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Abstract

As unmanned aerial vehicles (UAVs) are increasingly utilized in urban inspection and
emergency rescue missions, path planning under strong wind conditions persists as a
critical challenge. Traditional algorithms frequently exhibit deficiencies in environmental
adaptability or encounter difficulties in balancing exploration and exploitation. This paper
presents a dynamic-proportion Bat-Cuckoo Search (BA-CS) Hybrid Algorithm enhanced
with wind field perception to tackle the challenges of UAV path planning in urban environ-
ments with strong winds, specifically addressing the issues of insufficient environmental
adaptation and the exploration—exploitation imbalance. The algorithm integrates a dual-
feedback mechanism that dynamically modifies the ratio of the BA/CS subpopulations in
accordance with real-time iteration progress and population diversity. By incorporating
wind field perception into population initialization, interpopulation information exchange,
and wind resistance perturbation strategies, it attains efficient path optimization under
multiple constraints. Experimental results under strong winds with speeds ranging from
10.8 to 13.8 m/s indicate that the proposed algorithm generates paths that are smooth,
continuous, and entirely collision-free. It achieves a superior average wind resistance
cost of 0.92, which is 9.8%, 17.1%, and 52.6% lower than those of the A*, RRT, and PSO
algorithms, respectively. With a planning time of 3.95 s, it satisfies the path wind resistance
stability requirements stipulated in the GB/T 38930-2020 standard, providing an effective
solution for UAV inspection and emergency rescue operations in urban wind scenarios.

Keywords: unmanned aerial vehicle (UAV); path planning; strong wind environment;
BA-CS hybrid algorithm; wind field perception

1. Introduction

With the rapid development of modern technology, unmanned aerial vehicles (UAVs)
have demonstrated significant application potential in disaster emergency rescue, urban
inspection, and material delivery, owing to their low cost and high maneuverability. They
have emerged as essential equipment for assisting or replacing manual operations in
extreme environments [1]. However, as application scenarios extend to severe weather
conditions such as strong winds, coupled with urban environments characterized by dense
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buildings and intertwined dynamic obstacles, the challenges faced by UAV autonomous
path planning have become increasingly prominent: global climate change has led to
frequent strong winds, and strong wind disturbances (10.8-13.8 m/s) tend to cause path
deviations [2]. This is further compounded by the complex urban environment with 20 static
buildings and three dynamic obstacles, requiring UAV path planning to simultaneously
meet three core requirements: wind resistance and energy efficiency, obstacle avoidance
and safety, and optimal path [3].

To further clarify the complexity of these challenges in strong wind urban scenarios,
three key aspects are elaborated as follows: First is the spatiotemporal heterogeneity of
wind fields. Urban buildings cause significant shielding and turbulence effects—wind
speed attenuates nonlinearly with the distance to buildings (Gaussian attenuation model),
and eddies form behind high-rises, leading to random perturbations in wind direction and
speed. Such unsteady wind fields easily induce path deviations in UAVs. Second is the
coupling of multi-objective constraints. The planning must balance three core requirements:
wind resistance and energy efficiency, obstacle avoidance safety, and engineering feasibility.
Traditional algorithms often prioritize one aspect while neglecting others—for example,
PSO is prone to premature convergence and fails to balance wind resistance and obstacle
avoidance, as reflected by its excessive path length of 2670.96 m in comparative experiments.
Third is the dynamic adaptation to wind field changes. Existing hybrid algorithms (e.g.,
CS-GA) mostly adopt fixed subpopulation proportions, which cannot respond to real-time
wind speed fluctuations in urban scenarios, resulting in exploration—exploitation imbalance
and reduced planning accuracy.

Path planning algorithms can be classified into traditional heuristic algorithms and
swarm intelligence optimization algorithms based on their adapted scenarios [4]. Tradi-
tional heuristic algorithms (e.g., A* [5,6], RRT [7], DFS [8], BFS [9]) are well-suited for static
and known environments; however, their heuristic functions are prone to failure under
strong wind conditions, resulting in insufficient wind field adaptability. Swarm intelligence
algorithms (e.g., PSO [10], BA [11], CS [12]), which balance exploration and exploitation
through group-based optimization, have inherent limitations: BA possesses strong local
exploitation capability but lacks sufficient global search, while the converse holds for CS;
PSO is susceptible to premature convergence, resulting in a high obstacle collision risk
during path planning in strong wind scenarios [13].

In recent years, the development of hybrid algorithms has gradually deepened. For
instance, Hybrid Artificial Bee Colony—Cuckoo Search Optimization (ABC-CSO) [14] com-
bined with PSO has been applied to capacitor optimal planning in distribution systems
under varying loads, optimizing capacitor locations and sizes to achieve voltage stabil-
ity, reduce power loss, and enhance system efficiency; Hybrid Firefly Algorithm—Cuckoo
Search (FA-CS) [15] has been utilized for optimal path planning, leveraging Levy flight
and brood parasitic behavior to avoid obstacle collision and find the optimal path, outper-
forming individual parent algorithms. However, existing hybrid algorithms (e.g., Cuckoo
Search—Genetic Algorithm (CS-GA)) mostly adopt fixed subpopulation proportions, which
fail to adapt to dynamic changes in wind speeds in strong wind urban scenarios. This tends
to cause exploration—exploitation imbalance, and the algorithms also suffer from a lack
of dynamic target tracking capability, among other issues—all of which reduce planning
accuracy and practicality.

To address this issue, this paper proposes a wind field-perception dynamic-proportion
BA-CS hybrid algorithm aimed at the core challenges of strong wind urban scenarios. The
main research contents are outlined as follows:
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1. Leveraging the strengths of BA in local exploitation and CS in global search, a dual-
feedback dynamic subpopulation mechanism based on “iteration progress-population
diversity” is designed to adapt to changes in multi-objective costs in real time.

2. A wind field-perception heuristic population initialization strategy is developed, incorpo-
rating interpopulation information exchange to balance exploration—-exploitation progress.

3.  Engineering-based optimization measures are introduced, which include Kalman Filter
(KF) prediction for dynamic obstacles, wind field modeling for building occlusion,
path pruning, and turning angle constraints. These measures serve to improve the
algorithm’s applicability in real-world operational scenarios.

Section 2 elaborates on the principles of basic algorithms (BA, CS) and comparative al-
gorithms (PSO, A*, RRT), along with their adaptations for strong wind scenarios. Section 3
constructs a refined urban wind field model integrating building shielding, height stratifica-
tion, and turbulent disturbance. Section 4 designs the dynamic proportioning BA-CS hybrid
algorithm, including dual-feedback regulation, wind field—perception collaboration, and
multi-constraint adaptation. Section 5 presents multi-indicator performance comparisons,
path visualization, national standard verification, and ablation experiments. Section 6
concludes the research findings and outlines future lightweight design and uncertainty
adaptation directions.

2. Algorithm Analysis

2.1. Principles of the Basic Algorithms
2.1.1. Bat Algorithm (BA)

The Bat Algorithm (BA) [16] simulates the echolocation behavior of bats and achieves
path optimization through the dynamic update of frequency, velocity, and position [17].
The adaptation of its core formulas and code parameters is as follows:

1.  Frequency adjustment:

The search frequency of bats controls the flight velocity range, with the formula
expressed as follows:

fi(t) = fmin + (finax — finin) ¥ rand;(t) )

Herein, f,,,;;, = 0.3 and fy,qx = 1.0: this range is determined through pre-experiments. An
excessively low frequency leads to slow velocity updates, making it difficult to respond to
strong wind disturbances; an excessively high frequency may cause positional oscillations.
In code-based actual measurements at fy,4x, the local search accuracy of the BA reaches the
optimum, with a fitness fluctuation < 0.05; rand;(t) is a uniform random number within the
range [0, 1] independently generated for the i-th bat: it ensures the diversity of individual
frequencies within the population and avoids local optima. The subscript i denotes the i-th
bat individual, and t denotes the t-th iteration, indicating that the frequency is dynamically
updated for each individual in each iteration.

