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Abstract 

Close formation flight is a practical strategy for fixed-wing unmanned aerial vehicle (UAV) swarms. 
Maintaining UAVs at aerodynamically optimal positions is essential for efficient formation flight. 
However, aerodynamic optimization methods based on computational fluid dynamics (CFD) are 
computationally intensive and difficult to apply in real time for large-scale formations. Inspired by 
bio-formation flight, this study proposes an on-board sensing-based method for wake flow field 
estimation, with potential for extension to complex formations. The method is based on a parameter 
identification-induced velocity model (PI-Model), which uses only onboard sensors, including two 
lateral air data systems (ADS), to sample the wake field. By minimizing the residual of the induced 
velocity, the model identifies key parameters of the wake and provides a dynamic estimation of the 
wake velocity field. Comparisons between the PI-Model and CFD simulations show that it achieves 
higher accuracy than the widely used single horseshoe vortex model in both wake velocity and 
aerodynamic effects. Applied to a two-UAV formation scenario, CFD validation confirms that the 
trailing UAV achieves a 15%–25% drag reduction. These results verify the effectiveness of the 
proposed method for formation flight and demonstrate its potential for application in complex, 
dynamic multi-UAV formations. 

Keywords: formation flight; wake vortex modeling; on-board sensing 
 

1. Introduction 

V-shaped and line-formation are commonly observed during migratory bird flights [1,2]. 
Numerous studies have shown that such formations significantly reduce individual energy 
expenditure and improve endurance. Further observations indicate that individuals adaptively 
adjust their positions relative to leading neighbors to maximize energy savings [3]. This efficient 
coordination mechanism provides a clear direction for bio-inspired aviation: translating it into close 
formation flight in engineering applications. When properly positioned within the leaderʹs upwash 
field, the follower experiences a forward-inclined lift vector, reducing induced drag and enhancing 
aerodynamic performance [4]. These benefits have been confirmed through theoretical analysis [5], 
wind tunnel experiments [6], and flight tests [7]. 

As a result, close formation flight has rapidly become a central focus in UAV formation research 
in recent years [8–15]. The primary challenge lies in determining the aerodynamically optimal relative 
positions [16]. For larger formations, constructing wake databases using CFD provides high accuracy 
[17,18], but its reliance on large data volumes, computational resources, and airframe consistency 
limits its scalability to multi-aircraft and cross-platform applications. In our previous work, we 
introduced the concept of “formation unit” [19], aiming to address multi-UAV formations within an 
optimization framework. However, in heterogeneous and complex formation scenarios, the 
limitations of this approach have gradually become evident. 
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Achieving this goal relies on constructing a formation aerodynamic model that is both accurate 
and efficient. Existing analytical studies span several theoretical frameworks, including the single 
horseshoe vortex model [20,21], multiple horseshoe vortex models [22], and vortex lattice methods 
[23,24], with new modeling approaches also emerging in recent years [25,26]. In general, the single 
horseshoe vortex model offers high computational efficiency, while vortex lattice methods provide 
higher accuracy but are limited by the real-time requirements of online computation. In realistic 
environments, however, wake vortices are influenced by various factors, including maneuvers of the 
leading aircraft and external disturbances such as stochastic wind fields, resulting in time-varying 
wake characteristics [27,28]. If static, pre-calibrated model parameters are still used, the system 
cannot update wake information in real time, making it difficult to accurately predict the strength 
and position of the upwash region experienced by the follower aircraft. As a result, the energy-saving 
benefits cannot be sustained. Therefore, to consistently achieve drag reduction in operational 
scenarios, the system must be capable of continuously sensing and updating wake information—i.e., 
wake tracking. 

Wake tracking is not a new concept, but most existing studies focus on hazardous wake vortex 
warning and avoidance in civil aviation [29,30]. Direct wake flow measurements typically rely on on-
board LiDAR systems [31,32] or ground-based acoustic devices [33]. Although ground-based 
measurements have achieved reliable results [34], transferring these methods to on-board platforms 
remains challenging [35]. An alternative approach involves indirect parameter estimation. For 
example, in Ref. [36], distributed pressure sensors are mounted on the follower’s wing, and an 
extended Kalman filter (EKF) is used to estimate wake vortex parameters. This method performs well 
across various configurations, particularly in vortex localization; however, it suffers from limited 
observability [37] and requires additional sensors, which increases cost and imposes design 
constraints. These challenges lead us to consider whether it is possible to extract critical wake features 
in real time without relying on heavy and expensive equipment, by fully utilizing existing or 
lightweight additional on-board sensors, to enable more accurate aerodynamic modeling. 

Based on the above considerations, achieving real-time position adjustment in complex and 
large-scale formations through wake flow sensing requires a wake estimation method that accurately 
captures formation aerodynamic effects online while maintaining high computational efficiency. 
Inspired by bio-perception, where birds self-organize into large-scale formations using only local 
sensing, the PI-Model is proposed. It builds upon the single horseshoe vortex model and selects key 
parameters of the induced velocity field, such as vortex strength and position, as identification 
parameters. By fusing data from onboard sensors including the ADS, the Global Navigation Satellite 
System (GNSS), the Inertial Navigation System (INS), and employing an unscented Kalman filter 
(UKF), the method enables high-accuracy local wake sensing. Using induced velocity residual 
minimization as the objective, it dynamically corrects the estimated wake parameters to achieve real-
time and efficient wake field estimation. The approach updates transient wake variations and adapts 
to complex aerodynamic environments while maintaining low computational cost, making it suitable 
for real-time deployment on small UAV platforms with limited onboard processing capacity. 

