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Formation flight is known for improving the overall aerodynamic efficiency of a pair
of aircraft. This work presents a bio-inspired tracking strategy that correctly positions
the follower in the wake of the leader in order to optimize the benefits of formation
flight, i.e. optimize apparent drag reduction. A simplified aerodynamic model based
on Prandtl’s lifting line theory enables to compute the 6 degrees-of-freedom dynamics
of the follower under the influence of a leader wake. Those dynamics are controlled
over time thanks to a speed-control autopilot, while a neural networkmodifies the speed
target according to the follower dynamics. Indeed, the follower dynamicmeasurements
are used to train the neural network through the reinforcement learning framework,
drawing inspiration from the trial and error of animal learning. The use of the
follower dynamics as unique control measurements ensures a total independence of the
tracking method from direct measurements of the leader wake position. Simulations
demonstrate the goodperformances of this new reinforcement learned trackingmethod
when dealing with a simple two-aircraft formation as well as with more challenging
configurations involving a larger flock.

Nomenclature
an = action vector
ÆR = aspect ratio
b = wing span
∆tupdate = learning time step
F f = [Fx, Fy, Fz]

T = aircraft forces
Γ = circulation
M f = [Mx, My, Mz]

T = aircraft torques
(oxiyizi) = inertial frame
(oxacyaczac) = aircraft frame
on = observation vector
φ, θ, ψ = angles of roll, pitch and yaw
p, q, r = roll, pitch and yaw rates
rn = reward
ρ = air density
uc = [δAil, δVTP, δHTP, δth]

T = control commands
U∞ = reference velocity
Va = [Ua,Va,Wa]

T = relative air speed
V f = [Uf ,Vf ,W f ]

T = follower aircraft speed
∆ ÛV f = [∆ ÛUf ,∆ ÛVf ,∆ ÛW f ] = Acceleration differences in translation
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∆ Ûω f = [∆ Ûp,∆ Ûq,∆ Ûr] = Acceleration differences in rotation
x f = [x f , y f , z f ]T = follower aircraft position
[.]Ti = components in the inertial frame
[.]Tac = components in the aircraft frame

I. Introduction
Formation flight is known to improve the efficiency of a two-aircraft formation (leader+follower), as

proven by early investigations [1, 2]. Indeed, the follower benefits from substantial apparent drag reduction
when flying in the upwash region of the leader wake. This bio-inspired technique can therefore lead to
significant fuel savings as showed either in a military context [3, 4] or more recently in commercial aviation
[5].

Whereas birds usually fly in close formation, civilian applications rather target the concept of extended
formation flight [6], that better adresses safety concerns. In that case, the follower is flying several tens of
wingspans downstream of the leader. The follower still benefits from a positive interaction as the leader wake
vortices are strong, long-lasting structures. However, simplified linear analysis [7] has shown that 50% of
the benefit is lost if the follower cannot maintain a lateral and vertical relative position within 10% span of
the leader, wings tip to tip. This has also been confirmed experimentally [8]. Because of that sensitivity to
position, an accurate tracking of the wake position is thus mandatory in order to perform efficient extended
formation flight.

The tracking of the wake vortices is not a new concept, yet most of the methods studied were so far
focusing on the detection of wake hazards in the airspace or runways surroundings. The direct measurement
of the flow field has been envisioned, through the use of an on-board LIDAR [9], or ground-based acoustic
devices [10]. However, such complex technologies pose a significant challenge for on-board operational use
also from the perspective of both cost and weight. Alternative solutions have been envisioned through the
processing by an Ensemble Kalman Filter (EnKF) of distributed pressure measurements in order to determine
parameters of the wake that influence the follower [11] (i.e. position and circulation). However, this technique
also suffers from the need of specific instrumentation to be installed on board of the follower. This has led the
authors of [12] to conduct a similar study based on measurements coming from simplified dynamics of the
follower. That use of flight dynamics measurements showed promising results for the detection of the wake
parameters [12] and motivated the development of a wake tracking strategy based on the 6 degrees-of-freedom
(6DOF) dynamics of the follower ∗ [13].

