

6
�

1

1 + ���smooth��plan(����)��.��

�

���

,  �� ∈ � (41)
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This continuous sigmoid formulation rises sharply as the vehicle approaches occu-

pied space and asymptotically reaches zero in open regions. By emulating a soft-clipping 

safety barrier with a scaling constant of αsmooth = 20, it provides a mathematically rigor-

ous, differentiable repulsive signal for refinement without requiring the heavy computa-

tional overhead of an exact Euclidean distance transform. 

The motivation for replacing the raw field �� with a learned surrogate is computa-

tional. Evaluating �� directly inside an optimizer is expensive, because each call queries 

the underlying wind and wake models through �(�), ��(�), and ��(�), and the obstacle 

term performs seven occupancy queries. A trained surrogate �̂� ≈ �� replaces these re-

peated calls with a single cheap forward pass. 

The surrogate is a feed-forward regression network whose input is the three-dimen-

sional position � = [�, �, �] and whose output is the scalar energy prediction; the inputs 

are internally standardized to zero mean and unit variance per coordinate during training. 

With hidden-layer widths [64,48,32,16]  and input �(�) = �  indexed by layers ℓ =

1, … , �, the forward pass propagates 

�(ℓ) = �(ℓ)�(ℓ��) + �(ℓ),  �(ℓ) = � ��(ℓ)� (42)

through the hidden layers, terminating in a linear output head that produces the scalar 

energy prediction, 

�̂�(�) = �(�)�(���) + �(�) (43)

with trainable parameters � = {�(ℓ), �(ℓ)} . The hidden activation is the rectified-linear 

unit, whose sub derivative is the indicator of a positive pre-activation, 

�(�) = max(0, �),   �′(�) = �[� > 0] (44)

A set of � positions is sampled uniformly over the workspace footprint and over the 

admissible altitude band [���, ���] , and each is labeled by the ground-truth field, �� =

��(��). The parameters are fi�ed by minimizing the regularized mean-square error, in 

which the penalty � ∥ � ∥� is applied to the network weights to discourage overfi�ing, 

�(�) =
�

�
∑ (�

��� �̂�(��) − ��(��))� + � ∥ � ∥�  (45)

The optimization proceeds by back-propagation. The per-sample residual and the 

corresponding sensitivity at the linear output layer are 

�� = �̂�(��) − ��(��),  �(�) = 2��  (46)

where the constant factor 1/� is absorbed into the learning rate. The chain rule propa-

gates the sensitivity from the output back through the hidden layers, 

�(ℓ) = ��(ℓ��)��(ℓ��)� ⊙ �′ ��(ℓ)� (47)

from which the parameter gradients follow, with the Hadamard (elementwise) product 

denoted by ⊙ and the weight regularization contributing 2��(ℓ), 

∇�(ℓ)� = �(ℓ)(�(ℓ��))� + 2��(ℓ),  ∇�(ℓ)� = �(ℓ) (48)

Training employs a Levenberg–Marquardt update that interpolates between gradi-

ent descent and Gauss–Newton through a damping parameter �, 

�� = � − (� + ��)��∇��,   � ≈ Jac�Jac (49)

with � the Gauss–Newton approximation to the Hessian assembled from the Jacobian of 

the residuals. Generalization is monitored on a held-out validation set, formed by an 

85/15 train–validation split of the sampled data, through the root-mean-square error, 

RMSE = �
�

����
∑  ��

�
�∈���   (50)
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For the purpose of trajectory refinement, only the gradient of the surrogate with re-

spect to its spatial input is required. This is obtained robustly by central differences with 

step ℎ = 4 m, and the result is normalized to a unit direction so that it acts purely as a 

steering signal, It is worth noting that this decentralized numerical stencil is intentionally 

selected rather than a full analytical backpropagation. By evaluating the network at local-

ized spatial probes, the framework substantially dampens the online computational over-

head, ensuring rapid, low-latency execution that fits the strict processing and hardware 

limitations of resource-constrained UAV flight computers during real-time navigation. 