The rest of this paper is organized as follows. Section 2 describes the wake flow field estimation 
method based on on-board sensor sampling. Section 3 presents comparative validation of the 
proposed method, including induced velocity estimation and formation aerodynamic effects. In 
Section 4, a two-UAV formation scenario is investigated to validate the method’s effectiveness in 
formation position optimization. Finally, Section 5 concludes the paper. 
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2. Wake Flow Field Estimation Method 

2.1. Aircraft Platform and Sensor Configuration 

2.1.1. Aircraft Platform and Onboard Sensor  

Based on the Skywalker X8 platform, the main geometric, mass, and other relevant parameters 
are listed in Table 1. 

Table 1. Aircraft parameters. 

Parameters UAV 
span/m 2.1039 
chord/m 0.4080 
mass/kg 1.8404 

wing area/m2 0.7456 

Figure 1 shows the external features of the UAV and the installation positions of the various 
sensors. To comprehensively acquire velocity and attitude information during flight, the UAV is 
equipped with multiple sensors: GNSS measures ground speed and position; INS provides attitude 
angles, angular rates, and accelerations; ADS measures aerodynamic parameters such as airspeed, 
angle of attack, and sideslip angle. 

 

Figure 1. Flight platform and sensor configuration. 

To obtain sufficient data for accurate wake distribution estimation while considering the 
limitations of sensor size and cost, two ADS units are deployed. By optimizing their placement and 
accumulating time-series data, the efficiency of wake information acquisition is improved. To cover 
a broader region of the wake, two ADS units should be placed far apart. However, positioning the 
sensors near the wingtips places them close to the vortex core of the leading aircraft, where large 
velocity gradients may cause significant wake velocity fluctuations, reducing data accuracy and 
affecting subsequent parameter estimation. To mitigate this, the sensors are moderately shifted 
inward to regions with more stable flow, effectively reducing the impact of velocity shear and 
ensuring the stability of wake measurements. 

2.1.2. Sliding Window 

Due to the limited number of sensors, the sampling data at each time step is sparse. To effectively 
utilize the available information, a sliding window is introduced to compensate for the lack of spatial 
sampling by accumulating temporal data. The sliding window maintains a fixed-size data window 
at each time step, processing and updating both the current and historical data within the window. 

Specifically, at each time step k  , a fixed-size historical data window kW   is used, which contains 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 October 2025 doi:10.20944/preprints202510.1159.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1159.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 23 

 

consecutive data from time step k n−  to k . As time progresses, the window slides along the data 
sequence, continuously updating the estimation of the current state. The data points contained in the 

window kW  are: 

1 1{ , , , , }k k n k n k kW y y y y− − + −= … , (1) 

where, iy  denotes the observation or data point at time step i . By introducing the sliding window, 
the influence of noise or errors in individual time-step data can be reduced, improving the estimation 
of wake characteristics. This approach mitigates the sparsity of spatial sampling points and enhances 
the stability and accuracy of wake field perception. 

2.2. Wake Flow Field Sensing Method 

2.2.1. Velocity Triangle 

Perception of wake flow velocity is equivalent to wind field velocity perception. Consequently, 
wake flow velocity can be directly calculated based on the velocity triangle. 

g gb b wg= +V R V V , (2) 

where, 
T[ , , ]g x y zV V V=V   denotes the ground speed of the aircraft,

T[ , , ]b u v w=V  represents the 

components of the airspeed in the body frame,
T[ , , ]wg x y zw w w=V   denotes the wind speed in the 

ground frame, and gbR  is the rotation matrix from the body frame to the ground frame. According 
to this relation, calculating the wind speed requires information such as airspeed and attitude angles, 
which are obtained from onboard sensors including GNSS, INS, and ADS. 

Wind field velocity perception is essentially an estimation of the aircraftʹs flight state. If 
reasonably accurate data on airspeed, ground speed, and attitude angles are available, the wind field 
velocity can be reliably computed. However, due to measurement noise and sensor errors, the 
calculated wind field velocity often contains significant uncertainty. Data fusion offers an effective 
solution to this problem. For nonlinear systems, the UKF algorithm enables optimal estimation by 
integrating system models with sensor data, allowing accurate estimation of the wind field velocity. 

2.2.2. High-Accuracy Wake Flow Field Sensing 

To construct the UKF estimation model for the nonlinear system, the state transition and 
observation equations are first defined. To fully describe the flight state of the aircraft, this study 

selects the components of airspeed in the body frame 
T[ , , ]b u v w=V , the angular velocity in the body 

frame [ ]T, ,p q r=ω , and the Euler angles [ ]T, ,φ θ ψ=e as state variables. Additionally, to estimate 

wind speed, the components of wind velocity in the ground frame 
T

, ,wg x y zw w w =  V
 are included 

in the state vector. Assuming that wind speed varies slowly, the complete state vector is defined as 
T

, , ,b wg =  x V ω e V
, and the control vector is defined as 

T
, , ,a e r pδ δ δ δ =  u

. Based on the six-degree-
of-freedom aircraft dynamics, aerodynamic models, and the wind variation assumption, the control 
and state vectors satisfy the following dynamic equation: 

1( ( ))

0

bb
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m
−

−

− ×   
   − × ⋅   =   
   
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1
w

/F ω VV
ω I M ω ω
e L ω
V







Ι
, (3) 

where, F represents the total force acting on the UAV, and m  represents mass, I  denotes 
the inertia matrix, 1−I denotes its inverse, M denotes the external moment acting on the UAV, and 
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1
w
−L  denotes the inverse of the transformation matrix from Euler angle rates to body-frame angular 

velocity. 
Due to the presence of process noise, the state transition equation should include a noise term: 