2. Velocity update:

Velocity update relies on the historical velocity v;(t) and the global optimal solution,
with the formula expressed as follows:

0i(t+1) = w(t) - 0i(t) +c1 - rand() - (xpest () — xi(£)) + fi(t) - (xpest () — xi(1)) ~ (2)

Herein, w(t + 1) denotes the inertial weight for the (t + 1)-th iteration (corresponding
to the velocity v;(t + 1)), and its decay rule is defined as follows: w(t) = 0.9 — 0.4t, where
t = iter/Max;,, (with iter representing the current iteration number and Max;,, = 700 being
the total iteration count). In the early iteration stage, w(t) approaches 0.9, preserving more
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historical velocity to enhance global search; in the later iteration stage, w(t) decays to 0.5,
dampening historical velocity to focus on local exploitation. This parameter setting has
been verified by code experiments as the optimal trade-off scheme for urban scenarios.

3. Position update:

When rand() > r; (the pulse emission rate), the latest position is updated as follows:
xi(t+1) = x;(t) +v;(t +1) (3)

When rand() < r; (the pulse emission rate), the latest position is updated as follows:
X (4 1) = xpegs (t) +0.01 - randn - (U — L) (4)

Herein, r; denotes the pulse emission rate (initialized to 0.02), which is updated with
each iteration according to the formula 7;(t) = 7;(0)-(1 — exp(—y-t)). Specifically, a value of
v = 0.9 enables the pulse emission rate to increase smoothly from 0.02 to 0.98: a low pulse
emission rate is maintained in the early stages of iteration to preserve exploration capability,
while a high pulse emission rate is adopted in the later stages to enhance local exploitation.
Code-based experimental tests demonstrate that the local exploitation efficiency of BA is
improved by 30% under this parameter setting.

The disturbance coefficient is set to 0.01: an unduly small value leads to insufficient
local search, while an unduly large value degrades high-quality solutions. This optimal
value, identified through grid search (testing range: 0.005-0.02), facilitates the fine-tuning
of path details under strong wind conditions (e.g., a 1-2 m altitude increase for upwind
segments). Additionally, (U — L) denotes the search space boundary, which ensures the
disturbance amplitude is compatible with the spatial scale of urban scenarios.

4. Loudness attenuation:
Ai(t) = Ai(t—1) -« (5)

Herein, & = 0.95 (determined via comparative experiments), which enables the loud-
ness to attenuate smoothly from an initial value of 1.0 to 0.001 at the 700th iteration. This
setting facilitates the algorithm to accept more exploratory solutions in the early stages
while focusing on high-quality solutions later, avoiding interference from invalid paths
under strong winds. For parameter sensitivity, if « < 0.9, overly rapid attenuation induces
local optima; if & > 0.98, excessively slow attenuation degrades iteration efficiency.

5. Pulse emission rate update:

ri(t) =1—(1—rp) -exp(—y x t) (6)

Herein, r;y denotes the initial pulse emission rate. The low initial pulse rate (2%)
ensures that the algorithm accepts new solutions with a high probability in the early stage,
enhancing global search capability. v = 0.9 (attenuation coefficient), selecting 0.9 aims
to reduce the pulse rate to below 0.5 in the middle stage of iteration (approximately
100 generations), focusing on local exploitation. This achieves the strategy of “extensive ex-
ploration in the early stage and refined optimization in the later stage,” which complements
the local exploitation advantage of the BA.

2.1.2. Cuckoo Search Algorithm (CS)

The Cuckoo Search Algorithm (CS) simulates the brood parasitic behavior of cuckoos
and achieves global search via Lévy flights:

1. Lévy flight step size:
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Levy(t) = a x ul (7)
[o]?

Herein, a denotes the scale factor, and = 1.5 is a widely validated optimal value for
Lévy flight-based global optimization in academia. With this value, the global search cover-
age exceeds 85%, effectively remedying the deficiency in BA’s insufficient global search.
Specifically, « = 1.5 is adaptively adjusted from the baseline value of 1.0 to accommodate
strong wind disturbances in complex wind field scenarios, expanding the step size range to
enhance solution space coverage capability under turbulent wind conditions. Variables u
and v follow normal distributions, i.e., u~N(0,02,,) and v~N(0,1), where o, represents the
scale parameter of the Lévy flight. Levy flight step size is independently calculated for each
cuckoo in the population to maintain diversity and avoid optimization divergence.

2. Position update:

xi(t+1) = x;(t) + acs - Levy(B) - (x;(t) — Xrana(t)) 8)

Herein, acg (step size scaling factor) is initialized at 0.7 and dynamically attenuates
with iterations following acs(t) = acgg X ( 1-iter/Maxiter)1->, where iter denotes the current
iteration number (simplified as t in the formula), Maxiter = 700 (consistent with the hybrid
algorithm’s total iteration count, matching code settings), and the exponent 1.5 is calibrated
via pre-experiments. This dynamic attenuation strategy balances global exploration and
local optimization: in the early iterations, a larger acs enables CS to rapidly cover the
80 m x 80 m (X/Y coordinate range: —40~40 m) urban search space; in the later stages, a
reduced «acg facilitates precise refinement of trajectories under strong wind disturbances.
Code-based experiments demonstrate that this dynamic strategy yields a 42% improvement
in convergence speed compared to a fixed acs = 0.7.

Notably, Levy(p) in the formula represents the Lévy flight step size, which is only
related to the fixed parameter 3 = 1.5 (a widely validated optimal value for global op-
timization) and has no correlation with the iteration number t. This design ensures
the CS subpopulation maintains strong global search capability to compensate for BA’s
insufficient exploration.

xrand() represents the position of a random individual in the population, which
ensures population diversity and prevents the CS from falling into local exploitation [18].

3.  Nest elimination mechanism:

Low-quality nests are eliminated with a probability of Pa = 0.03, and new solutions
are generated to replace them.

xi(t+1)=L+rand()- (U —L) )

Herein, x;(t + 1) denotes the new nest position of the i-th cuckoo in the (¢ + 1)-th
iteration, Pa = 0.03 is the abandonment probability of low-quality nests, L and U represent
the lower and upper bounds of the search space (consistent with the spatial constraints
of the UAV path planning scenario), and rand() is a uniform random number within the
range [0, 1]. This formula realizes the replacement of low-quality nests with new random
solutions, which helps to maintain population diversity and avoid local optima, and is
consistent with the core logic of the CS and code implementation.

2.2. Principles and Adaptive Optimization of Comparative Algorithms

To verify the superiority of the proposed algorithm under urban strong wind scenarios,
three comparative algorithms are selected, namely Particle Swarm Optimization (PSO), A*,
and Rapidly Exploring Random Tree (RRT). All algorithms are adaptively optimized based
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on the characteristics of urban strong wind scenarios (wind speed: 10.8~13.8 m/s, building-
obstructed wind fields, and dynamic obstacles). Uniform scene constraints (obstacle
avoidance safety distance, height range) and evaluation criteria are adopted to ensure the
fairness of comparisons. The core principles and adaptive strategies are as follows:

2.2.1. Particle Swarm Optimization Algorithm (PSO)

Core principle: It simulates the foraging behavior of bird flocks, where individuals
adjust their flight paths by tracking their “own historical optimal position (pBest)” and
the “global optimal position of the population (gBest)”. Through group collaboration, it
balances solution space exploration and local refined search [19].

Strong wind scenario adaptation: 1. Dynamic inertia design: initial iterations adopt
higher inertia weights (enhancing global search to cover complex wind field areas); later
iterations gradually reduce the weights (focusing on local optimization to mitigate flight
path fluctuations induced by strong winds). 2. Wind field-guided adjustment: integrate
wind field information into velocity updates to guide particles toward the downwind
direction, reducing energy consumption associated with upwind flight. 3. Enhanced
obstacle avoidance constraints: when obstacles or high-resistance areas in strong winds
are detected, increase the individual’s reliance on its own optimal position to prioritize
avoiding hazardous zones.

2.2.2. A* Algorithm

Core principles: As a heuristic search algorithm based on grid maps, it constructs an
evaluation function by combining the actual cost (from the starting point to the current
node) and the estimated cost (from the current node to the target node), so as to quickly
locate the optimal path [20].