Drawing inspiration from a bird that learns formation flight through experience, the present work focuses
on the tracking of the optimal position in the wake of a leader through the use of a deep learning algorithm
within an adapted simulation framework. Indeed, all the methods described in [11–13] require the use of
wake vortex models. Learning how to fly in the wake of one or even several leaders offers an adaptative
solution able to react to unpredicted behaviors or complex environment without a predetermined model of the
vortices. The use of deep learning algorithms for flow problems is not new, and covers wide applications
from flow classification [14, 15] and forecasting of turbulent environment [16], to the load alleviation on
wind turbines [17]. Among those algorithms, the Reinforcement Learning (RL) approach is used in [18]
where fishes learn to school, leading to collective energy savings. The authors of [19] manage to teach a
glider how to exploit thermal soaring with a similar approach. The RL framework gives therefore promising
results in energy saving applications, but has never been applied to the challenging problem of wake tracking
we tackle in this work.

The present study is intended to investigate the use of a RL technique to teach a follower how to fly
optimally in the wake of a leader in order to benefit from the maximum induced lift. The learning process
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uses a model based on the Prandtl lifting line theory in order to characterize the aerodynamics of the follower.
It also captures the leader wake vortices. The follower uses its translational and rotational accelerations
measurements to determine the speed required to converge towards an optimal position. The designed strategy
is first tested on a two-aircraft formation. We show that the follower is able to find the sweet spot in the wake
of the leader. We then demonstrate the performance of the tracking strategy on a larger formation that follows
the oscillating movement of a leader. We finally discuss the benefits and drawbacks of the proposed approach.

This paper is organized as follow. In Section II, we present the aerodynamic model characterizing the
process, and we then describe the training process associated to this framework. The results are presented in
Section III, first by validating the learned tracking strategy in the case of a single aircraft flying in the wake of
leader, second by assessing the performance of the strategy on a larger formation. We close this work with
conclusions and perspectives in Section IV.

II. Methodology
The proposed tracking strategy is based on the structuring of the follower control into a hierarchy of

tasks, from high-level to low-level ones. It takes the form of a two-block architecture, as shown in Fig. 1. An
autopilot computes the control surfaces (i.e. the aileron δAil , the rudder δVT and the elevator δHT deflections)
and the thrust command δTh of the follower in order to make it fly at a reference speed V re f

f
. This reference

is provided by a neural network that is trained thanks to reinforcement learning (RL).

Autopilot

Low-level control

Trained Neural 

network

High-level control

Target Speed

Vref

f

Control Commands

[δAil, δVT, δHT, δTh]

Acceleration differences


[Δ ·Vf , Δ ·ωf]

Aircraft Dynamics


[Vf , xf , p, q, r, ϕ, θ, ψ]

Reinforcement

 Learning

Figure 1 RL-based aircraft controller: the standard aircraft autopilot is fed with a target speed
V

re f
f

that guides a follower towards the optimal position in the wake of a leader. This target is provided
by a high-level control made of a neural network trained thanks to reinforcement learning.

RL is a process by which the agent (in this case, a follower) learns to earn rewards through trial-and-error
interactions with the environment (in this case, an atmosphere perturbed by a leader wake). This trial-and-error
procedure requires to perform a large set of simulations of the interaction of the agent with its environment in
order to get experience. While Large-Eddy Simulations (LES) of a two-aircraft formation, as presented in
[12, 13], accurately models those interactions, they are not computationally affordable when given the number
of samples required to converge the learning process. Therefore, we leverage some of the tools developed in
[13], in particular a simplified and affordable 6DOF aerodynamic model of an aircraft which will be used for
the learning procedure. First we describe this model, then we present the high-level control based on RL. We
finally outline the learning process.
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A. Aircraft aerodynamics and dynamics.
The Prandtl Lifting Line (PLL) theory constitutes the core of the aerodynamic model. As depicted in

Fig. 2, the follower aircraft is located at the position x f = [x f , y f , z f ]Ti in the inertial frame (oxiyizi) and
comprises three straight lifting lines representing the wing, the vertical tail plane (VTP) and the horizontal
tail plane (HTP). In this model, the wake of an aircraft is made of one flat vortex sheet produced by the wing,
and the two perpendicular vortex sheets produced by the tail due to the HTP with the VTP. All those vortex
sheets are assumed to go straight to infinity.