��(�) = �
��̂(�����)���̂(�����)

��
�

���,�,�
,  ��(�) =

��(�)

∥��(�)∥
  (51)

When no surrogate is supplied, this guidance signal vanishes, �� ≡ 0, and the refine-

ment degrades gracefully to purely geometric smoothing. The quantity �� is the learned-

guidance signal that drives the energy-aware refinement described next. 

The refinement improves an existing collision-free path in two stages: a learned-en-

ergy-aware shortcut that reduces length, followed by a combined Laplacian and energy 

smoothing that reduces curvature. Both stages are collision-gated, so feasibility is pre-

served throughout. Let the input be the waypoint list � = (��, … , ��). A straight segment 

between two waypoints is feasible if and only if all of its densified samples, taken at 

roughly 2 m spacing on a discrete grid {��, … , ��} of [0,1], lie in free space, 

free���, ��� = ⋀
�∈{��,…,��}

¬ ����� �(1 − �)�� + ���� (52)

where ����� is the occupancy indicator of the planning map. A shortcut from index � to 

a non-adjacent index � > � + 1  replaces the intervening waypoints by a single straight 

segment. Let 

�‾(�, �) =
�

�
∑  �̂�� ��� + ���� − ����   (53)

denote the mean learned energy along this candidate shortcut, evaluated at � sample 

points, and let �‾����(�, �) denote the corresponding mean energy along the current path 

between the same two endpoints. The shortcut is accepted when it is both feasible and 

does not materially raise the mean energy, 

accept � → � ⇔ free���, ���  ∧  �‾(�, �) ≤ �‾����(�, �) + �� (54)

with an energy tolerance �� = 0.05. Greedily taking the farthest acceptable index � yields 

a shorter polyline, which is then densified to a uniform spacing ��, 

�(�) = densify(shortcut(�),  ��) (55)

The second stage moves each interior waypoint toward a blended Laplacian and low-

energy optimum, selected from a finite candidate set. The Laplacian target is the midpoint 

of the two neighboring waypoints, 

�� = 1 2⁄ (���� + ����) (56)

and the candidate set combines a half-step toward this target with a fixed set of eight 

directional offsets {��}���
� , 

�� = {�� + 1 2⁄ (�� − ��)} ∪ ��� + ��: � = 1, … ,8� (57)

so that �� contains nine candidate points in total. The vertical coordinate of every candi-

date � ∈ �� is clamped to the admissible altitude band so that it remains within the oper-

ating corridor, 

�� ← clip(��,  ���,  ���) (58)
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Each candidate is scored by an objective combining a smoothness term, the learned 

energy, and a displacement penalty, and is accepted only if both adjacent segments remain 

feasible, 

��(�) = ��∥∥���� − 2� + ����∥∥ + �� �̂�(�) + ��∥∥� − ��∥∥ (59)

��
� = argmin

�∈��

��(�) s.t. free(����, �)  ∧  free(�, ����)  (60)

where the smoothness term ∥ ���� − 2� + ���� ∥ is a discrete second-difference curvature 

measure, and the weights are (��, ��, ��) = (0.8,0.5,0.04), with the update repeated over 

a few passes. Because every accepted move is explicitly feasibility-checked against the 

planning map, the final collision audit over the refined path is exactly zero (Figure 4), 

collisions = ∑  �����ℓ (�ℓ
�) = 0  (61)

 

Figure 4. Architecture of the feed-forward energy surrogate. A three-dimensional position enters 

the network, moves through hidden layers of width 64, 48, 32  and 16 with ReLU activations, and 

leaves as a single predicted energy value at the linear output. 

It is worth noting that because the neural refiner prioritizes energy optimization 

within wake-sheltered low-wind corridors, the resulting paths naturally route closer to 

the leeward faces of obstacles. To prevent this behavior from compromising flight safety, 

every waypoint update proposed by the network is explicitly validated by a deterministic, 

collision-gating safety checker. Any candidate vertex that breaches the pre-inflated vehi-

cle safety bubble (Mplan) is instantly rejected, ensuring that the physical path clearance 

never drops below the strict threshold. Thus, the final verified path collision metric re-

mains strictly bounded at zero across all operational cycles. 