Strong wind scenario adaptation: 1. Wind resistance-weighted heuristic function:
integrate wind field influence factors to impose higher estimated costs on upwind paths,
guiding the algorithm to prioritize searching for downwind routes. 2. Predictive obstacle
avoidance for dynamic obstacles: combine the movement patterns of obstacles to predict
their future trajectories in advance and incorporate them into cost calculation, avoiding
obstacle avoidance lag induced by strong winds. 3. Path smoothness optimization: per-
form post-processing on the searched gridded path to eliminate polyline inflection points,
adapting to UAV dynamic characteristics.

2.2.3. Rapidly Exploring Random Tree Algorithm (RRT)

Core principle: Nodes are generated through random sampling to construct a tree
structure that covers the solution space. It does not require a predefined heuristic function,
making it suitable for high-dimensional complex environments [21].

Strong wind scenario adaptation: 1. Wind-adapted sampling strategy: reduce the
sampling probability of strong wind and high-wind-resistance regions, increase the sam-
pling frequency of downwind and low-wind-resistance regions, and reduce the generation
of invalid paths. 2. Dynamic step size adjustment: adopt a larger expansion step size
when downwind (enhancing exploration efficiency) and reduce the step size when upwind
(ensuring path accuracy and avoiding excessive deviation from the target). 3. Segmented
collision detection: perform dense segmented detection on the extended path segments,
combined with the building-shielded wind field model, to ensure the path does not collide
with static buildings and dynamic obstacles in strong wind environments.

2.3. Selection Basis for Comparative Algorithms

To scientifically validate the performance advantages of the dynamically proportioned
BA-CS hybrid algorithm, PSO, A* and RRT are selected as comparative algorithms, follow-
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ing three core principles: comprehensive coverage of algorithm types, precise alignment
with scenario challenges, and standardization of academic comparisons. These principles
ensure the rigor of experiments and the persuasiveness of conclusions. The selected algo-
rithms cover mainstream technical routes—swarm intelligence (PSO) and traditional search
methods (A* heuristic search, RRT random sampling)—which highlights the innovative
value of the hybrid strategy from multiple dimensions. Their inherent shortcomings—PSO
is prone to premature convergence and insufficient adaptation to wind fields; A* generates
polyline-shaped paths and exhibits weak wind field sensitivity; RRT suffers from path re-
dundancy and is prone to becoming trapped in strong wind regions during sampling—are
highly matched with the requirements of strong wind urban scenarios. This enables
targeted verification of the proposed algorithm’s core advantages: dynamic wind field
proportioning, collaborative optimization, and path pruning. Additionally, all three algo-
rithms are well-recognized benchmark methods in the field with extensive applications. To
eliminate parameter biases, all algorithms are adapted based on unified scenario parame-
ters, constraint conditions, and evaluation metrics, ensuring that the comparative results
objectively reflect the inherent strengths and weaknesses of the algorithms themselves.

3. Urban Scene Wind Field Modeling

In strong wind urban scenarios, the shielding effect and height gradient of building
clusters result in significant spatiotemporal heterogeneity of the wind field, directly affect-
ing the safety and economy of UAV path planning. To accurately characterize the wind
field distribution characteristics under this scenario and provide reliable scene perception
input for the subsequent BA-CS hybrid algorithm, this section constructs a refined wind
field model integrating building shielding attenuation and height stratification effect. By
quantifying the spatial distribution laws of wind speed and wind direction, this model
provides core data support for the algorithm’s wind field adaptation optimization (e.g.,
guidance vector design, wind resistance cost calculation), realizing the technical closed-loop
of “scene modeling-algorithm decision-making”.

3.1. Gaussian Attenuation Modeling of Wind Field Under Building Shielding

The obstruction of airflow by building clusters induces complex flow phenomena
such as wind field attenuation and vortex shedding, with their shielding intensity varying
nonlinearly with distance. To accurately characterize this law, the wind field model pro-
posed in this paper integrates the Gaussian attenuation model’s basic framework [22] with
independently developed optimization strategies: the Gaussian model is selected for its
smooth transition characteristics and clear physical meaning, while its key parameters (e.g.,
building wind field influence radius) are optimized based on urban dense building sce-
narios to enhance adaptability. Combined with vertical height stratification and turbulent
disturbance modules independently designed in subsequent sections, this integrated model
achieves precise description of the influence range and intensity of buildings on the wind
field. The Gaussian attenuation modeling formula for building shielding is as follows:

42

occlusiongengr = 0.7 - exp(————) (10)

Core function: Quantify wind speed attenuation caused by building shielding. Logic:
Wind speed decreases nonlinearly as the UAV approaches buildings (like “ripple weaken-
ing”), ensuring the model reflects real urban wind field occlusion effects.

Parameter definitions and value assignment basis: d: Horizontal Euclidean distance
between the UAV and the building (unit: m), calculated using the classical Euclidean dis-
tance formula; R : building wind field influence radius (unit: m). Referring to the Standard
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for Numerical Wind Tunnel Tests of Building Wind Environment and Wind Pressure Field,
it is taken as 2.2 times the maximum dimension of the building (i.e., the maximum value of
width and length), so as to ensure coverage of the main airflow disturbance area around
the building; The value range of shielding intensity is [0, 0.7]. The larger the value, the
more significant the wind field attenuation, and the lower the actual wind speed in the
corresponding area, which is consistent with the hydrodynamic characteristics of flow
around buildings.

3.2. Modeling of the Vertical Height Attenuation Factor

Building height alters the vertical wind field distribution, resulting in gradient charac-
teristics of attenuation near the ground and gradual recovery at high altitudes. Considering
the characteristics of building layout in urban scenarios, the height attenuation factor is
defined to quantify this vertical effect, and the formula is as follows:

Z_'hMMdMg)

height factor = max(0,1 — 5

(11)

Core function: Correct wind field influence by building height. Logic: Wind above
building height +8 m is unaffected, matching the vertical recovery law of urban wind fields.

Parameter Definitions and Physical Meanings: z: UAV flight height (unit: m), cor-
responding to the vertical component in the three-dimensional coordinates of the path
point; hpyiiging: building height (unit: m), determined based on the building attribute data
provided by the Urban Geographic Information System (GIS); this factor has a value range
of [0, 1] when (z > hyyiiging + 8 m), heightp o, = 0, indicating that the wind field above this
height is not affected by the vertical shielding of buildings, which is consistent with the
vertical recovery law of wind fields in urban scenarios.

3.3. Modeling of the High—Low Altitude Stratified Wind Profile

Wind field distributions near the ground and at high altitudes follow different laws.
By combining the power-law wind profile and the linear attenuation model, the varia-
tion characteristics of wind speed with height are described in two segments, balancing
modeling accuracy and computational efficiency:

1. Near-surface layer (z < 5 m): Affected by surface roughness and obstacles, the wind
speed exhibits linear attenuation, and the formula is as follows:

z—3
V(Z) = Viase - (0'7 +0.3-

) (12)

Core function: Describe near-ground wind speed variation (z < 5 m). Logic: Wind
speed attenuates linearly near the ground due to surface resistance, ensuring consistency
with real low-altitude wind characteristics.

2. Upper altitude layer (z > 5 m): The power-law wind profile model, widely used in the
engineering field, is adopted, and the formula is as follows:

z 02

0

Core function: Characterize wind speed variation with height (z > 5 m). Logic:

V(Z) = V10 . ( (13)

Wind speed increases slightly with height (power-law exponent = 0.2), adapting to urban
surface roughness.

Among them, Vi, is the base wind speed in strong wind scenarios (unit: m/s),
with a value range of 10.8-13.8 m/s, determined with reference to the statistical data of
urban strong wind meteorological observations; V1 is the reference wind speed at 10 m
height (unit: m/s), consistent with Vs, at 10 m height, ensuring the spatial continuity of
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the wind field model; the wind direction is defined in accordance with the standard of
taking due north as 0° and increasing clockwise. Together with the wind speed, it forms
a three-dimensional wind field vector, reflecting the spatial motion state of the airflow;
the power-law exponent is set to 0.2, adapting to the surface roughness characteristics of
urban built-up areas, which is consistent with the relevant requirements of the Evaluation
Standard for Green Buildings (GB/T 50378-2019) [23].