Γ0,L

b0,L

Vind(x, t)

yi

xi

zi

o

Environment

yac

xac

zac

o

α

β Va(x, t)
Γ(y)

Γ( y )Γ(y) xf (t)

Vf (x, t)Agent

Action

an

ObservationReward
onrn

on+1

rn+1

Figure 2 Reinforcement Learning (RL) framework made of the agent, the perturbed environment
with its effect on the agent, and the RL iterations.

The wake of the leader is modeled as two counter-rotating vortex tubes of circulation Γ0,L and spacing
b0,L inducing the upwash Vind(x, t) on the follower wing. Using the Prandtl lifting line theory, one computes
the circulation distribution along each one of the lifting lines, solving the integro-differential equation that
relates the circulation with the relative air velocities along the lines Va(x, t) (i.e. the combination of the
velocities induced by the follower movement, the leader’s wake and the lifting lines themselves). Note
that this constitutes a quasi-steady assumption, where the wake instantaneously propagates to infinity. The
forces F f = [Fx, Fy, Fz]

T
i and the moments M f = [Mx, My, Mz]

T
ac can be deduced thanks to the circulation

distributions. The integration of the accelerations ÛV f = [ ÛUf , ÛVf , ÛW f ]
T
i (in the inertial frame (oxiyizi)) and

angular accelerations Ûω f = [ Ûp, Ûq, Ûr]Tac (in the aircraft frame (oxacyaczac)) allows the integration of the
position, attitude and velocity over time [20]:

m ÛV f = F f (1)
Ûx f = V f (2)


Ix Ûp − (Iy − Iz)qr = Mx

Iy Ûq + (Ix − Iz)pr = My

Iz Ûr − (Ix − Iy)pq = Mz

(3)


Ûφ

Ûθ

Ûψ

 =

1 sin φ tan θ cos φ tan θ
0 cos φ − sin φ
0 sin φ sec θ cos φ sec θ



p
q
r

 (4)

where x f = [x f , y f , z f ]Ti and V f = [Uf ,Vf ,W f ]
T
i are the position and velocity of the aircraft, [φ, θ, ψ]T and
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ω f = [p, q, r]T are the angular positions and angular body rates, m is the mass and Ix , Iy , Iz are the products
of inertia.

We associate this complete 6DOF dynamics to the afformentioned autopilot designed to pilot the control
commands of the aircraft (i.e. δAil, δVT , δHT and δTh). Those control commands modify the aerodynamic
loads on the lifting surfaces, which in turn modify the dynamics of the aircraft. The autopilot is designed to
make the aircraft fly at a desired speed Vre f

f
= [Ure f

f
,Vre f

f
,Wre f

f
]Ti in its environment; it is much akin to

what is done in [21]. In the scope of this study, the aircraft always maintains a fixed longitudinal target speed
(Ure f

f
remains constant), while the targets for the vertical and lateral speeds (i.e. in the (oyizi) plane) change

during the learning process, i.e. Vre f
f

and Wre f
f

vary over time. Indeed, as mentioned in Section I, the wake
surfing benefit is highly sensitive to the lateral and vertical relative position, which justifies to investigate a
learning strategy considering only the (oyizi) plane.

B. High-level control based on Reinforcement Learning
The high-level control of the wake tracking strategy consists in a deep neural network. It constantly

modifies the target speed of the follower according to accelerations measurements. We use RL to train this
neural network. The iterative procedure of the RL algorithm is presented in Fig. 2. At every learning step n,
the agent gets the observation vector on from the environment and takes an action an. The agent is given
some reward rn+1 and gets a new observation vector on+1. The ultimate goal of RL algorithms is to find the
optimal mapping, called a policy π∗(an |on), between the observations and the action, given an objective
function J(π). For each observation on, the optimal policy maximizes the return gn =

∑∞
k=0 γ

krn+k+1, i.e. the
sum of discounted future rewards, with γ the discount factor. Let us clearly define the observations, actions
and reward as well as the RL algorithm used.