3. Results 

To find out whether the framework actually works, we ran a large set of simulations 

in MATLAB 2023b. We wanted more than a yes-or-no answer. The aim was to see how 

much the wind-biased sampling and the neural energy refinement each pull their weight, 

and how the whole pipeline stacks up against the methods people already use. 

We put the method through five different urban environments to check that it holds 

up and generalizes rather than fi�ing one lucky layout. The metrics and the broader trends 

came out almost the same in every case. So, we report one representative scenario here 

and leave the rest out, since repeating near-identical results would not add anything. 

The test itself ran over 50 independent Monte-Carlo trials in a 1200 × 1200 × 220 m 

city, each with a randomly generated wind state and a realistic scenario. Start and goal 

positions stayed fixed across runs, which keeps the statistics comparable from trial to trial. 

We scored every run on four things: total path length, energy proxy, trajectory 
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smoothness, and collision risk. Four familiar planners served as the comparison—stand-

ard RRT, goal-biased RRT, Informed RRT*, and BIT*. 

The next subsections walk through this in order. We start by checking that the urban 

wind model is accurate. From there we isolate what the wind-biased sampling buys us 

and, separately, what the neural refinement adds. Then we put the pieces back together 

and report how the full framework performs. 

3.1. Uniform RRT* Modeling 

Figures 5–7 show the baseline RRT* solution in the 1200 × 1200 × 220 m urban scene. 

Starting from the spawn point S1 at  near ground level, the planner grows its tree through 

the gaps between buildings and returns a single collision-free route to the goal. The path 

is geometrically efficient—it threads the clu�ered cluster of towers and reaches the desti-

nation without detouring far from the direct line—and it respects the restricted zones 

(NFZ-1, NFZ-1, and 3, 4), steering around them cleanly. 

The route, however, carries the shortcomings that motivate the rest of this work. It is 

visibly jagged: the random sampling produces sharp, irregular turns rather than a smooth, 

flyable curve, which a real vehicle would track only at the cost of extra control effort and 

energy. The trajectory also climbs to high altitude with no aerodynamic justification—

precisely where the wind grows stronger under the shear profile—because the sampler 

treats every altitude equally and has no preference for the calmer, low-wind pockets be-

hind the buildings. Several segments pass close to building faces and restricted zones, 

leaving a thin safety margin. And because each run draws a fresh random tree, the solu-

tion is not reproducible: a second run yields a different path of similar length but no guar-

anteed quality. In short, RRT* gives a clean, length-optimal baseline, but a jagged, wind-

blind, and inconsistent one—exactly the reference against which the wind-biased planner 

and the energy-guided refinement are compared next. 

 

Figure 5. Baseline RRT* solution in the 1200 m × 1200 m × 220 m urban scene, shown in three dimen-

sions. The tree grows from the ground-level spawn point S1 through the gaps between buildings 

and returns one collision-free route to the goal. It clears the no-fly zones but climbs higher than the 

wind alone would justify. 
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Figure 6. Top-down view of the same baseline run. The plan view makes the jagged, irregular turns 

of uniform sampling easy to see and shows how narrowly several segments pass the building faces 

and the restricted zones. 

 

Figure 7. Wind-shear-biased trajectory drawn over the wind-speed heatmap. The route follows the 

darker, low-speed corridors that form behind the buildings instead of cu�ing across the bright, high-

wind patches. 

3.2. Proposed Wind Shear Biased RRT* 

The key idea proposed in this study is to initially guide the aerial robot to a prede-

fined cruising altitude, referred to as the climb floor, in order to improve its exposure to 

more favorable aerodynamic conditions. At this altitude, the vehicle exploits reduced 

wind-induced drag and energy demand by operating within building-induced low-wind 

(leeward) regions, where the effective wind speed is significantly a�enuated due to flow 

separation around urban structures. 

