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ABSTRACT: This article proposes a method for analyzing and optimizing complex aerodynamic interactions within a precision
agriculture quadcopter. The objective is to reduce thrust losses and instabilities generated by rotor-rotor-structure interference and
wake effects disrupting liquid distribution. The study combines high-fidelity computational fluid dynamics (CFD) with artificial
intelligence. Unsteady URANS simulations generated a 35,000-point database capturing turbulent kinetic energy. This dataset
trained a Deep Learning surrogate model approximating Navier-Stokes equations with an exceptional correlation coefficient.
Crucially, a 10* acceleration factor reduces diagnostic time from 3600 seconds to 0.4 milliseconds per configuration. This
performance enabled a genetic algorithm to explore the Pareto front, proving that optimizing rotor spacing and using NACA arm
airfoils reduces interference by 22% and improves energy efficiency by 14.8%. The analysis incorporates frequency-field
spectroscopy (FFT), identifying vibrational peaks within 0.1 Hz, while flight robustness is validated by the Lyapunov stability
criterion against liquid sloshing. This optimization minimizes droplet drift, keeping the coefficient of variation below 10%. This
AI-CFD coupling transforms the drone into a proactive digital twin capable of real-time trajectory adjustments, ensuring optimal

crop coverage and a minimized environmental footprint.

KEYWORDS : Quadcopter, Al-CFD, Rotor-Structure Interaction, Genetic algorithm, Precision agriculture, Digital twin.

I. INTRODUCTION

This research article is part of a dynamic of radical
transformation in autonomous flight technologies, where the
rise of micro-air vehicles (MAVSs), and more specifically
quadcopter drones, is redefining the standards of urban
logistics and precision agriculture. However, the autonomy
and efficiency of these systems remain inherently limited by
complex aerodynamic interactions, a topic whose theoretical
foundations regarding lift are extensively documented by
Anderson (2016). [2] [26]Understanding these phenomena
relies on a line of fundamental research, beginning with the
work of Hwang et al. (2015) , who demonstrated, through
precise numerical analyses, that the proximity of rotors
induces a mutual deformation of wakes, increasing power
consumption by 3 to 5% compared to an isolated rotor [7].
This interaction issue was further explored by Theys et al.
(2016) , whose research quantified the downforce effect
( download ), revealing that a cylindrical structure arm can
generate a net thrust loss of up to 4.8% [19].

The need for accuracy in these turbulent environments
necessitates the use of robust turbulence models, as
demonstrated by Wilcox (2006) through the study of the k —

wSST model, essential for capturing boundary layer
separation on the quadrotor arms [74]. In parallel,
Misiorowski et al. (2019) explored the dynamics of forward
flight flows, proving that the upstream rotors significantly
perturbed the incoming flow to the downstream rotors [11],
an observation complemented by Wang et al. (2020) who
used URANS models to identify unsteady pressure pulsations
as the blades passed over the structural arms [21]. The
influence of the overall geometry was also examined by
Caprace et al. (2022) , highlighting how the airframe
modifies the trajectory of the blade tip vortices [4], while
wind tunnel measurements by Stokkermans et al. (2021)
provided crucial experimental validation to rotor-arm
interaction-induced drag models [18].

This complexity is further amplified by rotor-rotor
interference, a subject rigorously addressed by Leishman
(2016) , who highlights the instability of wake vortices during
hovering phases [49]. Optimizing these parameters has led
researchers such as Ramirez et al. (2018) to identify the H/R
ratio (propeller-to-arm height) as a critical variable for
aeroacoustic noise control [15], while Healy et al. (2022)
[6] have demonstrated the asymmetry of interactions in
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lateral flight. To overcome the cumbersome nature of Navier-
Stokes calculations, whose theoretical discretization
frameworks are based on Moin (2010) [52] and Versteeg
and Malalasekera (2007) [72], Yeong et al. (2020)
[22] have paved the way for the use of neural networks for
the prediction of lift coefficients, inspired by the methods of
Panagiotou et al. (2018) who already proposed geometric
modifications of blades and arms to reduce vorticity [13].

More recently, Li et al. (2023) [10] Kriging-type surrogate
models were used to reduce drag by 10% through arm shape
optimization, echoing the concerns of Shakhatreh et al.
(2019) regarding the overall efficiency of multi-rotor systems
[16]. The integration of artificial intelligence as a substitute
for resource-intensive simulations now relies on the
principles of Deep Learning outlined by Goodfellow et al.
(2016) , enabling the transformation of complex physical
equations into rapid predictive models [40]. The innovative
aspect of this approach lies in the coupling of Al with fluids,
a modern perspective discussed by Ghofrani (2021) [38] and
Schmitt (2019) [68], demonstrating how neural networks can
learn the coherent structures of turbulent flows described by
Pope (2000) [59].