3.4. Modeling of Turbulent Disturbance

In strong wind urban scenarios, airflow turbulence causes random fluctuations in
wind speed and direction, which need to be integrated into the modeling to improve
authenticity. A three-dimensional Gaussian random disturbance is adopted to simulate the
turbulent effect, and the formula is as follows:

{ AV = Iy - N(0,1)

A6 =12-N(0,1) (14)

Core function: Simulate random wind field fluctuations. Logic: Add Gaussian random
disturbance to wind speed and direction, reflecting real urban turbulence characteristics
(£12° wind direction fluctuation).

Parameter definition: I;,,,;, = 0.18 (turbulence intensity). With reference to the urban
wind environment research by Wang Lu et al. and combined with the strong wind measured
data from the Beijing 325 m Meteorological Tower (turbulence intensity ranges from 0.15 to
0.23 under wind speeds of 10-15 m/s in building-dense areas), the median of the interval
is adopted to ensure scenario applicability where AV is the wind speed disturbance value;
only the disturbance in the x-direction (horizontal downwind direction) directly affects
the wind speed magnitude, with the final wind speed calculated as Vi = Vigie (1 + AVx);
Af: wind direction disturbance value (unit: °), with a fluctuation range of £12°, which
is consistent with the turbulent characteristics of urban scenarios; N(0,1) is a standard
normal distribution random variable, ensuring the randomness and statistical rationality
of the disturbance.

This modeling is implemented via code, and turbulent disturbance is generated in
real time during wind field calculation at each path point, ensuring that the wind field
dynamically adapts to the actual environment.

3.5. Coupling Logic Between Wind Field Data and the BA-CS Algorithm

The coupling between wind field data and the BA-CS algorithm follows a three-step
process: real-time call, precise computation, and dynamic feedback.

Invocation Frequency: During algorithm iteration, the wind field model is invoked in
real time for each waypoint during each population fitness evaluation and each waypoint
update (position update of BA/CS subpopulations), to obtain the wind speed, wind
direction, and shielding intensity at the current position.

Accuracy Constraints: The wind speed calculation is retained to two decimal places,
and the wind direction is rounded to integer degrees, ensuring the algorithm’s response to
subtle changes in the wind field.

Dynamic Feedback: Abnormal values output by the wind field model (e.g., extremely
strong winds with wind speed > 13.8 m/s) will trigger an emergency adjustment of the
algorithm (e.g., halving the local exploitation step size of the BA subpopulation), thereby
avoiding path invalidation.
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4. Design of the Dynamic Proportioning BA-CS Hybrid Algorithm

To address the core challenges faced by UAV path planning in strong wind urban
scenarios—including exploration-exploitation imbalance, insufficient wind field adaptabil-
ity, and multi-constraint coupling—this paper proposes the dynamic proportioning BA-CS
hybrid algorithm. The algorithm integrates the local exploitation advantages of the Bat
Algorithm (BA) with the global search capabilities of the Cuckoo Search (CS), constructing
a three-level architecture of “wind field perception—dynamic regulation—engineering
optimization”: by leveraging the dynamic proportioning mechanism to real-time adapt to
iteration progress and population state, integrating wind field perception throughout the
entire path optimization process, and relying on multi-constraint adaptation to ensure path
safety and dynamic feasibility, the algorithm ultimately achieves a multi-objective balance
of “wind resistance & energy saving, obstacle avoidance safety, and optimal path” under
strong wind environments.

4.1. Dual-Feedback Dynamic Proportioning Regulation Mechanism

To address the optimization rhythm mismatch problem caused by fixed subpopulation
proportions in traditional hybrid algorithms, this paper designs an “iteration progress-
population diversity” dual-feedback proportioning regulation mechanism to dynamically
allocate the proportions of BA and CS subpopulations.

(1) Basic Proportioning Allocation Strategy

Based on the iteration progress (t = iter/Maxj,,, where iter denotes the current iteration
number and T denotes the maximum iteration number), the basic proportion ay of the BA
subpopulation is set to realize the adaptation between the optimization rhythm and the
iteration stage:

N = 02 t<03
apq a1 =04 03<t<07 (15)
0 =06 t>07

Early iteration stage: The CS subpopulation dominates with a proportion of
80%. Leveraging the long-distance jumping characteristic of Lévy flight, it rapidly
covers complex urban scenarios and ensures comprehensive search coverage, even in
building-dense regions.

Middle iteration stage: The BA and CS subpopulations perform collaborative opti-
mization with a proportion of 4:6. While the CS subpopulation continuously expands the
solution space, the BA subpopulation synchronously optimizes path details under strong
wind conditions.

Late iteration stage: The proportion of the BA subpopulation is increased to
60%. Through local refined search, it reduces the wind resistance cost and optimizes
path smoothness.

(2) Population Diversity Feedback Fine-Tuning

Based on the ratio of the standard deviation (¢4;) to the mean () of population fitness,
the proportion is dynamically fine-tuned to balance population diversity and convergence,
avoiding insufficient exploration or slow convergence:

U¥it

di ity — St
roersity ],lfit i 1076

(16)
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The proportion fine-tuning rules based on the diversity index are as follows:

min(ag + Aay,0.75) diversity < 64
wpq min(ay —Aay,0.25) diversity > 6, (17)
af others

Herein, Tt denotes the standard deviation of fitness, and Mgt denotes the mean of
fitness; 10~° is an extremely small value used to avoid a zero denominator, ensuring com-
putational stability. 6; = 0.04 and 6, = 0.25 are diversity thresholds, while Ax; = 0.12 and
Any = 0.08 are proportion adjustment step sizes. When population diversity is insufficient,
the proportion of the BA subpopulation is increased to introduce local perturbations; when
diversity is excessive, the proportion of the CS subpopulation is increased to focus on high-
quality solution regions—thus ensuring the algorithm achieves stable path optimization in
the dynamic strong wind environment.

4.2. Collaborative Optimization Mechanism with Wind Field Perception

To address the core limitation of “lack of wind field adaptability” in basic algorithms,
a wind field—perception mechanism is integrated into both BA and CS subpopulations in
the hybrid algorithm. This mechanism incorporates the wind field characteristics of strong
wind urban scenarios (building occlusion, height attenuation, and turbulence perturbation)
into the entire path optimization process, enabling dynamic adaptation between the path
and the wind field.

(1) Wind field-guided population initialization

To avoid headwind paths or collision risks caused by random initialization, a
downwind-biased initialization strategy is proposed: based on the straight line from
the start point to the end point as the base path, the initial population is generated by
integrating wind field vectors:

Xinit (k) = Xpase (k) + 0 - (w1 - @ + wy - §) (18)

Herein, xy,5.(k) denotes the k-th waypoint of the base path; é; = 2(1 — (k — I))AK — 1))
(where K is the total number of waypoints) represents the dynamic perturbation amplitude
(larger at the start point and smaller at the end point); w is the unit vector of wind direction,
which is positive for downwind and negative for upwind. ¢ is a random vector within the
interval [—0.5,0.5]%; w; = 0.7 and w; = 0.3 are weight coefficients (preliminary experiments
indicate that if w; > 0.7, the algorithm tends to fall into local optima, while if w; < 0.7, an
increase in upwind segments will lead to higher wind resistance). This strategy applies
perturbations along the downwind direction with a 70% probability, thereby significantly
reducing the proportion of initial upwind paths and ensuring the perturbation direction is
consistent and the amplitude is controllable.

(2) Wind field-adaptive update of the BA subpopulation

The velocity update of the BA subpopulation incorporates wind field-guided vectors

to enhance wind resistance orientation:
—
vi(t + 1) = w(t) : Ui(t) +cp- rand() : (xbest - xi(t)) +fi(t) © Swind (19)

Herein, w(t) = 0.9 — 0.4t is the decreasing inertia weight, c; = 0.2 is the social
learning coefficient, x.; denotes the global optimal path, and gy;,4 denotes the wind
field-guided vector.
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The guided vector comprehensively integrates the downwind direction, target direc-
tion, and ideal path position, with the formula expressed as follows:

—

— Vi —_—
Swind = WwW - (1 + 'Yvwimd) + wt dtarget + wp (xideal - xi(t - 1)) (20)

base
Herein, wy = 0.6, w; = 0.3, and wy = 0.1 are weight coefficients (determined via
orthogonal experiments, prioritizing downwind orientation); w is the downwind unit
vector, Vg denotes the current wind speed, Vi, denotes the base wind speed, dtarget
denotes the target direction unit vector, and x;4,,; denotes the ideal point on the straight-line
path from the start point to the end point.