Unlike conventional formulations that primarily aim to minimize geometric path 

length, the proposed strategy does not treat path length as an optimization objective. 
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Instead, its primary impact lies in substantially reducing the aerodynamic energy proxy 

of the aerial robot through improved efficiency in these sheltered urban airflow regions, 

while maintaining collision-free and feasible trajectories (Figure 8). 

 

Figure 8. Energy and path evaluation for a single run of the wind-shear-biased planner, tracking 

how the route’s energy proxy and its geometry se�le over the course of the run. 

Nevertheless, the researchers considered a simplified single-building case with a uni-

form inlet wind velocity of 10 m/s to qualitatively assess whether the proposed analytical 

wind formulation can reproduce the dominant wake characteristics observed in CFD-in-

spired potential-flow approximation simulations. 

A simplified three-building urban configuration with a uniform inlet wind velocity 

of 10 m/s was considered to provide a qualitative assessment of the proposed analytical 

wind formulation against CFD-inspired potential-flow approximation, particularly re-

garding its capability to reproduce the dominant wake interactions and downstream low-

velocity regions generated by multiple obstacles. 

To provide a quantitative assessment, Table 1 summarizes the agreement between 

the analytical wake model and the CFD-lite solution over the free-stream domain for both 

the single-building and three-building configurations (U∞ = 10 m/s). The mean relative 

velocity difference remains below 4%, the RMSE is less than 0.4 m/s, and the Pearson cor-

relation coefficient exceeds 0.98 in both cases. These metrics confirm that the analytical 

formulation reproduces the dominant velocity-deficit magnitude, lateral spreading, and 

downstream recovery pa�erns that are relevant to energy-aware path planning. 

Table 1. Quantitative comparison of the analytical wake model against the CFD-lite solution for 

single-building and three-building configurations under a uniform inlet wind of 10 m/s. 

Configuration 
Mean |ΔV|/U∞ 

(%) 
RMSE (m/s) Pearson r 

Mean Deficit CFD 

(%) 

Mean Deficit 

Anal. (%) 

1 building 2.84 0.312 0.991 38.6 39.1 

3 buildings 3.67 0.385 0.987 41.2 42.0 

The comparisons demonstrate acceptable qualitative agreement between the analyt-

ical wind formulation and CFD-inspired potential-flow approximation  simulations. In 

particular, the proposed model successfully captures the dominant wake characteristics, 

including low-velocity regions and their downstream evolution, which are the primary 

flow features relevant to the proposed UAV path-planning framework. 

The qualitative agreement observed in Figures 9–11 is also consistent with previous 

computational investigations of urban wind flow reported in the literature. Large-eddy 

simulation (LES) studies of airflow around building arrays have shown that the dominant 
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flow characteristics relevant to urban navigation include the formation of downstream 

wake regions, velocity deficits, wake recovery, and the interaction of wakes generated by 

neighboring buildings. Likewise, numerical investigations of pedestrian-level urban wind 

fields have demonstrated that simplified wind models capable of reproducing these dom-

inant flow structures are suitable for engineering applications where the objective is to 

capture the overall distribution of favorable and unfavorable flow regions rather than re-

solve every turbulent eddy. Therefore, although the proposed analytical formulation is 

not intended to replace high-fidelity CFD simulations, its ability to reproduce the princi-

pal wake pa�erns observed both in the present CFD-inspired comparison and in previ-

ously published numerical studies supports its suitability for the energy-aware UAV 

path-planning framework considered in this work [46,47]. 

 

Figure 9. Velocity field analysis of a square body employing a potential-flow approximation 

method. 

 

Figure 10. Qualitative assessment of the proposed analytical wind model against CFD-inspired po-

tential-flow approximation for a simplified single-building scenario with a 10 m/s uniform incoming 

wind field. 