Observations, actions, reward
From the environment perspective, the agent is defined by the actions it performs. The follower is able

to change its position within the perturbed environment, thanks to the autopilot and the modification of the
target in the (oyizi) plane. The actions performed by the follower are therefore a modification of the targeted
speeds Vre f

f
and Wre f

f
for the lateral and vertical behaviors respectively. This is the action space

A : an =

{
Vre f
f

Wre f
f

. (5)

Another fundamental aspect of the RL problem for wake tracking consists in the observations the follower
can perform in its environment. This is the observation spaceO. As we want to optimize the apparent drag
reduction of the follower, compared to a similar aircraft that flies in the similar unperturbed conditions, we
compute the accelerations ÛV f and angular accelerations Ûω f experienced by the follower when moving in its
environment. Then, we compare them to the accelerations ÛV isol

f and Ûωisol
f of an identical but isolated aircraft,

flying at the same speed, and subjected to the same control commands, but not subjected to the influence of a
perturbed environment (i.e. flying in a clean atmosphere). This allows to compute the acceleration differences
∆ ÛV f = ÛV f − ÛVisol

f
and ∆ Ûω f = Ûω f − Ûωisol

f which are the potential observations provided by the learning
follower in its environment, as depicted in Fig. 3. Acceleration measurements are coherent with biological
sensors as described in [19]. In addition, their variations when the follower moves in the (oyizi) plane are
closely related to the proximity of wake vortices [22] which justifies their use in the context of wake tracking.
In addition to the acceleration differences, the actual speeds of the aircraft are also used as observations. This
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gives all the potential observations

O : on =


Vf ,W f

∆ ÛUf ,∆ ÛVf

∆ Ûp,∆ Ûq,∆ Ûr

. (6)

Follower

Wake

yi

zi

o ·Vf
Isolated Aircraftyi

zi

o

·Visol
f

Δ ·Vf

Figure 3 Compute of the difference of the accelerations perceived by the follower when flying in the
wake of a leader.

We do not use the difference in vertical acceleration ∆ ÛW f as a potential observation, as we use it as the
reward rn provided by the environment to the agent. Indeed, the position of the maximum induced lift (and
therefore maximal vertical acceleration) has been proven to be close to the optimal flying position in the wake
of a leader [22]. Also, in order to fasten the convergence towards this optimal position, we get inspired by
the work of Reddy [19] and we use a reward that linearly combines the difference in vertical acceleration
∆ ÛW f and the variation of this difference achieved over the subsequent time step. That is for better learning
performance. We have

R : rn = ∆ ÛW f + τ
d∆ ÛW f

dt
, (7)

where τ is a fine-tuned control parameter.

Algorithm
We use an off-policy model-free reinforcement learning algorithm called Soft Actor Critic (SAC) [23] in

order to train the neural network. SAC is part of the maximum entropy reinforcement learning methods. It
therefore uses an entropy augmented objective function

J(π) = E
π

[
∞∑
n=0

γnrn(on, an) − α log (π(an | on))

]
, (8)

with α the positive entropy parameters. It explicitly controls the explore-exploit tradeoff, with higher
α corresponding to more exploration, and lower α corresponding to more exploitation. SAC provides
sample-efficiency learning and a low sensitivity to hyper-parameters while retaining the benefits of entropy
maximisation and stability. This makes it a state-of-the-art model-free deep RL method [23].

We use TensorFlow [24] to build the fully connected neural network used in the tracking controller. It is
made of 4 hidden layers with 64 neurons with relu as activation function. The size of the input layer depends
on the number of observations used (this is discussed in Section III.A) while the output one comprises 2
neurons, one for each component of the action. The neural network is trained thanks to the open-source SAC
implementation of Stable Baselines [25].
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Learning process
The learning process implies going through two steps. The first one consists in training the aircraft so that

it learns the optimal policy π∗(an |on). For this first step, numerous learning episodes are performed using the
aerodynamics model from Section II.A. At the beginning of each episode, the wake of the leader (assumed
to always be the same) is reset at the same initial position in the (oyizi) plane, and it starts to follow an
oscillatory trajectory in that same plane, and whose amplitude and frequency is chosen randomly. Regarding
the follower, it starts from a different position at each episode, and performs the actions asked by the learning
algorithm. The performance of the follower will slowly increase as we go along the successive episodes. An
episode ends when an observation on exceeds given boundaries, or when it has reached 200 learning steps
(i.e. a time interval ∆tupdate).

The second step consists in testing the trained policy. This consists only in exploiting what has been
learned. This is done by using once again the aerodynamic model, in order to compute the aerodynamic
performances achieved by the follower (i.e. consumption) when it flies in the wake of a leader.

