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PhD thesis description

Context

High maneuverability, short take-off and landing capabilities and highly energy efficient flight (e.g. dnamic
soaring) are key challenges for aircraft, such as civilian and military Unmanned Air Vehicles (UAVs). Yet,
it is not straightfoward to include these capabilities in the aircraft design phase. In nature, birds and fishes
demonstrate astonishing flight agility during prey capturing and landing in harsh environments (e.g. perching
in a gusty environment). These flight phases generally imply extreme maneuvers like fast turns and severe
deceleration. Natural species have benefited from millions of years of evolution, which could inspire engineers
to develop short take-off and landing UAVs and highly maneuverable submarines, for instance. However, the
underlying flow physics is generally complex [1] and not well understood. In addition, physical mechanisms
at play are highly unsteady and non-linear, which makes the development of low order models challenging.
As such, how birds and fishes use unsteady flow phenomena to rapidly change their trajectory is still an
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open question. To address it, numerical and experimental approaches can be employed. In particular, a
maneuver kinematics can be defined and implemented in a Computational Fluid Dynamic (CFD) code to
understand prominent flow mechanisms, as shown in figure 1. However, several issues arise when addressing
more practical problems:

◦ The use of a parameterized maneuver/trajectory considerably reduces possibilities in terms of finding
new mechanisms relying on unsteady and non-linear physics.

◦ Determining optimal maneuvers from a reduced number of numerical simulations is a key challenge,
specifically in hazardous environments like urban environments and military theater of operation (ro-
bustness of the optimal solution).

These issues suggest that new approaches should be developped to address this specific need. In this
PhD thesis, we will focus on the use of reinforcement learning [2], an approach developped in the framework
of artificial intelligence and uncertain decision making, combined with numerical simulation of the unsteady
Navier-Stokes equations (i.e. CFD)
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Figure 1: Different maneuvers (pitch rate is fixed) of a 2D airfoil obtained through numerical simulations of
the Navier-Stokes equations

Goals

The goal of this PhD thesis is to develop a method combining a CFD code with a Reinforcement Learning
(RL) algorithm. This tool will be applied to 2D and 3D (possibly interacting) wings at low Reynolds numbers.
The use of unsteady Navier-Stokes simulations is required to capture the non-linear vortical dynamics of the
flow. The RL approach will, on the other hand, help generate a controller without a priori modelization or
parametrization of the problem, allowing to explore a large solution-space.

Work

This PhD thesis relies on a Master thesis at ISAE-Supaero that proved the feasability of coupling a rein-
forcement learning algorithm and the unsteady aerodynamics of a wing. In the different cases that will be
addressed, the goal of RL will be to learn an optimal control law that allows to generate the best possible
maneuver given a pre-defined criterion (i.e. cost function, also known as ‘reward’). Several criteria will be
tested, like minimizing flight energy or the path-length to achieve a given maneuver, in order to understand
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the correlation between ‘cost function’, ‘optimal maneuver’ and ‘underlying flow physics’. The thesis will
consists of three parts:

◦ Coupling the deep reinforcement learning algorithm and low order models with increasing complexity:
(i) flat plate with quasi-steady, inviscid aerodynamics and without gravity, (ii) taking into account
gravity and a simple boundary layer model (viscosity), (iii) unsteady flat plate with Theodorsen theory
and finally (iv) NL-VLM approach (Non-Linear Vortex Lattice Method, developped at ISAE-Supaero),
allowing a rapid computation of unsteady and non-linear effects. These models will help understand
the unsteady aerodynamics of the wing and will help produce guidelines for RL in this framework.

◦ Coupling the deep reinforcement learning algorithm and a CFD code used at ISAE-Supaero. Sim-
ulations of 2D wings at low Reynolds numbers will first be conducted. Specifically, 2 cases will be
addressed: (i) Re-play optimal kinematics obtained during the first phase (no learning), in order to
get further insight into the unsteady mechanisms at play and (ii) learn optimal maneuvers/kinematics
from CFD data. For this latter case, a feasability study has already been conducted to guarantee the
feasibility of task.

◦ Finally, learning on interacting 2D wings and the 3D wings will be performed.

The final goal of this PhD thesis is to obtain a first code with CFD/RL coupling to learn optimal control
laws for unsteady flows. Potential applications are numerous, from flow control (e.g. wake reduction), to
actuators optimization (e.g. unsteady jets) and to the investigation of optimal trajectory for aggressive
maneuvers and energy efficient maneuvers for long endurance UAVs that benefit from local aerology.
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Candidates

Candidates with a Master degree in fluid mechanics / mathematics / complex system engineering can send
their CV et recommendation letters to michael.bauerheim@isae.fr et thierry.jardin@isae.fr. A first experience
in reinforcement learning and/or CFD is a plus.
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