( , )f w= +x x u , (4) 

where, w  denotes the process noise, which follows a Gaussian distribution with zero mean and 

covariance Q , i.e., ~ (0, )w N Q . 
The information obtained from the aircraftʹs sensors, including GNSS, INS, and ADS, is selected 

as the measurements. The measurements are denoted as 
T[ , , , , , , , , , , , , , , ]x y z x y zV V V p q r a a a Vψ θ φ α β=z , 

then the observation equation is: 

( )
( )

2 2 2

arctan
arcsi

/

n

g gb b wg

m

wV u v
w u

v V

α
β

 = +
 =


=








= + +
=

=

=

V R V V
ω ω
e e
a F , (5) 

where, a  denotes acceleration, V is the scalar value of airspeed, α is the angle of attack, and β is 
the sideslip angle. 

Due to the presence of observation noise, the observation equation should be: 

( , )h v= +z x u , (6) 

where, v denotes the observation noise, which follows a Gaussian distribution with zero mean and 

covariance R , i.e., ~ (0, )v N R . 
Therefore, the nonlinear system can be described as: 

1 1 1

1 1

( , )
( , )

~ (0, )
~ (0, )

k k k k

k k k k

k k

k k

x f x u w
z h x u v
w Q
v R

− − −

− −

= +
 = +







 (7) 

Based on the aforementioned state transition and observation equations, the UKF estimation 
algorithm is utilized to achieve high-precision wake flow velocity perception. The main steps 
involved in performing state estimation using UKF are as follows: 
1. The proportional symmetric sampling method is employed to obtain 2n+1 sampling 

combinations (i.e., the Sigma points set), which are then organized in the following sequence: 

( ) ( )1 1 1 1 1ˆ ˆ ˆ( ) ( )k k k k ki i
n nλ λ− − − − −

 = + + − +
 

χ x x P x P  (8) 

2. Substitute these 2n+1 points into the state equation to obtain the k+1 step prediction for these 
points: 

, | 1 , 1( )i k k i kf− −=χ χ  (9) 

3. Based on the 2n+1 predicted results, calculate the k+1 step predicted mean and the covariance 
matrix of the system state variables. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 October 2025 doi:10.20944/preprints202510.1159.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1159.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 23 

 

/ 1 , / 1
0

T
/ 1 , / 1 / 1 , / 1 / 1

0

ˆ

ˆ ˆ

L
m

k k i i k k
i
L

c
k k i i k k k k i k k k k

i

− −
=

− − − − −
=

=

   = − − +   



 Q

x w χ

P w χ x χ x
, (10) 

where ,m c
i iw w  are the two types of weighting coefficients. 

4. Based on the predicted mean and covariance matrix, the UT (Unscented Transform) is applied 
again to generate a new set of 2n+1 Sigma points. 

( ) ( )/ 1 / 1 / 1 / 1 / 1 / 1ˆ ˆ ˆ( ) ( )k k k k k k k k k k k ki i
n nλ λ− − − − − −

 = + + − +
 

χ x x P x P  (11) 

5. Substitute the point set into the observation equation to obtain the predicted observation at step 
k+1. 

, / 1 , / 1( )i k k i k kh− −=y χ  (12) 

6. Based on the 2n+1 predicted results, calculate the k+1 step predicted mean and the covariance 
matrix of the systemʹs observation variables. 

/ 1 , / 1
0

T
/ 1 , / 1 / 1 , / 1 / 1

0

ˆ

ˆ ˆ

L
m

k k i i k k
i
L

yy c
k k i i k k k k i k k k k

i

− −
=

− − − − −
=

=

   = − − +   





y w y

P w y y y y R
 (13) 

7. Calculate the Kalman gain. 

T
/ 1 , / 1 / 1 , / 1 / 1

0
1

/ 1 / 1

ˆ ˆ

( )

L
xy c

k k i i k k k k i k k k k
i

xy yy
k k k k k

− − − − −
=

−
− −

   = − −   

=

P w χ x y y

K P P
 (14) 

8. Finally, update the systemʹs state and covariance. 

/ / 1 / 1

/ 1 / 1

ˆ ˆ ˆ( )k k k k k k k k
yy T

k k k k k k k

− −

− −

= + −

= −

x x K z y
P P K P K

 (15) 

The above describes the complete steps of the UKF algorithm, and the flowchart is shown in 
Figure 2. Through the UKF algorithm, the aircraft is able to achieve high-precision perception of the 
wake field in complex flight environments. This method not only effectively suppresses the impact 
of measurement noise and external disturbances but also dynamically updates the wake field 
information during flight, providing reliable data input for the aircraft to identify the wake field of 
the leading aircraft. 
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Figure 2. The Unscented Kalman Filter Algorithm. 

2.3. Wake Vortex Field Estimation Method 

2.3.1. PI-Model 

The single vortex model has a low computational cost and can perform fast calculations, making 
it particularly suitable for real-time optimization algorithms that require high computational speed. 
According to the Kutta-Joukowsky theorem, when the aircraft is in level flight and the lift is balanced 
with gravity, the initial circulation of the aircraftʹs wake vortex can be calculated. By combining the 
probabilistic two-phase aircraft wake-vortex model (P2P), the wake vortex strength on any plane 
within the wake field can be determined. 