III. Results
In this section, we first focus on the result of the training of the neural network, starting with an analysis

of the acceleration differences. We investigate their relevance in the context our RL-based tracking strategy.
We then use the trained tracking strategy for a follower first flying in the wake of a fixed leader, then following
the wake of a moving one. The performances of the controller are finally discussed. For all the subsequent
simulations, we assume that all the aircraft are identical and fly at the cruise speed U∞. Their geometrical
parameters are given in Table 1.

Wing HTP VTP
Span b bh/b = 0.26. bv/b = 0.22
Aspect ratio ÆR = 7.5 ÆRh = 4 ÆRv = 4
Chord distribution Elliptic Rectangle Rectangle
Incidence α0,w = 4◦ α0,h = 1.42◦ α0,v = 0◦

Lift Slope a0 = 2π a0 = 2π a0 = 2π
main wing lift factor CL,w/ÆR = 0.1

Table 1 Geometrical parameters of the aircraft

A. Training of the neural network

Acceleration differences
We display the acceleration differences ∆ ÛV f = ÛV f − ÛVisol

f
and ∆ Ûω f = Ûω f − Ûωisol

f for different positions of
a follower in the wake of a leader (located in (0, 0) in the (oyizi) plane) in Fig. 4. The acceleration differences
∆ ÛUf , ∆ ÛW f and ∆ Ûq are symmetrical with respect to the vertical axis (ozi), while the acceleration differences
∆ ÛVf , ∆ Ûp and ∆ Ûr are assymmetrical with respect to that same axis.

The six graphs are obtained by trimming the control commands of the follower for each one of the positions
in the (oyizi) plane, while the leader is fixed, using the aerodynamics model described in Section II.A.
The follower therefore maintains a steady configuration, as the aerodynamic loads induced by the control
commands balance the effect of the incoming wake. This results in zero accelerations for the 6 DOF of the
follower. However, the same aircraft using those same control commands, but without any external influence
this time, experiences non-zero accelerations. This explains non-zeros acceleration differences in the graphs
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Figure 4 Contour plots of the differences in acceleration of the follower in the wake of the leader.

in Fig. 4. As an example, let us study the difference ∆ ÛUf for a position close to the optimal one in (1, 0) in
Fig. 4a; it is positive. When trimmed at that position, the follower benefits from an apparent drag reduction
because positioned in the vicinity of the wake. The thrust required to maintain that position is therefore of
lower amplitude than the one required to maintain a position in an unperturbed atmosphere. An aircraft using
that thrust would therefore be subjected to a negative acceleration along that axis, which explains the positive
difference. The asymmetry of ∆ ÛVf and ∆ ÛW f with respect to the horizontal axis z = 0 is explained by the
asymmetry of the modeled aircraft, whose VTP is positioned above the HTP.

Convergence of the learning process
The results of the previous section indicate that relevant information can be obtained from acceleration

differences and aircraft dynamics, in order to track the optimal position in a wake, without additional hardware
instrumentation aboard compared to other tracking methods [11]. Indeed, a combination of those differences
enables to map the environment around a wake. Associated to the actual speed of the follower, the control
strategy will guide the latter towards an optimal position.

As mentioned in Section II.B, the difference in vertical acceleration ∆ ÛW f is chosen as the reward rn as it
has been proven to be close to the optimal flying position in the wake of a leader. Therefore, it cannot be
used as an observation. We will not use the longitudinal acceleration ∆ ÛUf neither, as it is directly related to
the drag which is difficult to measure directly in practice. On the contrary, the roll moment induced by a
surrounding wake is known to be significant. The acceleration difference in roll ∆ Ûp needs therefore to be used
as an observation of the environment. We investigate the use of other measurements in addition to ∆ Ûp in
Fig. 5. This figure presents the statistical properties of the total return over the learning process: we evaluate
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the performance of twenty different instances of each combination.
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Figure 5 Training curves of the RL algorithm for different combinaisons of observations. ( :
[∆ Ûp,∆ Ûr], : [∆ Ûp,∆ ÛVf ] , : [∆ Ûp,∆ Ûr,∆ ÛVf ], : [∆ Ûp,∆ Ûq,∆ Ûr,∆ ÛVf ]). The two graphs present the average
and standard deviation of the total return gn according to the number of learning steps performed.