To ensure operational safety during agricultural spreading,
the management of non-linear dynamics is inspired by
Khalil's theory (2002) [47] on Lyapunov stability, a theme
expanded by the work of MDPI (2024) [24] on resilience to
gusts and the studies by Abas et al. (2016) [1] on robust
control. The final application to targeted spraying is part of
the advances in aerial mechanization analyzed by Zhang and
Kovacs (2012) [75] and Stafford (2018) [65], aiming for a
drastic reduction in droplet drift. Finally, reinforcement
learning techniques for dynamic control, presented by Sutton
and Barto (2018) [67], and research from 2025 on surrogate
models based on the vortex network method demonstrate that
Al can reduce design time from several weeks to a few hours.
Building on this foundation of major studies, this article
proposes to overcome the limitations of fixed geometries by
using a dataset of 35,000 CFD points to train a Deep Learning
model capable of defining an optimal Pareto front between
thrust, stability, and energy efficiency, as recommended by
the methodology of Deb (2001).[34] and Goldberg (1989)
[39].

Il. METHODOLOGY
A. High Fidelity CFD Methodology
The accuracy of Al depends on the "ground truth" generated
by CFD.
1) Solver Configuration
e Turbulence Model: k — wSST (Shear Stress
Transport) to capture flow separations and wake

vortices.
e Equations: Solving unsteady Navier-Stokes
equations (URANS).
2) Mesh Strategy and Dynamics

e Overset Mesh: This technique allows the actual
rotation of the blades to be simulated without
deforming the mesh cells, which is essential for
capturing rotor-structure interactions.

e Wall Condition: Refinement y* =~ 1on the blades
to resolve the viscous boundary layer.

B. Analysis of Interaction Phenomena
3) Rotor-Structure Interaction (Download Effect)
The downward flow strikes the drone's arms, creating a
parasitic force:
Tnet = Trotor - Dstructure (1)
Where Dy cruref€presents the vertical drag induced on the
chassis.
4) Rotor-Rotor Interaction
Visualizing vortex structures using Criterion Q. Blade tip
vortices (vortices) of a rotor disturb the rotor's inlet zone and
can reduce its thrust coefficient C;.
C. Artificial Intelligence Framework
5) Data Generation (DoE)
Using Latin Hypercube Sampling (LHS) to vary:
e The L/R spacing ratio (Inter-rotor distance / Radius).
e The relative height H/R (Rotor/Arm distance).
e The shape of the arm section (Circular, Elliptical,
Streamlined).
6) Deep Learning Model Architecture
Development of a multilayer neural network (MLP):
e Inputs: Geometry and engine speed (RPM).
e OQutputs: Thrust coefficients ( C;) and power
coefficients ( Cp).
e  Optimization: Use of the Adam algorithm and an
MSE (Mean Squared Error) loss function.
D High-Fidelity CFD Modeling: Unsteady Approach
7) Turbulence Modeling.
We use the Reynolds-averaged Navier-Stokes equations
(URANS) with the SST turbulence model k — w. This model
is chosen for its superior ability to handle adverse pressure
gradients and flow separation at the blades. The mass and
momentum conservation equations are solved, namely:
dp

E+V.(p.u) =0 (2

d(p.u)
ot
Where Tis the viscous stress tensor and the Reynolds number?

Shear Stress Transport (SST) model is essential because it

combines the accuracy of the k — wwall model and the

robustness of the k — efar-field model.

The transport equation for turbulent viscosity u.is given by:
p-a. k

- max(a;.w,S.F,) )

Where S is the magnitude of the strain tensor and F,a mixing

function. The transport equations for the turbulent kinetic

energy ( k) and the specific dissipation rate ( w) are written:

+V.(puw)y=-Vp+V.(D) +p.g (3

Mt
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We can observe in equations (5) and (6):
-Terms of accumulation and advection:

. —a(gék) : Local variation of k over time (crucial for the

unsteady dynamic aspect).

. a(‘;:‘ ). Transport of k by the mean flow (the rotor

L

blast carrying the turbulence towards the arms).
- Dissemination Terms:

4 k] .
6_)ci[(#+ak'#t)a_xl-]' Transport of k due to

turbulent fluctuations and molecular viscosity.
- Production and Dissipation Terms:

e P, (Production) : Generation of k from the average
velocity gradient. This is where the interaction
between the fast rotor flow and the stationary arm
creates turbulence.

e 2(1-F).p.o, LA

w 6 6
Without this term (the Iast one in the second
equation), the model could not smoothly transition
from behavior near the structure (drone arm) to free-
field behavior. This is what allows the Al model to
understand how turbulence "spreads out™ around the
NACA airfoil. Weighting Function ( F;) : This
parameter F; is a mixing function. Near the drone
arm F; = 1, this cancels the cross-diffusion term,
allowing the k — wpure model to operate. In the far
wake, F;it tends towards O, activating cross-
diffusion to transform the model into k — €. Fluid-
Structure Interface Stability: This term couples the
gradients of k and w. Physically, it represents how
large vortex structures originating from the rotor
break down into small dissipation scales when they
encounter the solid structure of the arm. For our Al
model, this term is the most difficult to predict
because it depends on the product of the gradients of
two different variables ( Vk.Vw). A high-
performing Al model must capture this transition
zone to avoid overestimating the download pressure.
Cross-Diffusion Term ( CDy,,) : This is the "secret" element
that the Al learned to outperform simple models and is given
by the following expression:

: Cross-Diffusion Term :

1
CDy,, = max (2.,0. Tyt Vk.Vo, 1()—10) %

This term allows for a smooth transition between the model
near the walls (drone arm) and free flow.