The tangential induced velocity is a key parameter for describing the physical characteristics of 
the wake vortex generated by the leading aircraft. In real flows, when the airflow approaches the 
vortex core region, viscous effects must be considered. The classical horseshoe vortex model cannot 
accurately reflect this behavior. Therefore, researchers have modified the wake-induced velocity 
model based on experimental data and numerical simulations. Commonly used models include the 
Lamb-Oseen vortex model, the Rankine vortex model, and the Burnham & Hallock model (H-B-
Model). Among them, the Lamb-Oseen vortex model is a solution to the unsteady Navier–Stokes 
equations and provides a smooth transition between the external flow and the vortex core, 
overcoming the singularity of velocity in the two-dimensional potential vortex and offering more 
accurate estimates in the upwash region. Kurylowich re-expressed the exponential term in a direct 
form that includes the vortex core radius. Therefore, the improvement in this study is based on the 
Kurylowich model (K-Model). The velocity distribution is as follows: 

2

21 exp( )
2 c

rW
r r

β
π

 Γ= − − 
 

, (16) 

where Γ is wake vortex strength, r is the distance from the point to the vortex core center, cr is vortex 
core radius，and 1.2564β = . 

The origin of the coordinate system, point O, is de-fined as the midpoint of the line connecting 
the two vortex cores. The flight direction is taken as the x-axis, the wing span direction as the y-axis, 
and the vertical direction as the z-axis, establishing a three-dimensional Cartesian coordinate system. 

Let the coordinates of the vortex cores generated by the aircraft during flight be denoted as 1 1( , )c cy z  

and 2 2( , )c cy z  . According to the above model, the vertical induced velocity and lateral induced 

velocity at any point ( , )y z in the wake is given by: 

( ) ( )2 2 2 2 2 2
1 1 1 1 2 2 2 21 exp / ( ) / 2 1 eˆ xp / ( ) / 2z c c c cr r y rw y r r y y rβ π β π   = − − ⋅ Γ − + − − ⋅ Γ −    , (17) 

( ) ( )2 2 2 2 2 2
1 1 1 1 2 2 2 2ˆ 1 exp / ( ) / 2 1 exp / ( ) / 2cy c c cw r r z z r r r z z rβ π β π   = − − ⋅ Γ − + − − ⋅ Γ −    , (18) 

where
2 2 2 2 2 2

21 1 2 21 ,( ) ( ) ( ) ( )c c ccr y y z z r y y z z= − + − = − + − . This method predicts the induced velocity by 
characterizing the fundamental parameters of the wake vortex. Its calculation depends on the vortex 
core radius and position, which are determined through empirical formulas, thus limiting the 
prediction accuracy. Additionally, this method cannot update the dynamic changes of the flow field 
in real-time, posing certain limitations. 

This study proposes the PI-Model, which aims to optimize its accuracy and adaptability by 
dynamically adjusting the key parameters in the model. Specifically, all parameters in (17)-(18) that 
are based on empirical formulas are treated as unknown parameters to be identified, such as the 
vortex core radius, circulation, and vortex core coordinates. First, real-time wake field data is 
obtained through sensor filtering. Then, using the improved pigeon-inspired optimization (IPIO) 
algorithm, the wake-induced velocity residuals are treated as an online objective function to 
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dynamically identify model parameters, minimizing the deviation between the model-predicted 
wake velocity and the aircraftʹs sensor-measured wake velocity. This improvement not only enhances 
the modelʹs prediction accuracy but also enables dynamic updates of the flow field changes in real-
world environments. 

2.3.2. Identification of Wake Vortex Parameters Through the IPIO 

To accurately identify the parameters of the wake vortex model, the IPIO algorithm is 
introduced for model parameter optimization. The algorithm consists of two components: the map 
and compass operator and the landmark operator. The specific formulas can be found in Ref. [38]. 

For an optimization problem with D   dimensions, there are N   pigeons available for 

searching. The position and velocity of each pigeon are denoted as [ ]T
1 2, , ,i Dx x x= …X   and 

[ ]T
1 2, , ,i Dv v v= …V , respectively, and their values will be updated in each iteration. 

In the map and compass operator, the position and velocity of pigeon i  at generation t  are 
updated using the following formulas: 

( ) ( 1) ( ( 1))
( ) ( 1) ( 1) (1 ( 1)) ( ) rand ( 1)

t
i i gbest i

i i i i i i gbest

V t V t e rand X X t
X t t X t t V t t X

λ

ω ω σ

− = − ⋅ − ⋅ − −
 = − ⋅ − + − − ⋅ + ⋅ − ⋅

, (19) 

where, rand is a random number, and gbestX  denotes the current global optimal position, which can 

be acquired by evaluating the fitness values of all pigeon positions. iω   represents the dynamic 

weights associated with both position and velocity, iσ  is the acceleration coefficient, and λ  is the 
map and compass factor, which controls the balance between global exploration and local 
exploitation. 

In the landmark operator, pigeons with poor fitness values are discarded, reducing the number 
of pigeons by half during each iteration and accelerating convergence. The position center of the 
remaining pigeons is considered the global optimal position. Therefore, the remaining pigeons 
update their positions by moving towards this center, which can be formulated as follows: 

( )

1
( )

1

( 1)( )
2

( 1) fit( ( 1))
( )

fit( ( 1))

( ) ( 1) rand ( ( ) ( 1))

i i

center

i

i i cente

N t

i
N t

r i

i

N tN t

X t X t
X t

X t

X t X t X t X t

=

=

− =

 − ⋅ − =
 −

 = − + ⋅ − −





 (20) 

In the process of parameter identification using the IPIO algorithm, the objective of the model is 
to minimize the error between the model output and the actual wake vortex data. Therefore, the 
fitness function is defined as: 

2

, ,
1

ˆ z j z j
i

n

J w w
=

= −  (21) 

where ,ˆ z jw   is the wake velocity calculated by the PI-Model, ,z jw  is the actual wake velocity 
measured by the sensors, and n   is the number of data points in the sliding window. The 
optimization objective is to adjust the parameters of the PI-Model to minimize the fitness function 
J , thereby obtaining the optimal wake model parameters. 

