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The main objective of this paper is to introduce a transfer learning-enhanced deep reinforcement learning (DRL)

methodology that is able to optimise the geometry of any airfoil based on concomitant aerodynamic and structural

integrity criteria. To showcase the method, we aim to maximise the lift-to-drag ratio CL/CD while preserving the struc-

tural integrity of the airfoil –as modelled by its maximum thickness– and train the DRL agent using a list of different

transfer learning (TL) strategies. The performance of the DRL agent is compared with Particle Swarm Optimisation

(PSO), a traditional gradient-free optimisation method. Results indicate that DRL agents are able to perform purely

aerodynamic and hybrid aerodynamic/structural shape optimisation, that the DRL approach outperforms PSO in terms

of computational efficiency and aerodynamic improvement, and that the TL-enhanced DRL agent achieves performance

comparable to the DRL one, while further saving substantial computational resources.

I. INTRODUCTION

Airfoil design is key to improving the performance and

efficiency of various aerodynamic systems, such as aircraft

wings, turbine blades, and wind turbines1. Such design often

predicates on (i) achieving an optimal balance between two

aerodynamic forces –where one aims to maximise the aero-

dynamic lift and minimise the aerodynamic drag– while (ii)

maintaining structural integrity2. The aerodynamic balance

is often explicitly modelled as the lift-to-drag ratio CL/CD,

where CL and CD are the lift and drag coefficients. The op-

timisation problem can be formally stated as maximising an

objective function J(x), with x representing the airfoil design

parameters.

The two common strategies for airfoil shape optimisation

involve, respectively, using gradient-based or gradient-free

methods. The former methods rely on the computation of

∇J(x) to iteratively improve the design3,4. This approach is

computationally efficient –particularly with high-dimensional

design spaces–, making it a popular choice in aerodynamics

as highlighted by comparative studies5,6. The well-known ad-

joint method, introduced in Fluid Dynamics by the seminal

work of Pironneau7, is one prominent example of a gradient-

based technique; requiring a computational effort that scales

independently of the number of design variables. Subse-

quently, this method was refined by the so-called discrete ad-

joint method, becoming a widely used choice in this field8,9.

While gradient-based methods are generally efficient and very

popular in aerodynamic shape optimisation, they only have

provable local convergence, and thus for non-convex objec-

tive functions their performance is sensitive to the initial de-

sign point10 and function continuity3.

On the other hand, gradient-free methods offer an alternative

to complex, nonlinear optimisation problems that often appear

in aerodynamic design3,11. Despite their higher computational

cost compared to gradient-based methods, they are more ro-

bust at finding global optima and handling challenging objec-

tive functions3,4. Popular gradient-free methods deployed in

the context of airfoil shape optimisation include Genetic Al-

gorithms (GA)12 or Particle Swarm Optimisation (PSO)13–15.

As advanced, these methods are often limited by their compu-

tational demands and can be inefficient with very large design

spaces6. To partially bridge these issues, some recent efforts

to improve the computational efficiency of gradient-free meth-

ods include, e.g., parallel implementations, which can make

GAs viable even for intensive applications such as those in

aerospace engineering16.

Recently, deep reinforcement learning (DRL)17 has emerged

as a promising (gradient-free) tool for shape optimisation18,19.

DRL methods have demonstrated remarkable capabilities in

various domains, particularly when dealing with complex

high-dimensional data4. Their impact in fluid dynamics

studies and aeronautical applications belongs to a recently

but rapidly expanding research field that encompasses both

general-purpose ML-based fluid mechanics20–22, and their ap-

plication to several aeronautical problems23,24 with clear in-

dustrial impact25.

In the task of airfoil optimisation, a significant drawback of

training DRL algorithms lies in the computational cost asso-

ciated with solving the aerodynamic flow problem around the

airfoil for a concrete shape: while the most accurate approach

to solve the aerodynamic flow involves computational fluid

dynamics (CFD) techniques, its intrinsic high computational

cost requires opting for alternative, approximate solvers. For

instance, some recent studies employ panel methods such as

XFoil18,19 to approximate the aerodynamic performance of

airfoils, while some other studies26,27 focus on further re-

ducing optimisation costs by constructing surrogate models

instead. Although the latter offers faster training times and

smoother reward variations with respect to the agent’s actions
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2

–facilitating the learning process–, these approximate models

come at the price of a decrease in accuracy.