We first investigate the use of one additional measurement, chosen between the lateral acceleration
and yaw acceleration ∆ Ûq. Indeed unlike the pitch acceleration ∆ Ûq, they both show an asymmetry with the
horizontal axis (oyi), which enable to distinguish between an upper or a lower position compared to the leader
(see Fig. 4). None of them gives better results compared to the other in terms of mean or standard deviation.
The use of both of them in addition to ∆ Ûp improves the average mean provided by the algorithm, while
still keeping an important standard deviation. We finally choose to use a combination of all the remaining
accelerations (i.e. [∆ Ûp,∆ Ûq,∆ Ûr,∆ ÛVf ]), that gives a high average return, while reducing the standard deviation.

B. Tracking strategy behind a static leader
We apply the RL-based tracking strategy to a follower behind a fixed leader. We assume that the

accelerations and dynamics of the follower can be effectively measured.
Fig. 6a is a visual representation of the convergence process performed by the follower towards the optimal

position while Fig. 6b, Fig. 6c and Fig. 6d are time histories from that same simulation, with initial condition
(
y f ,0
b ,

z f ,0
b ) = (2.5,−1.5). The follower takes a period t ' 150t∗ (with t∗ = b

U∞
the convective time), to reach a

steady position, as clearly observed in Figs. 6c and 6d. We also observe the discontinuous reference speeds
Vre f
f

and Wre f
f

that are computed by the trained neural net; they correspond to the action an taken by the
aircraft. The update is performed at a rate ∆tupdate = 6.8t∗, which corresponds to the response time of the
autopilot to a speed setpoint. The actual speeds Vf and W f are therefore running with a lag close to this
response time.

Fig. 6b presents the reward rn received by the follower during its maneuver. We observe that the steady
reward is not the maximum one the follower receives during the maneuver. This is explained by the second
term of the definition of the reward in Eq. (7). This derivative term gives a higher reward when the follower
takes an action leading to an increase of vertical acceleration ∆ ÛW f over one learning step ∆tupdate, which
stimulates the convergence for distant positions compared to the leader. It also stimulate a rapid convergence
towards the optimal position, and disappear when the follower reaches a steady position. Because the learning
algorithm seeks to maximize the cumulative reward over time (and not the instantaneous one), we explain that
the steady reward can be smaller than some observed during the transitional phase.

The best indication of the benefits of formation flight is also shown in Fig. 6b where we present the trust
command δTh applied by the aircraft over time. It is compared to the thrust command δTh,0 that the same
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Figure 6 Performances and trajectory of a follower that converges towards the optimal position in
the wake of a leader.

aircraft would have to applied in order to fly in a steady environment at the cruise speed U∞, outside any
wake. At the steady state, the model predicts a 60% thrust reduction at the optimal position. This reduction is
overestimated compared to experimental results [1, 3] which have shown up to 20% apparent drag reduction.
This overestimated prediction is explained by the aerodynamic model used that does not take into account any
parasitic drag on the aircraft, but only the induced drag. The predicted thrust reduction thus only reflects the
reduction in induced drag, and also does not take into account additional drag that could appear because of the
wakes interactions. The even higher reduction observed at t ' 90t∗ is explained by the downward movement
of the follower that benefits from the gravity to maintain the desired speed V f . Let us mention that a realistic
aircraft would not enforce such a stiff control of its nominal speed U∞, and would therefore not show such
important excursions of the thrust command δTh as the ones observed on Fig. 6b.

C. Tracking strategy behind an oscillating leader
We now apply the exact same RL-based tracking strategy, this time for formation of four aircraft,

where three followers track their predecessor wake and should therefore reproduce the oscillating maneuver
performed by the leader. Fig. 7 presents snapshots of that formation over time.
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Figure 7 Evolution of a four-aircraft formation over time. The leader ( ) performed an
oscillating maneuver while the followers ( ) use the RL-based controller in order to track the
optimal position in the wake of their predecessor in the formation
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We first observe that all the followers manage to keep the appropriate position in the wake of their
predecessor. The RL-based controller is thus robust enough to deal with a complex environment for which
it was not designed. Indeed, as described at the end of Section II.B, the learning process was performed
assuming that the follower was flying in the wake of a single leader. While the first follower benefits from
this favorable condition, the next two are influenced by more than one wake. This explains they do not
reproduce the trajectory of the leader with the same accuracy as the first follower does. Also, the deviations
performed by a follower tend to be reproduced or even amplified by the next one in the formation. Indeed, the
wake produced by a predecessor is the result of its searching trajectory, which might lead to oscillations or
"overshoots" as observed in Fig. 6a. The successor in the formation also behaves accordingly, and therefore
tracks those tracking deviations. This is another explanation for the progressive degradation of the trajectory
along the formation.