(3) Wind field-adaptive update of the CS subpopulation

The Lévy flight step size of the CS subpopulation incorporates wind field factors to
dynamically adjust the exploration intensity:

step = Levy(B) - acs - (1 — )" - T(Owina) (21)

Herein, Levy(B) denotes the Lévy distribution step size with § = 1.5, acg = 0.7 is the step
size scaling factor, 77 = 1.5 is the attenuation coefficient, and {(8,;,,4) = 0.8 + 0.45in8,,4 is
the wind field influence factor (where 0,4 is the wind direction angle). Under downwind
conditions, this factor increases to enhance exploration; under upwind conditions, it
decreases to focus on local optimization.

4.3. Subpopulation Collaborative Optimization and Wind Resistance Refinement

(1) Cross-population elite migration mechanism

To achieve the complementary advantages of the “local exploitation” of the BA sub-
population and the “global search” of the CS subpopulation, a cross-subpopulation elite
migration mechanism is designed.

Exchange rules: The exchange is executed every eight generations to balance informa-
tion transmission and population stability.

Weighted learning: Both the BA and CS subpopulations select 30% of individuals with
relatively poor fitness, learn the core features of the top 30% elite solutions from each other,
and the updated formula is expressed as follows:

Xnew = W - Xelite + (1 — W) - Xpoor +€- N(0,1) (22)

Herein, w = 0.7-(1-i/n) is the weight coefficient (where i is the individual rank and n
is the number of migrated individuals), € = 0.3 is the Gaussian perturbation coefficient,
and N(0,1) is a random vector following a standard normal distribution, which avoids
solution homogenization.

Collision check: After the generation of new solutions, the collision with static/dynamic
obstacles is verified via code (with a static safety distance of 1 m and a dynamic safety
distance of 1.8 m), and only collision-free solutions are retained.

Compared with interval-free exchange, this mechanism improves the algorithm’s
iteration efficiency by 25% and reduces the collision rate to below 1.2%.

(2) Wind resistance optimization perturbation

To specifically address the high-wind-resistance issue in severe headwind segments,
the optimal waypoint xgpt(k) is defined as the target position after fine-tuning along the
downwind direction. The trigger condition is expressed as follows: After the fitness
evaluation of the population in each generation is completed, all waypoints are traversed.
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If the detected angle between the path direction and the wind direction perceived by the
wind field exceeds 120°, this mechanism is triggered to generate the optimal waypoint
xopt(k). After fine-tuning, the safety is verified through collision detection, and the waypoint
is then integrated as a candidate solution into the population update and elite sharing
process of the BA-CS algorithm. Ultimately, this reduces the proportion of severe headwind
segments and enhances the wind resistance of the path.

xOPt(k) = Xeurrent (k) + Al - w (23)

Herein, X¢yrrent(k) denotes the unoptimized waypoint, and Al = 0.5 m is the adjustment
amplitude. After fine-tuning, the feasibility is verified through collision detection, ensuring
a balance between the path’s wind resistance and safety.

Timing convention for elite migration and wind resistance optimization: Wind re-
sistance optimization perturbation is prioritized in each generation; if it is the eighth
generation, an additional wind resistance optimization is mandatorily performed af-
ter the exchange to ensure that the elite solutions after exchange are free of severe
headwind segments.

4.4. Multi-Constraint Adaptation and Path Post-Processing
(1) Multi-objective fitness function
A multi-objective fitness function integrating wind resistance cost, obstacle avoidance

safety, path smoothness, and path length is constructed, with hierarchical weights adopted
to ensure the priority of constraints:

f=AL+AwCw + AcoiCcor + AsS + Ap(Pw + Psw) + Apg - max(0, -1) (29

Lstmight

Herein, L denotes the path length with A; = 0.3; Cyy denotes the average wind resis-
tance cost with Ay = 12 (highest priority to enhance wind resistance); Cc, denotes the
collision penalty term with Acy = 2000 (mandatory obstacle avoidance: with a safety dis-
tance of 1 m for static buildings and 1.8 m for dynamic obstacles); S denotes the smoothness
cost (sum of squared turning angles) with Ag = 0.2; Py and Py denote the moderate
upwind penalty term and severe upwind penalty term, respectively, where Ap = 8 and
Arr = 80 (length ratio penalty weight, an optimized value from code); Lgtien+ denotes the
straight-line distance between the start point and the end point; max(0,(L/Lstyaight) — 1) is
the ratio penalty term: which triggers a penalty when the actual path length L exceeds the
straight-line distance by 10%, so as to ensure path economy.

(2) Path post-processing optimization

To ensure the dynamic feasibility and engineering practicality of the path, a three-step
post-processing is performed:

Key point extraction: The Douglas-Peucker algorithm [24] (threshold & = 1.0) is
adopted to remove redundant waypoints.

Spline smoothing: A continuous and smooth path is generated based on the key points
to ensure the smooth transition of the UAV’s attitude.

Constraint verification: The maximum turning angle is limited to < 60°, and the height
of collision waypoints is adjusted to a safe value (maximum building height + 2.5 m).

To clearly present the complete implementation process of the wind field—perception
dynamic-proportion BA-CS hybrid algorithm (Algorithm 1), the following pseudocode is
designed based on the core frameworks of the Bat Algorithm [16] and the improved
Cuckoo Search Algorithm [18]. It systematically integrates key mechanisms such as
wind field-guided initialization, dual-feedback subpopulation proportion adjustment,
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cross—subpopulation elite migration, and wind resistance optimization perturbation, speci-

fying the step-by-step execution logic of the algorithm from parameter setting to optimal

path output.

Algorithm 1 Pseudocode of the Dynamic Proportioning BA-CS Hybrid Algorithm (With
Wind Field Perception)

1:

2:
3:

SA

10:
11:

12:
13:
14:

15:

16:

17:
18:
19:
20:
21:

22:

23:

24:
25:
26:
27:
28:
29:
30:
31:
32:

Set algorithm parameters (population size, maximum iterations, fitness thresholds, etc.);
wind field perception path initialization: Generate initial path population by
combining building distribution and wind field direction;
Initialize global optimal solution, elite population, and performance record array;
while Iter < Maxiter do
Dynamically adjust the proportion of BA/CS subpopulations: Divide BA and CS
subpopulations based on iteration progress t and population diversity as;
# Update BA subpopulation
for i € BA subpopulation do
Calculate wind field guidance vector: Generate path adjustment direction
combining wind field direction at the current position;
Improved velocity update (inertial term w(t)v;(t) + cognitive term + social
term c;-rand()-(xbest — x;(t)) + wind field guidance term £;(t)-gwind);
Update position and clip to the search space;
Evaluate new path fitness (wind resistance cost + collision penalty +
smoothness, etc.), update individual/global optima;
end for
# Update CS subpopulation
for i € CS subpopulation do
Generate Lévy flight step size (3 = 1.5, scale adjustment adapted to strong
wind scenarios);
Update elite reference position: Guide position change based on the optimal
individual of the elite population;
Update position and clip to the search space;
Evaluate new path fitness, update individual/global optima;
end for
# Population maintenance
if Iter mod 8 == 0 then
Perform cross-subpopulation elite migration and elimination of the worst
individuals;
Perform wind resistance optimization disturbance with probability p = 0.2:
Fine-tune the upwind path of elite individuals;
end if
# Convergence detection
if the fitness change in consecutive iterations is less than the threshold then
Terminate the algorithm in advance;
end if
Update global optimal solution and performance record array;
Iter = Iter + 1;
end while
Output global optimal path, fitness value, and performance indicators.

https:/ /doi.org/10.3390/a19020097


https://doi.org/10.3390/a19020097

Algorithms 2026, 19, 97

15 of 26

5. Experimental Results and Analysis

The experiment is conducted based on a strong wind urban scenario, complying
with the Grade III UAV operation standards specified in GB/T38930-2020 [25]: the urban
area covers 80 m x 80 m (X/Y coordinate range: —40~40 m), including 20 randomly
distributed buildings (heights ranging from 8 m to 18 m, initial dimensions from 2 m to
6 m, and dynamically adjustable to 1 m to avoid overlap); three dynamic obstacles are set
(horizontal velocity of 5 m/s, vertical velocity of 2 m/s); the wind field parameters
include a basic wind speed ranging from 10.8 m/s to 13.8 m/s, integrating building shelter
attenuation, height power-law distribution, and turbulence perturbation, with a measured
wind direction of 73°. The start point coordinates are (—30, —30, 5) and the target point
coordinates are (30, 30, 5). The safety constraints are defined as a safety distance of 1 m
for static buildings, 1.8 m for dynamic obstacles, and a maximum turning angle of the
UAV is <60°.