Interestingly, one significant advantage of recent deep learn-

ing methods in optimisation tasks is their potential to en-

hance their learning efficiency through so-called Transfer

Learning28,29: the possibility of pre-training a given model on

one task and subsequently fine-tuning it for a related but dif-

ferent task. Transfer learning could also be developed in the

context of DRL, accelerating the agent’s learning process by

reusing elements such as policies or feature representations

and effectively reducing the need for extensive exploration,

a particularly valuable trait in aerodynamic optimisation. To

the best of our knowledge this approach has been seldom ex-

plored, with a few encouraging exceptions for missile control

surface and airfoils28,30. The novelty we bring with respect to

these two works is a greater reduction of the cost when trans-

fer learning is applied, and the thorough implementation of a

suite of transfer learning-enhanced DRL framework for aero-

dynamic optimisation subject to structural constraints.

Additionally, note that most studies on airfoil shape

optimisation focus solely on maximising aerodynamic

efficiency18,19,26,28,31, without explicitly considering impor-

tant structural integrity constraints32 related, e.g., to the air-

foil’s area or thickness. Accordingly, there is a need to de-

velop shape optimisation frameworks that aim to maximise

the aerodynamic efficiency while preserving the structural in-

tegrity of the airfoil. This, we argue, can be interpreted as an

example of multi-objective optimisation26, which in practice

can be reduced to a single-objective one by suitable scalarisa-

tion.

To bridge these gaps, here we aim to explore the per-

formance of DRL (enhanced with different possible Trans-

fer Learning strategies) as a gradient-free framework for air-

foil shape optimisation that considers the concomitant role of

aerodynamic efficiency and structural integrity. To that aim,

we define a flexible reward function that combines (i) the lift-

to-drag ratio of the flow around the airfoil and (ii) the air-

foil’s maximum thickness. We initially train our DRL agent

using XFoil –both for aerodynamic optimisation alone, and

combined aerodynamic shape optimisation with structural in-

tegrity preservation– and show that the DRL agent is success-

ful at both tasks. At this point results are compared with

the ones obtained with Particle Swarm Optimisation, certi-

fying the advantage of DRL over more traditional gradient-

free methods. We then consider a Transfer Learning sce-

nario where the DRL agent is pre-trained using NeuralFoil33,

a faster-yet-less-accurate neural network surrogate model of

XFoil built using domain knowledge. After an initial pre-

training phase, we subsequently fine-tune the agent’s perfor-

mance through transfer learning, incorporating direct training

with XFoil. We compare four different transfer learning strate-

gies and demonstrate how this combined approach can be suc-

cessfully implemented, achieving accuracy levels comparable

to those obtained through direct DRL training with XFoil, but

at a reduced computational cost.

The rest of the paper is organised as follows. In Section II, we

introduce the whole methodology. We start by formalizing the

original multi-objective optimisation problem where aerody-

namic and structural integrity criteria yield two different ob-

jective functions, and we suitably combine these into a reward

function which effectively scalarises the problem into the

framework of single-objective optimisation. Then, we intro-

duce the reinforcement learning method and enhance it with

several transfer learning strategies. In Section III, we report

the results, comparing DRL agents with PSO (both) for pure

aerodynamic shape optimisation and aerodynamic/structural

integrity optimisation, trained with vs without transfer learn-

ing. Finally, in Section IV, we conclude.

II. METHODOLOGY

A. Problem under study in a nutshell

We consider the two-dimensional geometric optimisation

of an airfoil shape under fixed operating conditions. The con-

ditions chosen for the study are an Angle of Attack AoA = 2

degrees, a Mach number Ma = 0.5, and a Reynolds number

Re = 106. These represent a typical aerodynamic scenario for

subsonic flow, allowing us to investigate the optimisation of

airfoil shapes under conditions that are common in practical

applications. In general terms, we shall consider an airfoil

shape to be ‘better’ than another one when the aerodynamic

flow around the airflow shows an enhanced lift-to-drag ratio.