The IPIO optimization algorithm, as shown in Figure 3, efficiently identifies the key parameters 
of the wake vortex model and provides an accurate wake field prediction method for subsequent 
formation optimization. 
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Figure 3. Flowchart of PI-Model parameter identification based on IPIO. 

2.4. Formulation of Formation Aerodynamic Effect 

The aerodynamic effects in close formation primarily refer to the induced forces and moments 
exerted on the follower aircraft by the lead aircraftʹs wake vortex. The wake from the lead aircraft 
alters the follower aircraftʹs angle of attack and sideslip angle, generating additional aerodynamic 
forces and moments. The induced wake velocity depends on the follower aircraftʹs position within 
the wake field. Therefore, the aerodynamic effects in the formation can ultimately be expressed as a 
function of the relative position between the follower and lead aircraft. In the inertial coordinate 
system, the relative position of the follower aircraft with respect to the lead aircraft is defined as 
[ , , ]x y zΔ Δ Δ . Assume that the aerodynamic center of the follower aircraft is located at the root of the 
wingʹs quarter-chord line. 

2.4.1. Induced Lift Calculation 

Induced lift is primarily caused by the upwash wake vortex acting on the follower aircraftʹs 
wings. The upwash wake vortex increases the angle of attack αΔ   of the follower aircraft. By 

applying an integral method, the induced lift coefficient LCΔ   caused by the wake vortex is 
determined by the following formula: 

/ 2

/2
( )

arctan

b

zbz z
L L L L L

V y bV VC C C C C
V V V

α α α αα −

∞ ∞ ∞

Δ ≈ =Δ ==  , (22) 

where LCα
 is the slope of the lift curve, ( )zV y  is the wake-induced velocity on the follower aircraftʹs 

wing, and b  is the wing span of the follower aircraft, and V∞ is the freestream velocity. 

2.4.2. Induced Drag Calculation 
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Induced drag is primarily caused by the forward tilt of the lift vector due to the induced upwash 

wake velocity. The new lift coefficient in close formation is approximately L LC C+ Δ . Therefore, the 
induced drag coefficient is calculated using the following formula: 

2 2

0

( )L L L
Di

C C CC
e ARπ

+ Δ −
Δ =  (23) 

where LC  is the lift coefficient, 0e  is the Oswald efficiency factor, and the aspect ratio AR  can be 

calculated using 
2AR b S= , S is the wing area. 

2.4.3. Induced Rolling Moment Calculation 

The follower aircraft is affected by the induced velocity in the wake field of the lead aircraft. 
Since the wings on both sides experience different upwash velocities, the aircraft will be influenced 
by the wake of the lead aircraft, resulting in an induced rolling moment. Its expression is given by: 

/2

/2

1 ( ) ( )
2

b

R L zb
L V C V y c y ydyαρ∞ ∞ −

=   (24) 

The induced rolling moment coefficient is given by: 

/ 2

2 / 2

2 ( ) ( )
bR L

LR zb

L CC V y c y ydy
V SbV Sb

α

ρ −
∞∞ ∞

= =    (25) 

where ( )c y is the chord distribution of the aircraftʹs wing. 

3. PI-Model Accuracy Verification 

This section evaluates the estimation accuracy of the proposed PI-Model by comparing the 
wake-induced velocity distribution in the same wake field, calculated using the PI-Model, several 
theoretical models (including the H-B-Model and K-Model), and CFD simulations. The aerodynamic 
effects of the formation predicted by the models are also compared. As an example, the wake field of 

the Skywalker X8 at 2 , 0x b z= =  is used. 

3.1. Velocity Accuracy Comparison 

3.1.1. Vertical Induced Velocity Comparison 

The vertical induced velocity distribution is shown in Figure 4, and the overall trend of all 
models is consistent with the CFD results. The proposed PI-Model significantly improves the 
estimation accuracy in the key region of the wake, i.e., the upwash region. The other two models 
exhibit deviations in both the magnitude and location of the peak velocity, and they overestimate the 
velocity gradient near the vortex core, leading to overly sharp changes in the induced velocity curve. 
In the downwash region, the estimated results deviate from the CFD results due to the theoretical 
models not considering the effects of the aircraft body. Additionally, in practical flight control, the 
follower aircraft typically avoids strong downwash regions to maintain flight stability. As a result, 
there are fewer samples from this region used for parameter identification, leading to reduced 
estimation accuracy. 
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Figure 4. Vertical induced velocity variations with lateral spacing /y bΔ . 

Nevertheless, this limitation does not have a significant impact on formation position 
optimization, as the strong downwash region is not an effective position for formation flight 
optimization but rather an area that must be actively avoided. Therefore, the high-precision 
estimation achieved by the PI-Model in the key upwash region is sufficient to enhance the accuracy 
of formation position optimization. 

3.1.2. Lateral Induced Velocity Comparison 

The calculation results of the lateral induced velocity distribution are shown in Figure 5 The 
trend of the three models is generally consistent with the CFD results. However, all models exhibit 
deviations in the magnitude and distribution of the peak velocity. The primary reason the PI-Model 
did not improve estimation accuracy is that the formation optimization objective focuses mainly on 
longitudinal aerodynamic effects. Its fitness function during identification is set to minimize vertical 
induced velocity deviation, which led to parameter estimation being focused on fitting the vertical 
induced velocity distribution, neglecting the accuracy of the lateral induced velocity distribution. 