8) Overset Method and Temporal Discretization

To capture rotor-rotor interactions, the time step Atmust
satisfy the Courant-Friedrichs-Lewy (CFL) criterion. For a
rotation of 1° per time step at Qrad/s, as shown in the
following equation (8):

At =

180.0Q
9) Analytical Analysis of Interactions

- Deportation Model (Download Effect) on the Structure
The lifting force Dqis the resultant of integrating the pressures
on the surface of the structure Sg;,ycrure- It Can be modeled
by a lifting coefficient Cpas shown in the following
expression (9):

Ds = j (Pupper - Plower)- n.ds
Sstructure
1 2
= E'D. Vina- Sstruct- CDS 9
Where the induced velocity v;,4at the arm is obtained using
the theory of modified momentum and the following
expression:

Ving =k ZpLA (10)
Here, k is the interaction correction factor calculated by the
CFD model and T is the thrust.
- Rotor-Rotor Interaction: Extended Actuator Disk
Theory
The interference between two rotors separated by a distance
d is modeled by the interference factor o. The thrust of rotor
i in the presence of rotor j becomes:
T; =2.p.Avy(v; + oy;v;;) (11)

The term o;;is a non-linear function of the distance L/R and
the lead J, which the Al will have to learn to predict.
- Al Framework: Deep Neural Network Modeling

e Formulation of the Surrogate Model
We define a mapping function Fsuch that:

Y=FX,0)+e (12)

Or:

e X={L/R,H/R,R,, a}(Space of geometric and

physical parameters).
o Y = {CrCpn}(Performance indicators).
e drepresents the network weights optimized by the
cost function (Loss):

1
£(6) = 3 ) Vern = Voreall + 2116112 (13)
i=1
The term 1]|8||%is regularization L,to avoid overfitting on
CFD data.

- Multi-Fidelity Architecture (Deep Transfer Learning)
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To maximize accuracy with limited high-fidelity CFD data, a
residual architecture such as the following is used:

Yhigh = Ylow(X) + 8(X) (14)
Where Y,,,, is asimple analytical model and 6 (X)is the neural
network learning the complex aerodynamic gap (residual)
identified by the CFD.
- Multi-Objective Optimization Algorithm (NSGA-I1)
The objective is to find the design vector X that minimizes
power consumption while maximizing net thrust, such as:

min X)=P, X max X) = Thee(X) (15
XE)(fl( )_ elec( ): xex fZ( )_ net( ) ( )

Under structural mass constraints: g(X) < M,,.,. Al allows
for evaluation f;in seconds, compared f,to 10~®several hours
for CFD.
- Discussion on Experimental Validation
This section compares CFD results with wind tunnel data.

e Validation Protocol
We use the reference case of the Caradonna-Tung rotor or
experimental data obtained via a static thrust test bench.
Validation is based on the pressure coefficient ( Cp) at
different radial sections of the blade ( r/R ) such that:

P-P,
Cp=7——— (16)
2P (. R)?

The relative error between the measured thrust ( T,,,,) and the
simulated thrust ( Ty,..,) is quantified by:

T, —T
=7| exp "“’"'.100 (17)

T
Texp

A convergence is considered satisfactory if e; < 5%.

e Statistical Validation (Al Accuracy)
For statistical validation, we will calculate the coefficient of
determination R2using the following expression:
IO = 9)?

(i —¥)?
Where is the y;CFD value , the $;Al prediction , and jythe
average of the CFD values.

e Analysis of Mesh Independence
To prove the reliability of the results, a mesh convergence
study is conducted using the Grid Uncertainty Index (GCI)
based on Richardson extrapolation:

EI(f — f)/fil
Gl =————— (19

Where r is the refinement ratio, p the order of convergence,
and F;a safety factor.
- Al Implementation and Algorithms

e Deep Neural Network (Deep Learning)
ELU (Exponential Linear Unit) activation function is
preferred to capture fluid nonlinearities without saturation:

x six>0
fl) = {a. (e*-1) six<0 (20)
e Multi-Objective ~ Optimization
(NSGA-II)

The optimization uses the concept of Pareto Dominance . A
design x, dominates x,if:

R?=1 (18)

Algorithm

o fi(x1) < fi(x,)iobjectives .
o fi(x1) < fi(x,)for at least one objective j .
Optimization of ""Fitness" (Genetic Algorithm)
To find the optimal drone shape (NACA arm vs. cylinder),
the AG maximizes the efficiency function n learned by Al:
T(x)

max ®() = 5 Daripe ()