Accordingly, from an aerodynamic perspective the objective

function to be maximised is such ratio, which is computed by

applying an aerodynamic solver to any given airfoil geome-

try. Note, however, that aiming to optimise this ratio alone

can yield geometries whose structural integrity can be com-

promised. Accordingly, in what follows we will also include

structural constraints when we build the reward function.

In the next subsections, we detail our proposed geometric op-

timisation framework and its specifications. We will intro-

duce a Reinforcement Learning paradigm which we enhance

by incorporating a Transfer Learning strategy, where the agent

suitably switches between using a fast, surrogate aerodynamic

solver (NeuralFoil33) to a slightly slower, yet more accurate

one (XFoil34) as the method to assess the aerodynamic flow

and to compute the agent’s reward. XFoil is a classic model

–based on a panel method coupled with a viscous boundary

layer formulation– designed for subsonic flows that calculates

the pressure distribution on the airfoil and subsequently de-

rives the lift and drag characteristics. It is faster than per-

forming full DNS integration, but is still considered as an

actual aerodynamic solver. NeuralFoil on the other hand –

implemented in a Python-based library– is a ML surrogate

model that can provide representation of the viscous, com-

pressible airfoil aerodynamics for nearly any airfoil, with con-

trol surface deflections, across a 360-degree angle of attack,

at any Reynolds number. NeuralFoil has been trained with

millions of XFoil simulations, enabling rapid calculations of

aerodynamic characteristics, albeit with a slight trade-off in

accuracy. Unlike XFoil, NeuralFoil avoids non-convergence

issues. While training the agent with NeuralFoil yields poorer

results than when the agent is trained with Xfoil (see Table V),

we will show that we can successfully leverage NeuralFoil to
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reach optimal results in the context of Transfer Learning en-

hancement.

As a final note, the developed DRL geometric optimisa-

tion framework is available through the open source library

pyLOM35.

B. The basic DRL optimisation framework

The initial aim is to develop a DRL framework, where

the DRL agent is capable of improving the aerodynamic ef-

ficiency of a given airfoil, as illustrated in Fig. 1. To that aim,

the agent interacts with the environment (the airfoil geometry,

which produces a certain aerodynamic flow) and its goal is to

find a policy that ultimately maximises the lift-to-drag ratio

(CL/CD) of such aerodynamic flow, by adequately performing

actions that adjust the design variables.

1. RL specs I: environment, state space and action definition

Environment. The initial stage of the process involves the

creation of an environment in which the agent can undergo

training –see Fig. 1–, and includes (i) choosing an adequate

airfoil representation, and (ii) choosing an aerodynamic solver

that will compute the aerodynamic properties of the airfoil.

Regarding (i), observe that a priori one could simply use the

2D coordinates of the points over the airfoil. However, this

choice is delicate as it may lead the agent to explore un-

usual or even unphysical shapes. A better choice is to use the

so-called Class-Shape Transformation (CST) parameters36, a

widely-used technique to parametrise geometries based on the

curvature of the shape along the chord. This parameterisation

indeed generates more realistic shapes and reduces the dimen-

sionality of the design space, allowing for a more efficient op-

timisation.

The implementation of such environment was done using the

Gymnasium Python library37, a maintained fork of the Ope-

nAI Gym library, which provides a flexible framework for

defining and managing RL environments.

State space. The state space spans a total of 18

scalar parameters STATE = (s1,s2, . . . ,s18), where

each parameter is bounded in a concrete range

si ∈ [LOWERBOUND(i),UPPERBOUND(i)]. LOWER-

BOUND and UPPERBOUND are two vectors that define the

boundaries of the state space and are defined in Appendix A.

These 18 parameters are converted to an airfoil using CST

representation, such that eight of them characterise the

upper surface, eight of them the lower surface, one for the

leading-edge weight, and one for the trailing-edge thickness.

Different configuration values of these 18 parameters within

their ranges correspond to different airfoil geometries.