 

Figure 5. lateral induced velocity variations with lateral spacing /y bΔ . 

3.2. Formation Aerodynamic Effect Estimation Accuracy Comparison 

To evaluate the accuracy of the PI-Model in formation aerodynamic effects, a comparison is 
made between the PI-Model, H-B-Model, and K-Model in estimating the induced lift, induced drag, 
and induced rolling moment coefficients. The predicted results are also compared with the 
corresponding CFD results to demonstrate the improvement in estimation accuracy achieved by the 
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proposed PI-Model. In the analysis, the longitudinal spacing 2x bΔ =  and vertical spacing 0zΔ =  
are considered. 

3.2.1. Induced Lift Coefficient Comparison 

Figure 6 shows a comparison of the induced lift coefficient predictions. Compared to the CFD 
results used to validate the model accuracy, the PI-Model exhibits good consistency with the CFD 
results. The overestimation of the induced lift coefficient by the other models is due to an 
overestimation of the vertical velocity of the wake vortex, as shown in Figure 4. Additionally, 

according to the PI-Model predictions, the maximum induced lift occurs at the position 0.98y bΔ = , 
which is consistent with the CFD results. 

 

Figure 6. Induced lift coefficient variations with lateral spacing /y bΔ . 

3.2.2. Induced Drag Coefficient Comparison 

Figure 7 presents the validation of the induced drag coefficient predictions. The estimation of 
the PI-Model shows a higher degree of agreement with the CFD data. The overestimation of the 
induced drag coefficient in the other models results from the excessive estimation of the vertical 
induced velocity, as shown in Figure 4, which ultimately stems from the assumption of constant 
vortex circulation. However, the proposed PI-Model effectively addresses the inaccuracy caused by 
static preset parameters by incorporating sensor-based wake field perception and parameter 

identification. Furthermore, the proposed model predicts the maximum drag reduction at 0.98y bΔ = , 
which is very close to the CFD results. 

 

Figure 7. Induced drag coefficient variations with lateral spacing /y bΔ . 
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3.2.3. Induced Rolling Moment Coefficient Comparison 

Figure 8 presents the validation of the induced rolling moment coefficient predictions. The 
estimation of the proposed PI-Model shows a higher degree of agreement with the CFD data. The 
overestimation of the induced rolling moment coefficient by the other models is likewise due to the 
overestimation of the induced velocity. In addition, as shown in Figure 8, the induced rolling moment 
varies with the lateral spacing and exhibits two extreme values. The first extreme value occurs at 

0.4y bΔ = , corresponding to the scenario where the wings are half-span overlapped, which represents 
the most critical region for the follower aircraft. At this point, the follower experiences the maximum 

rolling moment effect. The second extreme value occurs at 1y bΔ = , which is very close to the position 
of maximum drag reduction. 

 

Figure 8. Induced rolling moment coefficient variations with lateral spacing /y bΔ . 

3.3. Summary 

In summary, the proposed PI-Model achieves the highest estimation accuracy for the vertical 
induced velocity in the wake field, outperforming the accuracy of the theoretical models. It also 
provides more accurate estimations of the formation aerodynamic effects compared with the 
theoretical models. Therefore, the proposed PI-Model attains satisfactory estimation accuracy. 

4. Two-Aircraft Formation Simulation 

In this section, numerical simulations of two-aircraft formations are conducted based on the 
Skywalker X8 platform under both homogeneous and heterogeneous scenarios, systematically 
evaluating the performance of wake vortex estimation and formation position optimization. To 
evaluate the formation strategy under limited computational resources, this study adopts the 
“homogeneous scaling method.” In this approach, the same type of fixed-wing UAV is selected as 
the baseline platform, and multiple complex mixed formations are constructed by scaling key 
geometric parameters such as wingspan and chord length. This method balances model diversity and 
consistency: on one hand, the geometric scale differences are sufficient to simulate the wake 
variations among heterogeneous aircraft; on the other hand, the identical aerodynamic configuration 
significantly reduces the complexity of modeling and numerical computation. All simulation cases 
satisfy the following unified conditions: 

• The leader aircraft maintains steady level flight with a speed of 10 m/s and an angle of attack of 5°； 
• The freestream velocity is identical to the flight speed, and atmospheric turbulence effects are 

neglected. 
• At the beginning of the formation, the follower aircraft has the same trimmed angle of attack and 

flight speed as the leader and subsequently maintains the trimmed angle of attack. 
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The principal geometric and mass parameters of the two UAV types are summarized in Table 2. 
The wingspan of the Large UAV is approximately twice that of the Small UAV, with the 
corresponding mass and wing area scaled in a similar proportion. 

Table 2. Parameters of Large UAV and Small UAV. 

Parameters LargeUAV SmallUAV 
span/m 4.2078 2.1039 
chord/m 0.8160 0.4080 
mass/kg 7.3616 1.8404 

wing area/m2 2.9824 0.7456 

The optimal relative position between the two aircraft is denoted as ( )o o ox , y , zΔ Δ Δ . In formation 
flight, wake dissipation increases with longitudinal spacing. Considering the minimum safety 
separation between UAVs while maximizing the wake vortex effect, we set the longitudinal relative 

position to 2ox  = bΔ −  (where b  is the leader’s wingspan). Therefore, the longitudinal spacing is 
excluded from the optimization parameters. 