 

Figure 11. Comparison of CFD-inspired potential-flow approximation and analytical wind-field 

representations for a three-building urban configuration under a uniform 10 m/s incoming wind 

field. 
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3.3. Full Proposed Method (Wind + Neural Energy Model) 

Figure 12 places the two stages side by side in three dimensions. The biased route 

already leans toward the calmer, low-wind bands, but it wanders—the raw sampling 

leaves kinks and detours. The refined route runs through the same favorable air, only 

cleaner: the neural stage has pulled out the slack, straightened the long segments, and 

smoothed the climbs. Both reach the goal without touching a building or a restricted zone, 

so the refinement buys quality without giving up feasibility. 

 

Figure 12. Three-dimensional comparison of the wind-shear-biased route (dashed) and the fully 

refined wind-shear-biased + neural route (solid) across the urban scene, from spawn S1 to the goal. 

Seen from above (Figure 13), the difference between the two stages is easier to read. 

The biased route threads the gaps between buildings and skirts every no-fly zone, but its 

turns are abrupt. After refinement the line is noticeably calmer—fewer corners, gentler 

bends—while still holding clear of the same obstacles and restricted blocks. The plan view 

also shows how far the route is willing to travel laterally to stay in sheltered air rather 

than cu�ing straight across the map. 

 

Figure 13. Top-down view of the wind-shear-biased and refined routes over the urban map, with 

the four no-fly zones (NFZ-1 to NFZ-4) marked in red. 

Y
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Figure 14 is the wind the planner actually sees. On the left, the color map shows how 

speed varies across the city—bright bands of fast flow in the open stretches, dark pockets 

of slow air tucked behind buildings—while the arrows trace how the heading shifts from 

place to place. On the right, the transect makes the gust model concrete: the dashed line is 

the smooth mean wind, and the solid line is what the vehicle meets once turbulence is 

layered on, swinging well above and below the mean along the path. 

 

Figure 14. Urban wind field at a representative altitude: speed shown as a color map with local flow-

direction arrows (left), and a wind-speed transect comparing the uniform mean with the gusty 

mean-plus-turbulence profile (right). 

This is where the trade-offs become visible run by run. Energy flips that order: the 

full method se�les well below the others and stays there, which is the central result of the 

paper. Smoothness improves sharply once the neural stage is added, dropping below even 

the uniform baseline. Obstacle risk runs the other way, with the refined routes si�ing a 

li�le closer to obstacles—the clearance cost of chasing the low-wind air that hugs the 

buildings (Figures 15 and 16). 

 

Figure 15. Over 50 Monte-Carlo trials, for uniform RRT* (grey), wind-shear-biased (blue), and wind-

shear-biased + neural (orange) in a same scenario. 

 

Figure 16. Best run of each path planning technique over 50 Runs. 
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For consistency of comparison, the smoothness scale was inverted such that a lower 

value denotes a smoother trajectory, enabling all four metrics to be presented on a com-

mon graph (Figure 17). 

 

Figure 17. Per-run Statistics of the four metrics—path length, smoothness, energy, and obstacle 

risk—over 50 Monte-Carlo trials. 

Figure 18 separates the stages cleanly in the smoothness-risk plane. The refined 

routes (orange) cluster low on the smoothness axis—they are consistently the cleanest—

but spread toward higher risk. The biased routes (blue) sit higher up, rougher, and the 

uniform points fall between. The picture is not one method dominating everywhere; it is 

each stage occupying its own region, with the refinement trading a li�le clearance for a 

clear gain in smoothness. 

 

Figure 18. Pareto view of smoothness against obstacle risk for the three stages across all trials. 

Plo�ing length against energy (Figure 19) shows the decoupling that drives the whole 

approach. The points trend upward together, but the refined routes pull toward the lower-

energy side of the cloud for any given length band. Two routes of similar length can sit 
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far apart in energy, depending on how much of each one passes through fast versus shel-

tered air—exactly the gap the wind-biased sampler and the energy refiner are built to 

exploit. 

 

Figure 19. Pareto view of path length against the energy proxy for the three stages across all trials. 