Action space and state update. To modify the state of the

environment (the airfoil), the agent predicts an action, i.e. a

vector ACTION = (ACTION(1),ACTION(2), . . . ,ACTION(18))
where ACTION(i) ∈ [−1,1] ∀i, as recommended in the doc-

umentation of stable baselines38. This vector is the one per-

forming the change in the parameters that represent the air-

foil. Now, to prevent the sequential changes to the airfoil

from being too abrupt, we further define a weight vector

α = (α1,α2, . . . ,α18), where

αi =
LOWERBOUND(i)−UPPERBOUND(i)

EPISODEMAXLENGTH
,

where EPISODEMAXLENGTH is a positive integer that rep-

resents the maximum permitted length of an episode, defined

with more detail in Sec. II B 2. This allows the agent to poten-

tially explore both limits of the state space in a single episode,

regardless of the initial state. Accordingly, updating the state

based on the action follows

STATE(i)←− STATE(i)+α(i) ·ACTION(i), i= 1,2, . . . ,18 (1)

or in vector form

STATE←− STATE+α⊙ACTION, (2)

where ⊙ is the element-wise multiplication (Hadamard prod-

uct).

2. RL specs II: Episode definition

A single step of the DRL agent consists in, given an action,

updating the airfoil geometry according to Eq. 2, assessing

how this new geometry improves (or not) the aerodynamic

efficiency and checking if the termination condition is met.

We have decided that this condition will be reached when a

maximum number of steps has been completed or if the aero-

dynamic solver, in this case XFoil, does not converge. The

iteration of many steps until the termination condition defines

an episode, and the number of steps taken is called the episode

length.

Here, we initially define the maximum length of an episode

as EPISODEMAXLENGTH = 100. Observe that this length

needs to strike a balance: if it is too large, the agents will have

problems to converge since this would reduce the number of

episodes during training and the agents would receive less var-

ied data. Moreover, the number of possible states increases,

making the problem more complex. On the other hand, if the

length is too short, the values of α in Eq. (2) will be com-

paratively too large and the airfoil modifications could be too

abrupt, further causing instability in the optimisation process.

Once an episode is defined, we need to define how the start

of a new episode is carried out. A standard approach is to fix

the initial state (to a certain airfoil geometry, e.g. naca0012),

such that at the beginning of each episode the state of the en-

vironment is always reset to the same airfoil. This is, for ex-

ample, the choice in18. Some other studies19 in turn decide to

reset to a different airfoil geometry, the rationale being that in

this way the agent is capable of learning to optimise starting

from a variety of shapes, i.e. the learned policy is more uni-

versally applicable. Here we chose the latter strategy, so that

at the beginning of an episode the environment is chosen at

random from a pre-compiled set of 20 naca airfoils listed in

the Appendix A.
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Environment
  Initial airfoil

RL Agent

 

Action

Airfoil representation

CST Airfoil Geometry 

Aerodynamic Solver

NeuralFoil / XFoil

PredictsUpdates state

Computes basic reward 
             (CL/CD)

New updated state

Figure 1: Basic DRL training diagram.

3. RL Specs III: Reward function

Once the episode has been defined, we need to specify the

reward function, which estimates the quality of any given ac-

tion. For pedagogical reasons, we now outline the construc-

tion of such reward function in a step-by-step way. As a start-

ing point, we consider the maximisation of the lift-to-drag

ratio CL/CD –where both aerodynamic coefficients are com-

puted from the aerodynamic solver–, which yields a purely

aerodynamic shape optimisation.

As previously mentioned, in this work we will use two

solvers: XFoil and NeuralFoil. Observe that, in addition to

calculating lift and drag coefficients, NeuralFoil also returns a

‘confidence’ value: a scalar κ ∈ [0,1] that indicates how con-

fident the surrogate model is after making the lift and drag

predictions. In order to penalise weird geometries or geome-

tries whose computed aerodynamic properties have large un-

certainty, we will aim to maximise κ · (CL/CD), i.e. we aim at

finding geometries that at the same time are (i) improving the

lift-to-drag ratio and (ii) keeping the confidence high. With

this term κ , we effectively mitigate the risk of the agent re-

lying on potentially inaccurate predictions in regions where

NeuralFoil is known to perform poorly.

Now, since in RL the agent tries to maximise the cumulative

reward18, the actual reward function needs to take a differen-

tial form, e.g.