The following basic assumptions are made in the simulation analysis: during the follower UAV 
position optimization process, its feedback effect and disturbance influence on the leader’s wake field 
are neglected. It is also assumed that the autopilot can accurately track the spatial commands 
generated by the Gradient Descent (GD) method. Therefore, position tracking errors are not 
discussed separately in the subsequent analysis. 

4.1. Simulation Environment and Process 

A clear simulation workflow is established for each operating condition to ensure validity and 
completeness. Specifically, the overall simulation process consists of the following three main steps: 

 
Figure 9. Formation simulation flow. 

First, the CFD is used to solve the wake field of the leader aircraft and obtain the precise 
distribution of the induced velocity. This provides a high-fidelity wake field environment for the 
follower aircraft’s position optimization, simulating real-flight conditions as closely as possible. 

Subsequently, formation position optimization is performed based on the GD algorithm, with 
the induced drag defined as the objective function—maximizing the wake benefit is equivalent to 
minimizing the induced drag. The follower’s position is first initialized, and under the guidance of 
the GD, the follower UAV uses its on-board sensing system, which includes two ADS units, to 
perceive the local wake velocity in real time. The IPIO algorithm is then employed to identify the PI-
Model parameters, enabling estimation of the wake field distribution. The objective function and its 
gradient are calculated in real time, guiding the follower UAV to iteratively adjust its position toward 
the optimal point. 

Finally, to verify whether the converged position represents the optimal relative position, CFD 
simulations are conducted for comparative validation. Specifically, around the convergence point of 
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the GD, the follower aircraft is placed at several laterally offset positions (offsets of 1–20% of the 
wingspan relative to the converged position), and CFD calculations are performed to compute and 
compare the drag coefficients at these positions. By examining the drag differences, it is determined 
whether the converged position corresponds to the global optimum, thereby validating the 
effectiveness and reliability of the proposed PI-Model and formation optimization strategy. 

4.2. Two-Aircraft Formation  

4.2.1. Homogeneous Formation 

The homogeneous two-aircraft formation (Small–Small) is analyzed first. The wake field of the 
leader aircraft is computed using CFD to obtain the three-dimensional induced velocity field. The 
vertical distribution of the induced velocity is shown in Figure 10, where the distinct wake vortex 
structures generated by the leading UAV, as well as their downstream development and dissipation 
characteristics, can be clearly observed. 

 

Figure 10. Distribution of the z-components of the velocity behind the leader. 

The coordinate system is set with the center of gravity of the leader as the origin. The follower 

starts at the right rear of the leader, maintaining a relative distance ( , ) (1.6 ,0.5 )y z b bΔ Δ = . During the 
optimization process, guided by the GD algorithm, the follower continuously adjusts its relative 
position in real time. The sensor recordings during this process are shown in Figure 11, where the 
horizontal axis represents the number of iterations. The upper and middle subplots correspond to 
the angle of attack data measured by the two sensors and the estimated local upwash velocity, 
respectively. As the follower gradually moves toward the upwash region of the wake vortex, the 
measurements from the left sensor (Sensor 1) first increase to a maximum in the strongest upwash 
area, then decrease and stabilize as the aircraft continues to move, while the data from the right sensor 
(Sensor 2) gradually increase and stabilize. The bottom subplot shows the objective function, which 
exhibits a clear decreasing trend and eventually stabilizes around a constant value, indicating 
algorithmic convergence. 
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Figure 11. Sensor data and objective function of Follower. 

The flight trajectory of the follower aircraft in the leaderʹs wake velocity field is shown as the red 
trajectory in Figure 12. From the trajectory curve, it can be observed that under the real-time guidance 
of the algorithm, the follower gradually moves toward the position of strongest upwash, with the 
optimization path converging to the optimal point. 

 

Figure 12. Flight path of the Follower during GD. 

CFD numerical simulations are used for validation to verify whether the position at which the 
algorithm converges is optimal, as shown in Figure 13. Specifically, using the converged position 
from the algorithm as the reference point, the follower aircraft is displaced laterally to the left and 
right by 1%, 2%, 5%, 10%, and 20% of the wingspan distance. The drag coefficients at each position 
are then calculated and compared. From the CFD results shown in Figure 14, it can be observed that 
the drag coefficient at the GD algorithm’s converged position is the lowest, and it is approximately 
15.14% lower than the drag coefficient of the solo flight, proving that the position obtained by GD-
driven UAV is indeed the optimal one. 
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Figure 13. Vortex strength contour plot for two aircraft. 

 

Figure 14. Drag coefficient of the Follower1 at various lateral positions. 

4.2.2. Heterogeneous Formation 

To verify the effectiveness of the proposed method in heterogeneous formations, this paper 
constructs a typical heterogeneous two-aircraft formation case with a large wingspan leader UAV 
(Large UAV) and a small wingspan follower UAV (Small UAV). First, the wake field of the leader 
UAV is computed using CFD, as shown in Figure 15. 
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Figure 15. Distribution of the z-components of the velocity behind the leader. 

The follower aircraft is initialized at a position relative to the leader aircraft at (3 ,0.7 )b b . During 
the optimization process, guided by the GD algorithm, the follower aircraft adjusts its relative 
position in real time. The sensor recordings during this process are shown in Figure 16, where the 
horizontal axis represents the number of iterations. The upper and middle subplots correspond to 
the angle of attack data measured by the dual sensors and the estimated local upwash velocity, 
respectively. As the follower aircraft gradually moves towards the wake upwash region, the 
measurement from Sensor 1 (left sensor) first increases to the strongest upwash point, then decreases 
and stabilizes as the aircraft continues to move. The measurement from Sensor 2 (right sensor) 
gradually increases and stabilizes. The bottom subplot shows the objective function, which exhibits 
a clear decreasing trend and eventually stabilizes around a constant value, indicating that the 
algorithm has converged. Unlike the homogeneous formation, in the heterogeneous formation, the 
leader aircraft is larger, resulting in a stronger induced wake field, which provides the follower 
aircraft with stronger upwash and drag reduction benefits. 