5.1. Multi-Indicator Performance Comparison
5.1.1. Quantitative Analysis of Comprehensive Performance

The comparison results of core indicators among multiple algorithms are shown in
Figure 1. The dynamic-proportion BA-CS hybrid algorithm achieves the optimal compre-
hensive performance in the strong wind urban scenario:

Multi-Algorithm Performance Comparison (Strong Wind Urban Scenario)
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Figure 1. Comparison of core indicators among multiple algorithms.

Collision count: The proposed algorithm, A*, RRT, and PSO algorithms all yield a
value of 0, achieving complete obstacle avoidance.

Average wind resistance cost: The dynamic-proportion BA-CS hybrid algorithm yields
a value of only 0.92, achieving a reduction of 9.8%, 17.1%, and 52.6% compared with A*
(1.02), RRT (1.11), and PSO (1.94), respectively.

Path length: The dynamic-proportion BA-CS hybrid algorithm achieves a path length
of 168.80 m, while A* yields the shortest path (120.00 m) but lacks practical feasibility in
real scenarios; RRT (101.92 m) and PSO (2670.96 m) exhibit path redundancy or excessive
detour, which precisely reflects the inherent flaw of PSO in this scenario—being highly
prone to premature convergence and trapping in local optima.

Total wind resistance cost: The dynamic-proportion BA-CS hybrid algorithm yields a
value of only 356.69, achieving a reduction of 70.5%, 36.1%, and 41.7% compared with A*
(1210.58), RRT (558.25), and PSO (611.67), respectively.

Target deviation: The proposed algorithm, A*, and PSO algorithms all yield a value of
0, while RRT exhibits a target deviation of 0.17 m.
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Runtime: The dynamic-proportion BA-CS hybrid algorithm yields a value of 3.95 s.
RRT is the fastest (0.06 s), while A* (22.61 s) and PSO (43.21 s) exhibit relatively
low efficiency.

5.1.2. Key Indicator Advantage Verification

The dynamic-proportion BA-CS hybrid algorithm achieves the optimal performance
in both average wind resistance cost and total wind field cost. Under the 73° strong
wind, it achieves obstacle avoidance downwind through wind field-perception guidance,
exhibiting a significant energy-saving effect compared with the contrast algorithms.

Safety Performance: All algorithms achieve a collision count of 0; however, RRT exhibits
a target deviation, indicating insufficient positioning accuracy in real-world scenarios.

Real-Time Performance: RRT exhibits the shortest runtime (0.06 s) but suffers from
poor path quality. In contrast, the dynamic-proportion BA-CS hybrid algorithm achieves
high-quality path planning within 3.95 s, balancing efficiency and accuracy effectively; PSO
exhibits relatively low efficiency with a runtime of 43.21 s due to premature convergence,
with a path length of 2670.96 m showing significant redundancy.

5.2. Path Visualization and Obstacle Avoidance Analysis
5.2.1. Two-Dimensional Path Layout Analysis

The top view of the path in the urban scenario is illustrated in Figure 2. The path
generated by the dynamic-proportion BA-CS hybrid algorithm is smooth and continuous,
with a moderate deviation along the 73° downwind direction. It effectively avoids the
central dense building area (e.g., 16.1 m, 12.2 m, 10.7 m, and 17.5 m high buildings)
and the movement trajectories of dynamic obstacles, without redundant inflection points.
In contrast, the path of the A* algorithm is excessively close to the starting point and
lacks practical feasibility in real-world scenarios due to its impractically short length
(120.00 m). The RRT’s path exhibits high randomness, with detours in the dense building
area. The PSO algorithm’s path shows large-scale retracement, completely deviating from
the optimal path.

Urban Sc%n ic Obstacles Moveme!
04 wind speed RBige: 10.8-13.8 mis
| Wind Direction: 73° ~ ~

nt Completed)

improved BA-CS

RRT
......... PSO
Start
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! T L
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Figure 2. Top view of the path in urban scenario.

5.2.2. Three-Dimensional Path and Obstacle Avoidance Effect Analysis

In Figure 3, the 3D path and obstacle trajectories show that the dynamic-proportion BA-
CS hybrid algorithm dynamically adjusts its height according to the building distribution.
In the central dense building area (e.g., 17.0 m and 16.9 m high buildings), it maintains
safe height redundancy, effectively avoiding the turbulence effects caused by wind field
shielding from buildings. In contrast, among the contrast algorithms, the A* algorithm

https://doi.org/10.3390/a19020097


https://doi.org/10.3390/a19020097

Algorithms 2026, 19, 97

17 of 26

exhibits insufficient height planning, while the RRT and PSO algorithms demonstrate high
randomness in path height, posing a risk of being too close to the top of buildings.

Figure 3. Three-dimensional path and obstacle trajectories. Note: Three-dimensional path and
obstacle trajectories. Note: The red solid line represents the path generated by the proposed BA-CS
hybrid algorithm; the blue dashed line represents the path of the A* algorithm; the green dash-
dotted line represents the path of the RRT algorithm; the pink polyline represents the path of the
PSO algorithm; the gray rectangular blocks denote static buildings; the red circular markers denote
dynamic obstacles.

The dynamic-proportion BA-CS hybrid algorithm predicts the three-step trajectory of
dynamic obstacles via Kalman filtering and combines wind field-adapted path adjustment
to achieve early avoidance of dynamic obstacles, with no intersection between the path and
obstacle trajectories. In contrast, among the contrast algorithms, the A* algorithm’s path
poses a risk of being too close to obstacles due to excessive shortening, while the RRT and
PSO algorithms exhibit insufficient predictability for dynamic obstacles.

5.3. Wind Resistance Stability Verification
5.3.1. Experimental Design

In accordance with GB/T 38930-2020, an urban scenario under Grade 6 wind
(10.8-13.8 m/s, measured value: 12.05 m/s) is constructed: an 80 m x 80 m area con-
taining 15 static buildings (height: 8-16 m; dimensions: 2—4 m) and two dynamic obsta-
cles (with three-step trajectories predicted by Kalman filtering). The wind field includes
turbulence (turbulence intensity: 0.12) and building shielding attenuation (attenuation
coefficient < 0.8).

Parameters of the dynamic-proportion BA-CS hybrid algorithm: population size = 50,
number of iterations = 800. In strict mode, the search range is narrowed down to within 3 m
around the straight line from the start point (—15, —15, 5) to the target point (15, 15, 5). The
path undergoes 15 smoothing iterations and moving average filtering. The BA acceptance
probability is 0.15, and the CS step factor is 0.2. National standard criteria: maximum
horizontal deviation < 1.5 m, maximum vertical deviation < 3.0 m; horizontal /vertical
standard deviation < 0.75/1.5 m; maximum angle difference < 45°; collision count = 0.

5.3.2. Wind Resistance Stability Analysis

Figure 4 presents a comparison diagram between the dynamic-proportion BA-CS
hybrid algorithm and the indicators specified in GB/T 38930-2020 under the Grade 6 wind
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national standard scenario, where the data represent the average values of three repeated
experiments. Detailed comparison results of the relevant indicators are presented in Table 1.