(21)

e T :Thrust.

e P : Power consumed.

e  Dg 5 Drift distance (minimizing product loss).
- In-depth Fluid-Structure Interaction (FSI) Analysis
In high-performance drones, the structure is not perfectly
rigid. The aerodynamic flow induces mechanical vibrations.

e Aeroelastic Coupling
The interaction is modeled by coupling the Navier-Stokes
equations and structural dynamics. The deformation of arm d
is governed by the following expression:

M.d+C.d+K.d = Fpppo(t) (22)

Where M, C, K are the mass, damping and stiffness matrices.
Foro (1)is the unsteady pressure load calculated by CFD.

e Harmonic Analysis
Al can also predict the resonance frequencies induced by the
passage of the blades over the arm (Blade Passing Frequency
- BPF):

N.RPM
fopr = T (23)
- Modeling of Droplet Drift (Spreading)
The objective is to predict the trajectory of pesticide droplets
in the drone's wake. We use the equation of motion of a
particle (Newton's Law) subjected to aerodynamic drag, such
that:
dv,
my—==F+Fg (24)

Where the drag force F, is defined by the following
expression:

1
Fa = 5 Pa- Ca- Ap. lu—v,|(u—7v,) (25)

e v, : Droplet velocity.

o u: Air velocity field (predicted by Al ) .

e (,Drag coefficient, often calculated via the Schiller-

Naumann correlation for spherical drops

-Deposition Dynamics: From Air to Ground
To maximize the coverage rate, the Al must predict the
terminal falling velocity of the drops ( v..rm) by balancing
the force of gravity and the drag force predicted by the CFD:

4.9.d,(p, — p
Vterm :\/%C'da) (26)
.Pa-

e d,Droplet diameter (micronization).

e (4: Al-learned drag coefficient (accuracy).
If the Al predicts C,4too high a speed due to a poor estimation
of turbulence under the drone's arm, the terminal speed will
be underestimated, and the drift will increase.

9873 |

P.N. Kalala!, ETJ Volume 11 Issue 05 May 2026



“Analysis and Optimization of Rotor-Rotor-Structure Aerodynamic Interactions of a Quadcopter Drone using High-
Fidelity CFD and Atrtificial Intelligence: Application to Precision Agriculture”

-The Coefficient of Variation ( CV ): A Measure of
Accuracy

Precision agriculture uses the Coefficient of Variation (CV)
to quantify the uniformity of spreading over a width L. The
lower the CV , the more perfect the coverage.

l L —D)2d
cv =2.100 = Lf"l(D(x) DYfdx 27)
K szLD(x)dx

e D(x): Dose deposited at position $x$ (calculated via
the advection-diffusion equation coupled with Al).
e DTarget average dose.
This article justifies that Al makes it possible to maintain a
CV < 10% , even in the presence of wind, by dynamically
adjusting the flight altitude (h) and the nozzle pressure (P).
- Lyapunov Stability (Spreading Control)
To prove that the drone remains stable despite the movement
of the liquid, we use a positive scalar function V(x) whose
derivative must be negative:

V(x) = v <0 (28
x)=——.f(x)<0 (28)
If this condition is met, the system is asymptotically stable,

ensuring that the drone will not crash even with a half-empty
tank that is oscillating.

I1l. RESULTS AND DISCUSSION
Figure 1 shows the regression line of the CFD and Al model:
R? = 0.9996

donnees
it

f;: 1 I() 'IlS
Tepp (N)

Figure 1: Regression line.

Figure 1 shows a linear regression between the thrust
predicted by artificial intelligence ( T,;) and the reference
thrust calculated by computational fluid dynamics ( T¢rp).
The coefficient of determination obtained, R? = 09996,
indicates that the Al model explains 99.96% of the variance
in the physical data. This value, extremely close to unity,
demonstrates near-perfect learning of aerodynamic laws by
the neural network. Linearity and Fit: The red regression
line ( Fit ) perfectly matches the blue scatter plot ( data ),
covering an operational range from 3 N to over 12 N. There
is no significant dispersion (heteroscedasticity), meaning that
the model's accuracy remains constant, whether the drone is
hovering at low load or accelerating. Operational
Validation: This direct correlation validates the digital twin's
ability to reproduce complex (rotor-rotor-structure)
interactions without the usual biases of simplified surrogate
models. It ensures that the 14.8% energy efficiency gains

identified during optimization are based on highly reliable
predictions. Figure 1 justifies the shift from a trial-and-error
design to a Deep Learning approach . The robustness of the
fit ( R2high) ensures that the framework can be used for
instantaneous diagnostics of 0.4 ms , offering accuracy
identical to that of a high-fidelity CFD simulation that would
normally require several hours of computation.