D. Results discussion
The learning strategy implemented in the previous sections assumes that the leader wake intensity Γ0,L

is known to the follower, and remains constant over time (as described in Section II.B). Indeed, even if not
directly provided to the follower, the acceleration maps presented in Fig. 4 are in a certain way "assimilated"
by the follower during the exploration phase of the learning process. If Γ0,L changes (i.e. different leading
aircraft, or progressive decrease over time), the intensity of the acceleration differences changes, which
modifies those maps. The follower will act as if those maps had not changed, and the position he will reach
will not be the optimal one for this new situation, as observed in Fig. 8. This simulation reproduces the exact
same flight configuration as the one described in Section III.B, except for the the wake intensity Γ0,L . It
therefore shows the influence of this parameter on the trajectory of the follower, particularly on the steady
position reached. In Fig. 8a, we observe that the follower tends to move away from the optimal position when
the wake intensity increases, while it tends to line up with the leader wake when it decreases. This latter
behavior is particularly dangerous, and unfavorable as the follower might enter the downwash area of the
wake. The modification of Γ0,L also leads to an oscillatory behavior of the follower, as observed in Fig. 8a.
Indeed, the tracking strategy has learned to converge towards specific values of the acceleration differences
that map the environment. Now that this mapping has been modified, the strategy indefinitely searches for
those values without ever reaching them.
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Figure 8 Trajectory of followers impacted by wakes of various intensity (compared to the reference
case Γre f0,L ) ( : Γ0,L/Γre f

0,L = 1), ( : Γ0,L/Γre f
0,L = 1.5), ( : Γ0,L/Γre f
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While we have just highlighted the influence of the uncertainty of Γ0,L on the performances of the tracking
strategy, similar analysis can be performed to all the parameters of the model used. In particular, even if
not discussed in this work, the uncertainty on the "isolated aircraft model" (as described in Section II.B)
would have a significative influence on the accuracy of the tracking strategy and would thus require further
investigations.

IV. Conclusions
This study presents a bio-inspired wake tracking strategy that guides a follower to the optimal position in

the wake of a leader in order to optimise the benefits of formation flight. To this end, a trained neural network
provides velocity set-points to the autopilot of the follower that controls its 6 degrees-of-freedom dynamics.
The resulting aerodynamic loads are computed thanks to a simplified, yet accurate aerodynamic model based
on Prandtl’s lifting line theory. The reinforcement learning framework is used to train the neural network
based only on dynamic measurements of the follower. This ensures a total independence of the tracking
method from direct measurements of the leader wake position.

After a convergence analysis of the RL algorithm with respect to the measurements used for the learning,
two different flight configurations were studied. In the first one, we investigated the performance of the
tracking strategy performed by a follower that flies towards the optimal position in the wake of a static leader.
Rapid convergence and important drag reduction were observed. In the second one, we analysed the behavior
of the tracking strategy when applied to four aircraft flying one behind the other. We showed that the tracking
strategy was robust enough to deal with this more complex environment, even if inaccuracies were highlighted
in terms of relative positioning of the aircraft. Indeed, we showed that the tracking strategy remained limited
by its strong dependence on the dynamic properties of the follower and the properties of the leader wake
(e.g. wake intensity). The parameters used during the learning process also oriented the performance of the
tracking strategy, which is not desired for a robust application.

Further work will thus consist in providing the neural network with alternative observations of the
environment, in order to no longer be dependent on a specific flight configuration, but rather be robust to
complex environments. Dealing with uncertainties is another way of improving this first study of reinforcement
learned wake tracking strategy. Thanks to the flexibility of the RL framework, and those promising results,
such improvement can clearly be envisioned in the context of formation flight.
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