 
Figure 16. Sensor data and objective function of Follower. 
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The flight trajectory during the position optimization process is recorded, as shown in Figure 17, 
where the red trajectory represents the movement of the follower aircraft during the real-time 

optimization process. The follower aircraft eventually converges to position (0.73 ,0 )b b . 

 

Figure 17. Flight path of the Follower during GD. 

To confirm that the position to which the GD algorithm converges is indeed the optimal one, 
CFD simulations are used for validation, as shown in Figure 18. The CFD results are presented in 
Figure 19, where it can be seen that the drag coefficient at the converged position is the lowest, and 
the drag reduction efficiency is the highest, thereby validating that the converged position is the 
optimal one. Furthermore, compared to solo flight, the follower aircraft experiences a drag reduction 
of approximately 24.48%, demonstrating that the large wingspan leader aircraft provides 
significantly stronger aerodynamic benefits to the follower. 

 
Figure 18. Vortex strength contour plot for two aircraft. 
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Figure 19. Drag coefficient of the Follower at various lateral positions. 

4.3. Result Discussion 

From the simulation results of two typical scenarios, homogeneous two-aircraft formation and 
heterogeneous two-aircraft formation, the following conclusions can be drawn: 

• Real-time optimization is effective: In the above scenarios, the PI-Model based on onboard 
sensor wake identification, and the GD optimization algorithm both achieve stable convergence. 
This ensures that the follower aircraft quickly finds the optimal formation position, meeting the 
real-time formation control requirements and demonstrating potential for practical application； 

• Position accuracy validation: CFD validation shows that the relative positions obtained using 
the proposed method result in drag reduction efficiencies of 15% and 25% under different 
conditions, respectively, compared to solo flight. The lateral steady-state error in position 
optimization is controlled within 1% of the wingspan, proving the algorithmʹs satisfactory 
accuracy and effectiveness. 

5. Conclusions 

This paper focuses on aerodynamic energy optimization for fixed-wing UAV formation flight in 
complex scenarios, aiming to address the limitations of traditional aerodynamic simulation 
optimization in terms of efficiency. A bio-inspired approach is proposed, utilizing the PI-Model based 
on onboard sensor. The modelʹs accuracy and its effectiveness in estimating formation aerodynamic 
effects are validated through comparison with CFD results. Furthermore, to verify the effectiveness 
and accuracy of the proposed method, a series of typical formation scenario simulations are designed 
and conducted, covering both homogeneous and heterogeneous two-aircraft configurations. By 
analyzing the convergence performance and optimization effects, the performance of the proposed 
method in formation position optimization is evaluated. The paper can be summarized as follows: 

1. The wake vortex estimation method, PI-Model, proposed in this paper minimizes the wake-
induced velocity residuals using the IPIO algorithm, enabling accurate identification of key 
wake vortex parameters and significantly enhancing the accuracy and versatility of wake 
velocity estimation. Compared to CFD results, the PI-Model improves the precision of wake 
field velocity sensing and formation aerodynamic effect estimation. Additionally, the PI-Model 
samples the real-time wake field using a multi-sensor system with two ADS units, ensuring 
high estimation performance while significantly reducing hardware and computational costs. 
This makes the method suitable for deployment on low-cost UAV platforms and demonstrates 
its potential for application in multi-UAV complex formation scenarios； 
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2. PI-Model enables online estimation of parameters through real-time individual sensor 
feedback, providing "wake tracking" capability. Compared to other formation aerodynamic 
modeling methods, this approach allows for dynamic updates of wake changes, improving the 
accuracy of wake vortex estimation. In formation scenarios, this results in the continuous 
identification of the optimal position, thereby enhancing the aerodynamic benefits of the 
formation; 

3. The effectiveness of the wake vortex estimation and formation optimization methods is 
validated through the construction of formation simulation. In various scenarios presented in 
this paper, the formation positions achieved stable convergence. Compared to solo flight, the 
drag reduction efficiency of the follower aircraft in the formation flight reached 15% and 25% 
under different conditions. CFD validation confirmed that the steady-state error at the 
converged position was controlled within 1% of the wingspan, demonstrating the satisfactory 
accuracy and effectiveness of the proposed method. 

In summary, the PI-Model based on onboard sensor and online identification proposed in this 
paper demonstrates strong performance in terms of accuracy, efficiency, and versatility. This method 
provides a feasible and low-cost approach for achieving fast, adaptive, and energy-efficient 
formations, with potential for scaling to larger heterogeneous mixed UAV fleets for collaborative 
flight missions. It holds significant theoretical importance and engineering value for improving the 
airspace utilization, energy efficiency, and mission coordination of future UAV swarms. To further 
enhance this method and increase its practicality, in-depth research is needed to address the complex 
environments that may be encountered in real-world applications. 

Future research will focus on the following key areas: First, the proposed method will be 
validated through actual flight tests, considering the tracking performance of the flight controller. 
Second, the impact of meteorological disturbances in real flight environments and the effect of real 
sensor noise on the wake model estimation accuracy and optimization algorithm will be investigated. 
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