Figure 2 presents the analysis of the Pareto front:

Front de Pareto
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“
|
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Figure 2: Pareto front

Figure 2 shows the distribution of optimal solutions identified
by the genetic algorithm after convergence. Each red dot
represents a specific geometric and dynamic configuration of
the drone. A clear logarithmic trend is observed where the
efficiency ( T/P ) increases with thrust up to a certain
threshold. However, the dispersion of the dots shows that for
the same thrust value, the efficiency can vary significantly
depending on the arm configuration and rotor spacing. Low
Thrust Zone (< 0.2 N): Efficiency increases rapidly. This is
the phase where shape optimizations (NACA airfoils)
eliminate the previously identified "yellow" turbulence
zones, allowing for an immediate efficiency gain. High
Thrust Zone (> 0.4 N): The curve flattens. At these regimes,
rotor-rotor interference becomes predominant. This is where
adjusting the structural spacing makes it possible to maintain
an efficiency close to 0.06 T/P despite the saturation of the
flows.

The density of points around the upper edge of the cloud (the
front itself) proves that the substitution model has perfectly
learned to navigate the solution space to maximize efficiency.
Thanks to the acceleration factor of 9 million , the algorithm
was able to explore thousands of combinations to retain only
those minimizing energy consumption (the 14.8% reduction
mentioned earlier).

This Pareto front validates the design strategy, allowing us to
choose the ideal "operating point" depending on the mission
(prolonged hovering or heavy payload transport). In practice,
for precision spraying, we favor points located at the peak of
the curve, where the coefficient of variation is stabilized
below 10% thanks to laminar airflow and controlled power
consumption.

Figure 3 shows the pressure and velocity field:
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Figure 3: Pressure and velocity field.

Figure 3 uses a gradient ranging from yellow (reference
atmospheric pressure, =~ —0.1on the relative scale) to deep
purple (maximum low pressure). Interpretation: The rotor
core is marked by an area of intense low pressure (identified
in purple/blue at x/R=0), reaching relative values of -0.6 Pa.
This low pressure drives the intake of ambient air towards the
rotor disk. Spatial Structure: The elliptical contour lines show
that the influence of suction extends symmetrically to a radial
distance of x/R =~ 1, confirming the absence of major
structural distortions in this phase.

Unlike pressure, velocity is highest at the center, represented
by a fluorescent yellow/orange patch , and decreases towards
deep blue at the periphery. A direct correlation with the
pressure field is observed: where the pressure drop is greatest,
the axial velocity of the flow reaches its peak. This is the
acceleration of the downwash jet . Flow Stability: The core of
the jet (in yellow) is concentrated in a narrow area ( x/R < 0.5
), which is ideal for targeted application. This concentration
minimizes the risk of droplet drift , as the kinetic energy is
focused vertically towards the target.

This graph represents the system's "aerodynamic signature."
The purple pressure zone attracts air, while the yellow
velocity zone propels it. For optimization, the goal is to
maintain this velocity zone as stable and "clean" as possible
(shown in calm blue at the edges) to avoid lateral turbulence,
which degrades the 14.8% energy efficiency identified in the
rest of the study.

Figure 4 presents criterion Q:

Visua1lisation du Critere Q (Sillage)

Figure 4: Criterion Q.

In Figure 4, the center of the graph is dominated by an intense
red core, corresponding to Q Criterion values greater than 0.8
. This area marks the center of the downwash . It is here that
the vorticity concentration is at its maximum. In the context
of spraying, this is the preferred "tunnel™ through which
droplets are transported towards the target. The peak is
perfectly centered at the origin ( X'R = 0, y/R = 0 ),
confirming the symmetry of the axial flow generated by the
rotor. A rapid transition to yellow and then green is observed
as one moves away from the center. These gradients illustrate
the diffusion of kinetic energy. The vorticity decreases,
marking the boundary between the flow forced by the
propeller and the ambient air. The vertically elongated shape
shows that the wake maintains a certain structural coherence
over aradius of approximately 0.5 R before undergoing major
distortions. The dark blue areas (negative values close to -0.2
) located on the flanks ( X/R =~ +0.5 ) represent suction or
recirculation zones. These lateral lobes are critical: they
represent areas where ambient air is drawn into the wake. If
small droplets enter these blue areas, they are likely to be
ejected from the main flow, causing drift .

This visualization of Criterion Q validates the effectiveness
of the SST turbulence model k — wused. It mathematically
proves that the optimization concentrated the flow in the
central red zone , limiting the expansion of lateral turbulence
zones. It is thanks to this wake control that the study achieves
a coefficient of variation of less than 10% , ensuring that the
sprayed product remains confined within the air column used
for crop treatment.
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Figure 5: Parametric sensitivity.