Figure 20 holds the central tension of the method in a single plot. The refined routes 

gather along the low-energy edge, the uniform baseline along the low-risk edge, and the 

biased stage falls between them. Reading the front from one side to the other traces the 

choice the planner is making: how much clearance margin to spend in exchange for 

cheaper, low-wind flight. No single stage wins both axes, which is the honest shape of the 

trade-off. 

 

Figure 20. Pareto view of obstacle risk against the energy proxy for the three stages across all trials. 

3.4. Validations 

Figure 21 steps back to the whole field of seven planners. By hypervolume, which 

rewards covering the trade-off space well, the full method stands clearly above the rest. It 

also takes the largest share of head-to-head Pareto wins, meaning that across paired com-

parisons it is the one most often not dominated. The success rate panel is the reassurance: 

every planner solves essentially all of its trials, so the gains do not come from quietly fail-

ing on the hard cases. 
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Figure 21. Aggregate performance across the seven planners—hypervolume (left), share of head-

to-head Pareto wins (center), and success rate (right). 

The box plots (Figure 22) show that the results are systematic, not lucky. Across the 

fifty trials, the full method (Biased + Neural) holds the lowest box in smoothness and en-

ergy, and its spread is tight, so the behavior repeats from run to run rather than riding on 

a few good seeds. In obstacle risk it sits on par with the other planners rather than worse. 

Taken together with the near-unity success rate, the distributions confirm that the 

method’s advantages in energy and smoothness are consistent across the whole study. 

 

Figure 22. Distribution of the four metrics—path length, smoothness, energy, and obstacle risk—

across 50 trials for all seven planners, shown as box plots. 

As introduced at the beginning of this section, the proposed framework was evalu-

ated under five representative urban environments, including a dispersed skyline layout, 

a Manha�an grid, a sparse natural configuration, a dense natural configuration, and a 

downtown cluster. The Manha�an grid represents a realistic urban scenario derived from 

a section of high-rise buildings in Manha�an, New York City, while the other configura-

tions are designed to represent different levels of urban density and obstacle distribution. 

The quantitative evaluations demonstrated consistent trends across all five environments, 

with the proposed framework achieving the lowest energy-proxy values and the highest 

trajectory smoothness while maintaining comparable collision-free success rates. To avoid 

repetitive presentation of similar results, one representative scenario is discussed in detail 

in this section, while the aggregated results of all five environments are summarized in 

the corresponding table. 
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The quantitative evaluations were performed using 10 Monte Carlo trials for each 

environment, where the incoming wind magnitude was maintained around a predefined 

operating condition with small variations to represent environmental uncertainty, while 

the wind direction was slightly perturbed within a limited range (Table 2). 

Table 2. Comparative evaluation of path-planning performance across five urban environments us-

ing 10 Monte Carlo simulations. 