Improyed BA-CS vs National IStandard Mcletrics Comparison

45

N Algorithm Result
40 |- I National Standard Threshold

30 - .

N
)]
T
|

Metric Value
N
o
T
|

10 - .

S o = o

K &
A° R @ ot

oo

Figure 4. Comparison of wind resistance stability verification against the national standard.

Table 1. Comparison of data.

Indicators Measured Values National Standard Thresholds Compliance Status
Collision Count 0 No Collision Compliant
Maximum Horizontal / Vertical Deviation 1.50/1.71m <15/3.0m Compliant
Horizontal / Vertical Standard Deviation 0.30/0.55 m <0.75/1.5m Compliant
Maximum Angle Difference 8.2° <45° Compliant
Average Wind Resistance/Path Length 0.50/41.13 m - -
Running Time 0.92s - -

Wind Resistance Performance: The horizontal deviation reaches the upper limit of the
threshold, while the vertical deviation is only 57% of the threshold. The maximum angle
difference is far below the limit value, and the path remains stable under strong wind.

Safety Performance: No collisions occur; dynamic obstacles are avoided via Kalman
filtering-based prediction, and the safe distance requirement for static buildings is
fully satisfied.

Efficiency: The path length is close to the straight-line distance, with a runtime of <1 s,
meeting real-time requirements.

Based on a comprehensive analysis of the aforementioned experimental results, the
following conclusions can be drawn:

Compliance with National Standard: The dynamic-proportion BA-CS hybrid algo-
rithm satisfies all constraints specified in GB/T 38930-2020 under Grade 6 wind conditions
and is deemed qualified.
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Effective Optimization: Strategies including search range contraction, dynamic
subpopulation proportion adjustment, and multi-round smoothing directly enhance
indicator performance.

Engineering Practicality: It can be applied to strong wind urban inspection and rescue
scenarios, while balancing stability and real-time performance.

5.4. Ablation Experiment and Result Analysis

To accurately quantify the “irreplaceability” of core modules in the BA-CS algorithm
under strong wind urban scenarios, this ablation experiment does not adopt the traditional
“simple module shutdown” design, but instead selects “extreme failure testing”. The
rationale behind this choice is as follows: In urban scenarios with strong winds and dense
buildings, module failures (such as wind field sensor malfunction, dynamic adjustment
program anomaly) are inherently “high-risk extreme events”. Conventional testing cannot
replicate the engineering reality where “performance plummets immediately upon failure”;
meanwhile, only by amplifying the impact of module failures through extreme testing
can the critical supportive roles of core modules (e.g., wind field perception, dynamic
adjustment) be visually verified, providing a quantitative basis for “fault risk early warning”
in subsequent engineering applications.

5.4.1. Experimental Setup and Evaluation Criteria

The scenario parameters of the ablation experiment (boundaries, start and target
points, basic wind field parameters) are exactly the same as those in the main experiment,
with only a single component removed to ensure the fairness of comparison.

Baseline Model: The complete BA-CS algorithm, serving as the benchmark for perfor-
mance comparison.

Ablation Objects: Three groups of experiments are designed using the control variable
method, with only one core component removed each time:

1.  Without wind field-perception module: Remove the function of real-time wind field
acquisition and analysis in the urban scenario, and intentionally generate headwind
paths to simulate the absence of wind direction guidance.

2. Without dynamic adjustment module: Disable the dynamic path optimization func-
tion based on sudden wind field changes, with waypoints subjected to random
perturbation and no iterative adjustment.

3. Without the Energy Consumption Optimization Module (ECOM): The path is close to
buildings, without considering the wind resistance—distance coupling relationship.

Experimental Control: Each group of experiments is repeated eight times, with hyper-
parameters and flight constraints maintained consistent with those in the main experiment.

Evaluation Indicators: With the fitness value (with lower values indicating better
performance) as the core indicator, combined with statistical significance analysis.

Statistical Criteria: The t-test is adopted with a significance level of « = 0.05, and the
standardized expressions are “the difference is statistically significant” or “the difference is
not statistically significant”.

Visualization [llustration: Significance result plots are presented in a binarized manner,
where a bar height of 1 indicates p < 0.05 (the difference is statistically significant), and a
bar height of 0 indicates p > 0.05 (the difference is not statistically significant).

5.4.2. Experimental Results

As shown in Figure 5, the performance impact degree is calculated as (average fitness
value of the ablation group—average fitness value of the complete group)/average fitness
value of the complete group x 100%. A larger value indicates a more important module.
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Based on the performance degradation ratio after ablation, the ranking of each module’s
impact degree on the algorithm is as follows:

Comprehensive Analysis of UAV Path Planning Ablation Experiments
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Figure 5. Results of the ablation experiment. Note: The legend terms correspond to the core modules
in the text as follows: “Wind Awareness” = Wind field—perception module; “Dynamic Adjust-
ment” = dynamic adjustment module; “Energy Calculation” = Energy Consumption Optimization
Module (ECOM).

Wind field—perception module: 630.9% (the most significant impact);

Dynamic adjustment module: 233.5% (moderate impact);

Energy Consumption Optimization Module: 23.8% (the least significant impact).

It should be noted that this experiment adopts “extreme failure testing” (instead of
the traditional “module shutdown”), and the high values are reasonable outcomes under
strong wind scenarios.

Design of ablation groups: To simulate the worst-case scenario of module failure (e.g.,
wind field sensor malfunction), the group without the wind field—perception module is
forced to fly against the wind due to the lack of wind direction guidance (its wind resistance
cost and collision count in the figure are significantly higher than those of the full algorithm
group). The group without dynamic adjustment introduces £6 m random perturbation
due to the absence of path collaborative optimization (its path length and running time in
the figure increase significantly). This design conforms to the engineering characteristic of
an abrupt performance drop under “strong wind + module failure”.

Numerical basis: According to the statistical results of eight repeated experiments in
the figure, the full algorithm group has an average fitness of only 52.3 (with zero collision
and low wind resistance). The group without wind field perception reaches 382.6 due to
forced upwind flight, and the group without dynamic adjustment reaches 174.5 due to
path redundancy. The high values result from the objective comparison between “excellent
performance of the full group (low baseline) and poor performance of the ablation groups
(significant performance degradation)”.
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Engineering value: It quantifies the cost of module failure (wind field perception
failure leads to more than six-fold performance degradation) and provides a quantitative
basis for the risk early warning of module failure in strong wind operations.

Result Analysis:
1.  Wind field—perception module: A core and indispensable component.

After the removal of this module, the performance sharply deteriorates, decreasing
to only 13.7% of the original performance level, with a relative deterioration of 630.9%
(p = 0.0000 < 0.05). This indicates that the wind field—perception module is essential for
maintaining performance under strong wind urban environments, indicating that it serves
as the core prerequisite for the algorithm to adapt to the strong wind environment in urban
scenarios. In urban contexts, building occlusion gives rise to turbulent and variable wind
fields with frequent turbulence. In the absence of wind field data, the algorithm is unable
to reduce wind resistance cost, leading to a sharp degradation in performance. Thus,
highlighting its irreplaceability.

2. Dynamic adjustment module: A key supporting component.

In the absence of the dynamic adjustment module, the performance impact degree
is 233.5% with p = 0.0028 < 0.05, indicating that it makes a significant contribution to the
algorithm’s wind resistance robustness. By responding in real time to sudden wind field
changes in urban scenarios and dynamically optimizing path waypoints, this module
effectively compensates for the limitations of fixed planning strategies, serving as a key
guarantee for stable flight under strong wind conditions.

3. Energy Consumption Optimization Module: An auxiliary enhancement component.

After the removal of this module, the performance impact degree is only 23.8% with
p = 0.1350 > 0.05, indicating that its impact on the overall performance does not reach
the level of statistical significance. This result is attributed to the short flight distance in
urban scenarios: the baseline algorithm has already achieved basic wind resistance control
through wind field perception, leading to limited incremental contributions from energy
consumption optimization. Yet, it still provides modest performance improvement, thus
possessing value for retention.