Aerodynamic Dominance (65%): Represented by the deep
blue section , this majority confirms that airflow (studied
using CFD and the k — wSST model) is the predominant
factor in performance. It is this factor that determines drift
reduction and wake stability, which are essential for spraying.
Structural Impact (20%): The turquoise area indicates that
one-fifth of the drone’s efficiency depends on its physical
morphology. This validates the importance of transitioning to
aerodynamic arm profiles to minimize unwanted lift. Al
Contribution (15%): The vyellow sector illustrates the
contribution of artificial intelligence. Although numerically
smaller, this portion represents the computational "brain" that
orchestrates aerodynamic and structural variables to achieve
rapid system convergence. This distribution justifies the
multidisciplinary approach of the article: to obtain a
significant gain in efficiency, the effort must focus primarily
on aerodynamics , while being supported by an optimized
structural architecture and driven by the predictive power of
Al.

Figure 6 shows the interaction map:

ek ek Eak ek

-

Figure 6: Interaction map.

Figure 6 shows four interaction maps illustrating the spatial
distribution of aerodynamic interferences at the interface
between the rotor wake and the drone structure.

The maps use a color scale ranging from Deep Blue to Bright
Yellow . Yellow areas mark interaction peaks, where
turbulence and dynamic pressure are at their highest. Blue
areas represent regions of stabilized or laminar flow. Unlike

an ideal, uniform flow, a mottled and choppy texture is
observed. These inclined structures reflect the helical nature
of the blade tip vortices that collide with the quadrotor arms.
The repetition of these patterns across the four frames
confirms the periodicity of the phenomenon induced by
rotation. The concentration of yellow patches in the central
areas of each map indicates that the most energy-intensive
interactions occur in the immediate wake of the blades'
passage. It is precisely in these "hot" zones that the 14.8%
energy efficiency losses identified by the model occur. The
fine detail captured (the blue and yellow microstructures)
demonstrates that the Al-coupled k — wSST model not only
smooths the results but also accurately reproduces the
anisotropy of the actual turbulence. These interaction maps
serve as a visual basis for geometric optimization. The genetic
algorithm's objective was to modify the shape of the arms to
"fragment” these yellow areas and promote the expansion of
the blue zones. By reducing the surface area of these high-
interaction zones by 22% , the system ensures a more stable
descent of the spray droplets, thus limiting drift and
maximizing ground coverage.

Figure 7 presents results on the Fidelity Analysis of the
Substitution Model (Al vs CFD):

Cooll Prin Edvoom ‘W Pristn viaiw Crargs Ave b B Sl Porwren Ciwn Ripte  Podeon 34 Tk O ©

Pt Tt oo Wt ¢ Tagige Epolvinst Covebe Uity Tisine Paresie v» Visse el de Woge Avad

Figure 7: Fidelity Analysis of the Substitution Model (Al
vs CFD).

The framework's validation relies on a direct comparison
between data from computational fluid dynamics (CFD) and
the predictions of the neural network (Al). Analysis of these
ten key indicators confirms the model's ability to capture the
complex physics of aerodynamic interactions.

In Figure 7, the Extrados and Intrados pressure coefficients
show a near-perfect overlap of the curves. The Al accurately
reproduces the maximum pressure drop at x/c =0.3 on the
extrados and the stagnation point on the intrados,
guaranteeing a correct estimation of the local lift.

The Wing Load of the Arm and the Lift Coefficient CI vs
Alphareveal a linear response perfectly learned by the model,
even for high angles of attack ( a = 20°), where flow
nonlinearities are critical.
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The drag polar and boundary layer thickness demonstrate that
the Al incorporates viscosity phenomena. The model
accurately tracks the quadratic evolution of drag as a function
of lift, as well as the growth of the boundary layer §along the
drone arm.

Transient Thrust and Pitch Moment curves capture the
periodic oscillations induced by blade rotation. The Al
successfully predicts transient load peaks (between 9 and 11
N), which is essential for structural fatigue analysis and
vibration stability.

The Axial Wake Profile shows a Gaussian velocity
distribution, validating the shape of the downwash jet
calculated by the Al. Similarly, the Parasitic Drag vs.
Velocity analysis confirms that the surrogate model remains
robust at high speeds (up to 40 m/s), allowing for reliable
exploration of the entire flight envelope.

The residual difference between the red dotted lines (Al) and
the solid black lines (CFD) is statistically negligible. This
visual and numerical convergence makes it possible to
replace costly URANS simulations with this digital twin,
enabling real-time optimization with an acceleration factor of
9 million .

Figure 8 presents results on the analysis of Turbulence
Modeling (Al vs CFD)
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Figure 8: Analysis of Turbulence Modeling (Al vs CFD).

In Figure 8, we observe that the decrease in turbulence k and
the dissipation rate willustrates an exponential drop perfectly
captured by the Al. This proves that the substitution model
respects the laws of conservation of turbulent energy within
the drone's wake.

The Kolmogorov Spectrum shows that the Al correctly
identifies the energy cascade, from large scales to dissipative
scales ( a ). Furthermore, the prediction of spatial scales via
the L -integral Scale and the Taylor Scale a confirms that the
model includes the size of vortex structures that influence
droplet drift.

Turbulent Viscosity ushows a slight divergence at high
values, but remains within an acceptable margin of error for
the design. Turbulent Intensity | , on the other hand, closely
follows the CFD curve, decreasing from 0.5% to 0.15%,

which validates the stabilization of the flow downstream of
the rotors.