Scenario Method 
Length 

Mean 

Length 

std 

Energy 

Mean 

Energy 

std 

Smooth 

Mean 

Smooth 

std 

Risk 

Mean 
Risk std 

S1 Current 

Map 

Uniform RRT* 1240.7 48.4 1807.99 101.84 0.086 0.013 0.224 0.048 

Wind-Shear Biased 1183.4 52.2 1412.71 120.74 0.079 0.010 0.270 0.059 

Biased + Neural 1122.2 50.9 1021.52 122.23 0.055 0.008 0.308 0.073 

S2 Manhattan 

Uniform RRT* 1293.5 43.8 1923.25 212.02 0.088 0.011 0.229 0.052 

Wind-Shear Biased 1226.8 46.9 1556.10 145.66 0.081 0.012 0.285 0.054 

Biased + Neural 1173.2 45.2 1121.87 121.25 0.057 0.009 0.331 0.066 

S3 Sparse Nat 

Uniform RRT* 1142.0 46.6 1643.63 186.79 0.084 0.012 0.184 0.052 

Wind-Shear Biased 1094.4 46.1 1201.93 178.61 0.076 0.010 0.222 0.057 

Biased + Neural 1063.3 48.4 1078.45 187.28 0.054 0.009 0.270 0.073 

S4 Dense Nat 

Uniform RRT* 1395.5 51.1 2145.55 123.92 0.095 0.012 0.259 0.053 

Wind-Shear Biased 1320.8 44.0 1611.65 156.66 0.085 0.012 0.309 0.061 

Biased + Neural 1261.4 44.8 1321.17 123.09 0.060 0.009 0.364 0.072 

S5 Downtown 

Uniform RRT* 1333.4 53.7 2012.64 189.90 0.088 0.014 0.251 0.057 

Wind-Shear Biased 1306.2 42.2 1545.36 195.66 0.081 0.011 0.288 0.047 

Biased + Neural 1276.4 43.6 1287.66 110.13 0.057 0.008 0.344 0.076 

4. Discussion 

When the two contributions operate together—the wind-biased sampler guiding the 

tree expansion and the neural refiner improving the generated trajectories—the behavior 

across the 50 Monte Carlo trials reveals a clear and consistent pa�ern. The convergence 

trends and statistical comparisons presented in the previous section demonstrate similar 

performance characteristics across the evaluated runs. Three key observations can be 

identified by examining each performance metric individually. 

Path length provides the first observation. The proposed framework is not primarily 

designed to minimize geometric distance. Nevertheless, the refined trajectories exhibited 

a modest reduction in path length compared with the initial wind-biased solutions in the 

majority of the evaluated Monte Carlo trials. This behavior is mainly a�ributed to the tra-

jectory refinement process, which improves path smoothness and removes unnecessary 

local variations. This reduction should be interpreted as an empirical secondary outcome 

rather than a theoretical guarantee of the method. Since the primary objective is to reduce 

the energy proxy by exploiting favorable wind conditions, path length is not explicitly 

optimized and its variation depends on the sampling process and environmental config-

uration. 

The energy proxy exhibits a different and more significant trend. The complete 

framework consistently achieves the lowest energy-proxy values, followed by the wind-

biased planner, while the uniform sampling baseline produces the highest values. The 

performance gap between the three methods appears in the early stages of the simulations 

and remains stable throughout the evaluated trials. This result represents the main con-

tribution of the proposed framework: under the adopted energy-proxy formulation, a 

slightly longer trajectory passing through low-wind regions can achieve lower aerody-

namic cost than a shorter trajectory crossing high-shear regions, because the adopted aer-

odynamic cost model increases approximately with the square of the local wind speed. 
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Trajectory smoothness improves substantially after introducing the neural refine-

ment stage. The wind-biased planner alone may generate less smooth trajectories because 

its sampling strategy prioritizes aerodynamically favorable regions rather than geometric 

regularity. The neural refinement stage effectively compensates for this behavior by re-

ducing trajectory curvature and generating smoother paths compared with both the wind-

biased planner and the uniform baseline. These results highlight the complementary roles 

of the two components: the wind-biased sampler determines where the trajectory should 

pass to exploit favorable wind conditions, whereas the neural refiner determines how the 

trajectory can be improved while preserving the original planning objectives. 

The obstacle-risk metric follows a different trend and therefore requires additional 

discussion. After neural refinement, the average obstacle-risk value increases slightly 

compared with both the wind-biased and uniform planners. This increase is a direct con-

sequence of the energy-aware optimization, which deliberately guides trajectories toward 

the low-wind wake regions located immediately downstream of buildings. Because these 

sheltered corridors lie close to obstacle surfaces, the refined paths naturally operate with 

reduced geometric clearance. It should be emphasized, however, that collision-free feasi-

bility is strictly preserved at all times through the use of a fixed safety margin (5 m) en-

coded in the inflated occupancy map; every candidate waypoint is rejected if it violates 

this predefined buffer. Consequently, the elevated risk values reflect a controlled trade-

off between energy efficiency and nominal clearance rather than a compromise of safety 

under the deterministic planning assumptions of the present study. Future work will ex-

tend this framework by incorporating uncertainty-aware obstacle penalties that account 

for localization errors, wind-induced tracking deviations, and controller uncertainties 

during real-world UAV operations. 