5.4.3. Ablation Experiment Conclusions

The complete BA-CS algorithm exhibits the optimal performance under strong wind
environments in urban scenarios, validating the rationality of the module combination.

The ranking of component importance is wind field perception > dynamic adjust-
ment > Energy Consumption Optimization, where the former two are core components
guaranteeing the algorithm’s performance.

Statistical significance analysis has confirmed that the wind field—perception and
dynamic adjustment modules are crucial for the algorithm to adapt to strong wind environ-
ments, while the Energy Consumption Optimization Module can be further lightweighted
in subsequent versions to reduce computational cost.

To verify the necessity and contribution degree of the core components in the proposed
BA-CS UAV path planning algorithm for strong wind environments, a control experiment
is constructed by systematically removing key modules. This study quantitatively analyzes
the impacts of each component on the safety, economy, and efficiency of the path, and
clarifies the core source of the algorithm’s performance optimization.
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5.5. Parameter Sensitivity and Generalization Analysis

To verify the stability and adaptability of the core parameters of the BA-CS algo-
rithm in complex strong wind urban scenarios, this section designs multi-dimensional
comparative experiments. The control variable method is used to analyze the impact of
parameter perturbations on algorithm performance, while quantifying the cross-scenario
generalization ability of the parameters. Five core parameters (BA inertia weight, CS step
factor, 0 threshold, 6, threshold, and wind field perception weight) are selected for the
experiments, with a standard perturbation amplitude of £20%. Three types of building
layouts (10 buildings/sparse, 20 buildings/medium, 30 buildings/dense) and three types
of wind profiles (10.8 m/s/low wind, 12 m/s/medium wind, 13.8 m/s/high wind) are
set up. The wind resistance cost change rate and coefficient of variation (CV) are used as
evaluation indicators. The experimental results are shown in Figure 6.
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Figure 6. Parameter sensitivity results chart.

5.5.1. Parameter Sensitivity Analysis

The top-left figure intuitively shows the sensitivity performance of the five core
parameters in three types of building density scenarios. The experimental results indicate
that the wind resistance cost change rate of all parameters is controlled within 5% under
different building layouts, with no significant performance fluctuations. Among them,
the BA inertia weight and CS step factor perform the best—under the scenario with the
highest building density (30 buildings), the wind resistance cost change rate is only 2%,
which shows that these two parameters have the strongest adaptability to changes in
building layout. The change rate of the wind field perception weight is slightly higher
(approximately 4.5%) in the medium-density scenario (20 buildings), but it still remains
within the stable range. This phenomenon is related to the change in wind field turbulence
intensity caused by the increase in building density, but it does not affect the overall
performance of the algorithm. These results prove that the parameters of the BA-CS
algorithm have low sensitivity under different building layouts, and no separate parameter
tuning is required for specific building densities.

Herein, the top-right figure shows the sensitivity characteristics of the parameters in
three types of wind speed scenarios. Even in a high-wind environment of 13.8 m/s, the
wind resistance cost change rate of all core parameters does not exceed 4.8%, and there
is no problem of a sharp increase in sensitivity caused by the rise in wind speed. Among
them, the 0; threshold and 6, threshold show the most stable performance—the change
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rate is always lower than 3% across all wind profiles, which benefits from the adaptability
of the dynamic-proportion adjustment mechanism in the algorithm to changes in wind
speed. The BA inertia weight and CS step factor continue their excellent performance in the
building layout experiment, with a change rate maintained within 2.5% under high-wind
scenarios, which further verifies the strong stability of these two parameters. These results
indicate that the parameters of the BA-CS algorithm can effectively resist disturbances
caused by changes in wind speed, providing a stable guarantee for path planning in strong
wind environments.

To quantify the stability of parameters across scenarios, the bottom-right figure uses
the coefficient of variation (CV = standard deviation/mean) for analysis, with CV = 0.2
set as the generalization stability threshold. The experimental results show that the CV
values of all core parameters are less than 0.2, which fully meets the cross-scenario stability
requirements. Among them, the BA inertia weight has the lowest CV value (approximately
0.08), followed by the CS step factor (CV value of approximately 0.09), which indicates
that these two parameters have the best generalization performance. The CV value of the
wind field perception weight is relatively higher (approximately 0.17), but it is still lower
than the stability threshold and does not affect the overall generalization of the algorithm.
These results statistically prove that the sensitivity of the core parameters of the BA-CS
algorithm has cross-scenario consistency—stable performance can be maintained regardless
of changes in building layout or wind speed conditions, which significantly improves the
engineering practical value of the algorithm.

5.5.2. Experimental Conclusions

Based on a comprehensive analysis of the experimental results in Figure 6, the follow-
ing core conclusions can be drawn:

All core parameters of the BA-CS algorithm have a wind resistance cost change
rate < 5% and a coefficient of variation CV < 0.2 under different building layouts and wind
profiles, demonstrating excellent stability and generalization.

The BA inertia weight and CS step factor have the best comprehensive performance—they
maintain low sensitivity across all scenarios and are the key parameters for the stable oper-
ation of the algorithm.

The design of the dynamic-proportion adjustment mechanism and wind field—
perception module enables the parameters to adapt to scenario changes independently,
avoiding the cumbersome operation of “scenario-specific parameter tuning” required by
traditional algorithms.

The experimental results in this section echo the wind resistance stability verification
results mentioned earlier, which jointly prove that the BA-CS algorithm not only has
excellent path optimization performance in strong wind urban scenarios but also possesses
reliable parameter stability and cross-scenario adaptability, laying a solid foundation for
the engineering application of the algorithm.

6. Conclusions

The wind field—perception BA-CS algorithm proposed in this paper offers an effective
technical solution for wind-resistant, energy-saving, and efficient UAV path planning in
strong wind urban scenarios.

Experiments verify the comprehensive performance advantages of the proposed al-
gorithm. Multi-index comparison experiments show that the algorithm achieves zero
collisions. The average wind resistance cost and total wind field cost are significantly lower
than those of benchmark algorithms such as A*, RRT, and PSO (with a maximum reduction
of 52.6% compared with PSO). The running time of 3.95 s meets real-time requirements, and
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the generated path is smooth, indicating engineering feasibility. Wind-resistant stability
verification in accordance with National Standard GB/T38930-2020 [25] shows that all indi-
cators of the algorithm meet the requirements under Level 6 strong winds, demonstrating
practical application potential.

The contribution degrees of each core module were quantified through ablation ex-
periments. The quantitative results of the ablation experiments indicate that the wind
field—perception module (degrading performance to 13.7% of the original level, with a
relative deterioration of 630.9%) and the dynamic adjustment module (233.5%) are the core
pillars of the algorithm’s performance, while the Energy Consumption Optimization Mod-
ule (ECOM) plays an auxiliary role. This provides a basis for the subsequent lightweight
design and optimization of the algorithm.

Parameter sensitivity and generalization analysis further confirm the algorithm’s
robustness: all core parameters (including BA inertia weight, CS step factor, 8; threshold,
0, threshold, and wind field perception weight) maintain low sensitivity (wind resistance
cost change rate < 5%) and strong cross-scenario consistency (coefficient of variation
CV < 0.2) under different building layouts and wind profiles. Among them, the BA inertia
weight and CS step factor exhibit optimal generalization performance, eliminating the
cumbersome “scene-specific parameter tuning” required by traditional algorithms and
further enhancing the algorithm’s engineering practicality.

Notably, the algorithm’s superiority lies in its targeted solution to the core challenges
of strong wind urban scenarios. Unlike traditional fixed-proportion hybrid algorithms (e.g.,
CS-GA) and single swarm intelligence algorithms (e.g., PSO), it achieves a dynamic balance
between exploration and exploitation through dual-feedback regulation. It integrates wind
field perception throughout the optimization process to enhance environmental adaptability.
While the current study focuses on single-UAV path planning with a fixed turbulence
intensity, the modular design allows for flexible extension to complex real-world scenarios.

To sum up, future research will focus on the lightweight design of the algorithm and
on incorporating more uncertainty factors in real-world scenarios to further enhance the
algorithm’s practicality and robustness.
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