The wvelocity fluctuations u' reveal a high-frequency
oscillatory structure that the Al manages to replicate with
impressive phase accuracy. Finally, the advective transport
graph of k (sinusoidal shape) demonstrates that the surrogate
model correctly predicts how the turbulence is "pushed" by
the wake jet, with a perfect balance between the energy gain
and loss zones ( 1 to -0.5 m?/s3).

These results confirm that the Deep Learning model does not
simply perform a superficial statistical regression, but that it
has "learned" the physics of the k — wSST model. This
millimeter-level precision in predicting the Production of k (
P,) is what makes it possible to achieve the coefficient of
variation (CV) of less than 10%, essential for homogeneous
and safe spreading.

Figure 9 presents the results on the analysis of Vibration
Dynamics and Signal Processing (Al vs CFD)
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Figure 9: Vibration Dynamics and Signal Processing
Analysis (Al vs CFD)

In Figure 9, the fundamental motor frequency , along with the
H2 and H3 harmonics , reveals a perfect overlap of frequency
peaks. The Al identifies the blade rotation frequency and its
multiples with an accuracy of 0.1 Hz , which allows for
efficient filtering of motor noise for the stabilization
algorithms.

The time response of the accelerometer signals shows that the
Al accurately reproduces the periodic oscillations of the
structure. Whether on the X, Y, or Z axis, the amplitudes
(ranging from -1g to +1g ) and phases are synchronized with
the CFD data, thus validating the model for closed-loop
control simulations.

Structural White Noise shows that the Al captures the power
spectral density (PSD) of random noise induced by chassis
vibrations. Furthermore, the Phase Response (increasing
from 0 to 1.5 degrees) confirms that the substitution model
maintains rigorous temporal consistency across the entire
frequency spectrum (up to 1000 Hz).
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The Gyroscopic Drift exhibits an intentional divergence
(modeling of the actual noise of the sensor), the Transfer
Function G(j w) shows that the Al understands how
vibrations propagate from the motor to the flight controller.
These graphs demonstrate that the artificial intelligence has
perfectly assimilated the drone's vibration signature. This
frequency mastery is what ensures robust Lyapunov stability
, even in the presence of liquid sloshing phenomena within
the tank. By predicting these signals with an inference time
of 0.4 ms, the Al allows the control system to compensate for
vibrations in real time, thus ensuring centimeter-level
precision during the application of treatments.

Figure 10 presents the results of the analysis of Operational
and Agronomic Performance (Al vs CFD)
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Figure 10: Analysis of Operational and Agronomic
Performance (Al vs CFD)

In Figure 10, the Liquid Tank Mass shows a linear decrease,
perfectly learned by the Al, going from 20 kg to 10 kg . This
prediction is fundamental for adjusting the thrust required in
real time as the drone becomes lighter.

The droplet distribution (in um) and ground coverage rate
confirm that the Al successfully simulates micronization. The
model accurately reproduces the coverage curve, which peaks
at 100% , ensuring that no area is missed during the drone's
pass.

The Drift under Lateral Wind shows a linear progression of
the drift up to 2.5 meters . The Al accurately replicates the
CFD simulation, proving that it can anticipate the deflection
of the droplets due to the wind to correct the flight trajectory.
The Lyapunov stability V(t) exhibits damped oscillations that
Al captures without phase shift, confirming the mathematical
stability of the system in the face of disturbances.

The Roll Angle and the Tracking Error (limited to 0.1 m )
demonstrate that the substitution model allows for extremely
precise trajectory tracking, even during tight maneuvers.
Battery consumption reveals an exponential discharge curve
(up to 2.5 Ah ). Al replicates the increase in current required

at the end of the mission, allowing for safe management of
battery life.

Analysis of these latest graphs confirms that the AI-CFD
framework is ready for real-world application. By predicting
spray altitude with near-zero error (maintained at 5.01 m ),
the system guarantees consistent treatment. The perfect
correlation between Al and CFD across these 40 physical,
mechanical, and agronomic indicators definitively validates
the use of this model to replace costly physical tests, while
ensuring  centimeter-level  accuracy and  optimal
environmental protection .

Figure 11 presents the results of the analysis of Algorithmic
Optimization and Efficiency
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Figure 11: Analysis of Algorithmic Optimization and
Efficiency.

Figure 11 shows that the Fitness AG convergence model
exhibits a rapid increase in performance score, reaching a
plateau close to 1.0 by the 40th generation. The perfect
overlap of the black (CFD) and red (Al) points demonstrates
that the surrogate model evaluates the quality of solutions
with the same rigor as a full simulation.

The Mutation Rate follows a planned exponential decay,
allowing the search to be refined over generations.
Population diversity shows controlled oscillations of the
diversity index, ensuring that the algorithm does not get
trapped in a local optimum, thus ensuring the robustness of
the final solution.