To further assess the practical usefulness of the learned surrogate, we evaluated both 

its predictive accuracy and its computational efficiency on a held-out set of 1200 work-

space samples (Figure 23). 

 

Figure 23. Surrogate accuracy on held-out validation data: predicted versus true normalized wind-

drag energy (n = 1200, R2 = 0.894, RMSE = 0.6209). The diagonal denotes perfect prediction. 

Table 3 summarizes the results. The network achieves an RMSE of 0.6209 and an R2 

of 0.894, confirming that it captures the dominant structure of the energy-cost field. More 

importantly, a single forward pass of the surrogate is approximately 4.5 times faster than 

evaluating the analytical wind-cost field and more than 13 times faster than the full en-

ergy-cost field that also includes the obstacle-proximity term. Because the network is 

trained offline only once, the online refinement stage incurs negligible additional cost 

while still remaining collision-gated. 
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Table 3. Validation of the neural energy surrogate (held-out set, n = 1200). 

Category Metric/Method Value 

Accuracy 

RMSE 0.6209 

MAE 0.481 

R2 0.894 

Computation 

time 

Neural surrogate (mean) 1.85 ms (1.54 µs/point) 

Original windCostField 8.40 ms (7.00 µs/point) 

Original energyCostField 24.60 ms (20.50 µs/point) 

Speed-up 
vs. windCostField ~4.5× 

vs. energyCostField ~13.3× 

Training Offline training time (one-time) ~12 s 

5. Conclusions 

This work aimed to treat the urban wind field not merely as a disturbance to be re-

jected, but as environmental information that can be exploited during UAV path planning. 

The proposed framework integrates a wind-biased RRT* sampler with a neural trajectory 

refinement stage to generate energy-aware trajectories. Monte Carlo evaluation across 50 

simulated trials demonstrates consistent performance improvements. Compared with 

four classical sampling-based planners—RRT, Goal-Biased RRT, Informed RRT*, and 

BIT*—the proposed framework achieves the lowest energy-proxy values and the smooth-

est trajectories while maintaining collision-free feasibility and obstacle-risk levels compa-

rable to the baseline methods. Although a reduction in path length was observed after the 

refinement process, this is regarded as an incidental outcome rather than a primary opti-

mization objective. The main contribution of the framework remains the reduction of the 

aerodynamic energy proxy through the exploitation of urban wind-shadow regions, while 

maintaining collision-free and smooth trajectories. 

The two proposed components provide complementary contributions. The wind-bi-

ased sampler guides the search toward aerodynamically favorable regions while preserv-

ing the fundamental properties of RRT*, including the length-based rewiring criterion and 

asymptotic optimality. The neural refinement stage subsequently improves trajectory 

smoothness and further reduces the energy proxy while strictly enforcing collision-free 

constraints. Together, these components separate the planning process into two comple-

mentary tasks: identifying favorable regions for trajectory generation and refining the re-

sulting path to enhance its quality. 

The present study has several limitations. The evaluation is conducted at the geomet-

ric planning level without closed-loop vehicle dynamics or flight control, and the adopted 

energy metric represents an aerodynamic energy proxy rather than actual ba�ery con-

sumption. In addition, the analytical wind field and simplified wake model cannot fully 

capture the complexity of high-fidelity urban atmospheric flows. Although all generated 

trajectories remain collision-free through the use of inflated occupancy maps and fixed 

safety margins, obstacle clearance is not treated as an explicit optimization objective. Fu-

ture work will incorporate uncertainty-aware obstacle penalties, vehicle dynamics, local-

ization uncertainty, wind-induced tracking deviations, and higher-fidelity atmospheric 

models to improve the practical applicability of the framework. Nevertheless, the results 

demonstrate that treating urban wind as a source of planning information, combined with 

neural trajectory refinement, yields measurable improvements in energy-aware UAV path 

planning. 
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