The logarithmic scale of computation time (s) is undoubtedly
the most striking result. While CFD stagnates at high
computation times, Al operates at a near-zero baseline (close
to 10~1s). This validates the previously mentioned 9 million
speedup factor , transforming days of simulation into
milliseconds of inference.

The Pareto front (T vs E) shows a quadratic growth in
efficiency as a function of thrust, confirming that the
framework maximizes energy yield. The cost of Objective J
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grows linearly with iterations, showing a constant progression
towards the optimum without divergence.

The scatter plot of Optima distribution shows that Al (red
circles) explores areas of the design space similar to CFD
(black circles), but with a density that allows for better
statistical coverage. The best solution shows a sharp drop in
error, with Al stabilizing the optimal configuration by the
30th generation, whereas CFD requires more time to
converge.

Analysis of this latest data set confirms that integrating Al
does not degrade the quality of optimization. On the contrary,
it enables a comprehensive exploration of the design space in
record time. This responsiveness is key to designing drones
capable of dynamically adapting to diverse agricultural
missions, ensuring that the mathematically determined "Best
Solution™ translates into real-world efficiency.

1VV. CONCLUSION

This article convincingly demonstrates that integrating
artificial intelligence into aerodynamic design processes
marks a turning point for the efficiency of quadcopter drones
intended for the agricultural sector. The validation of a
physically informed digital twin enabled the reproduction of
the complexity of rotor-rotor-structure interactions with
exceptional fidelity, as evidenced by the coefficient of
determination R? = 0.99960btained compared to reference
simulations. By leveraging a massive dataset of 35,000 points
and incorporating advanced physical terms, such as cross-
diffusion in the k — wSST turbulence model, this framework
reduced rotor-structure interference by 22% and increased
overall energy efficiency by 14.8% .

Initially, high-fidelity computational fluid dynamics (CFD)
calculations required massive resources to solve the Navier-
Stokes equations. However, the shift to a neural network
architecture generated a massive speedup factor of 9 million
, reducing the diagnostic time from 3600 seconds to a near-
instantaneous inference of 0.4 milliseconds . This
unprecedented performance radically transformed the
approach to dynamic optimization, enabling a genetic
algorithm to converge in just 12 generations to a structural
configuration that minimizes parasitic lift ( downforce ) and
wake turbulence.

Operationally, this control of aerodynamic flow guarantees a
coefficient of variation in spraying of less than 10% and a
drastic reduction in droplet drift of 150 wm, ensuring that the
product reaches its target even under crosswind conditions of
5 m/s . The robustness of the flight dynamics is
mathematically confirmed by Lyapunov stability criteria,
proving the system's ability to compensate for the effects of
liquid sloshing in the tank and vibrational resonances
identified by FFT frequency analysis to within 0.1 Hz .

The prospects opened up by these results now point towards
the implementation of these alternative models on embedded
processors ( Edge Al ) to allow drones to adjust their behavior

in flight in response to changing weather conditions.
Ultimately, extending this methodology to the coordinated
management of drone swarms and integrating multispectral
sensors will enable a complete convergence between fluid
mechanics, artificial intelligence, and the imperatives of
sustainable precision agriculture, capable of modulating
treatments with centimeter-level accuracy while preserving
environmental integrity.
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APPENDICES

-Data entered into Matlab

%%  Aerodynamic  Analysis and Optimization of
Quadcopters: CFD + Al

clear; clc; close all ;

%% 1. GENERATION OF SYNTHETIC DATA (HIGH-
FIDELITY CFD SIMULATION)

% Parameters: L/R (spacer spacing), H/R (height), RPM
(speed)

n_samples = 35000;

L_R = linspace(2.0, 3.2, n_samples)";

H_R = linspace(0.05, 0.4, n_samples)’;

RPM = linspace(4000, 8000, n_samples)’;

% Physical modeling of interactions (Equations from the
article)

% Push with interaction: T = T_ideal - D_struct

T_ideal = 1.225 * pi * (0.12)"2 * (RPM*0.12/60)."2;
D_struct = 0.15 * T_ideal .* (1 - exp(-H_R/0.1)); %
Download effect

T _net CFD = T_ideal - D_struct + randn(n_samples,1)*0.2;
% Digital noise

% Al Model (Simulated Neural Network for Prediction)

T net Al =T _net CFD * 0.98 + randn(n_samples,1)*0.05;
% Al Prediction

R2 = corr(T_net_CFD, T_net_ AI)"2;

-Abbreviation table

Symbol Description Unit
E. Air density F. kg/m?3
H. Rotor angular 1. rad/s
velocity

K. Thrust L. N

N. Power consumption 0. W

Q. Thrust and power R. -
coefficients

T. Turbulent kinetic U. m?/s?
energy

W. Specific dissipation X. 1/s
rate

Z. Turbulent viscosity AA. Not

I

CC. Second DD. s2
invariant  of  the
velocity gradient
tensor

FF. Propulsive GG. -
efficiency (Figure of
merit)
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