κi

CL

CD

∣

∣

∣

∣

i

−κi−1
CL

CD

∣

∣

∣

∣

i−1

. (3)

So far, as previously mentioned the reward function denotes a

purely aerodynamic optimisation. So at this point we consider

as a second objective function the needs to preserve the struc-

tural integrity of the airfoil. As a simply proxy, we consider

the airfoil’s maximum thickness MT, and our goal is to pre-

serve as much as possible this structural property, i.e. we aim

to minimise the mismatch between the initial and final thick-

nesses. We formalise this by using a Gaussian kernel λ , such

that at step i, the kernel reads

λi = e−σ(xi−1)2

, (4)

where xi := MTi/MT0 is the ratio between the airfoil’s maxi-

mum thickness at step i and the initial one, and σ > 0 is an

hyperparameter that controls the strength of the nonlinear pe-

nalisation. This Gaussian regularisation is inspired by com-

putational fluid mechanics mesh optimisation methods that

minimise error while maintaining low computational cost39,40.

For a fixed σ , λ simply penalizes those airfoils whose max-

imum thickness is not preserved (see Fig. 2 for an illustra-

tion of how the values of λ penalises geometries with non-

conserved maximum thickness, for different values of σ ). As

such we now have to maximize the term given in Eq. 3 and,

independently, maximize λ in Eq. 4. This, in essence, is

a multi-objective optimisation problem: we aim to find air-

foil geometries that maximise the aerodynamic properties and

maximally preserve the initial maximum thickness (a proxy

for preserving the structural integrity). Now, instead of treat-

ing the aerodynamic and the structural aspects independently,

we choose to scalarize the multi-objective problem by com-

bining the aerodynamic and the structural terms into a single

reward function. Finally, we can define such reward at step i

as

Ri = λiκi

CL

CD

∣

∣

∣

∣

i

−λi−1κi−1
CL

CD

∣

∣

∣

∣

i−1

, R0 := κ0
CL

CD

∣

∣

∣

∣

0

. (5)

Note that when we use XFoil then κ is not defined, in that

case we set κ = 1 in Eq. 5. Since we now have a single re-

ward function, observe that from a mathematical point of view

we have approximated a multi-objective optimisation problem

with a simpler, single-objective one which balances aerody-

namic and structural integrity constraints. The Gaussian ker-

nel effectively acts as a structural regularisation term.
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In what follows, we will distinguish the special case σ = 0

(yielding λi = 1,∀i) which will be called the purely aerody-

namic optimisation, from the more general case σ ̸= 0 where

structural integrity enters in the reward function. This latter

scenario will be called the hybrid aerodynamic/structural op-

timisation case, although we need to make clear at this point

that optimisation in the structural dimension is simply aimed

at minimising the change in maximum thickness.

Figure 2: The Gaussian regularisation term

λ = exp(−σ [x−1]2) as a function of the hyperparameter σ .

This term penalises geometries where the airfoil’s maximum

thickness deviates from the initial one, as captured by a

maximum thickness quotient x that deviates from one.

4. RL specs IV: the agent

To train an agent with reinforcement learning, one needs

to choose the specific DRL algorithm. This choice may de-

pend, among other things, on whether the action space is dis-

crete or continuous. For continuous actions, there are a vari-

ety of algorithms, including A2C41, PPO42, SAC43 or TD344.

After running some preliminary analysis, we decided to use

PPO (Proximal Policy Optimisation), as it shows better con-

vergence properties than A2C. Moreover, we discarded the

use of TD3 and SAC since they had difficulties converging.

PPO is a popular policy gradient algorithm that, for instance,

is behind the post-training with RLHF of popular Large Lan-

guage Models, underscoring its versatility. In our implemen-

tation, PPO employs neural networks to model the policy and

value functions. Specifically, PPO uses an actor-critic frame-

work where the policy network (actor) selects the actions, and

the value network (critic) evaluates the expected returns of

those actions. Figure 3 shows a schematic of the neural net-

works comprising PPO. To train the agent, the Python library

Stable Baselines 345 has been used. This is a library that

implements different reinforcement learning algorithms and is

easy to integrate into Gymnasium environments.

C. Transfer learning

Finally, we need to explicitly discuss the transfer learning

technique. We start by recalling that this is a way of accel-

erating the training process28, as it has been observed in RL

frameworks that an agent initially trained with a (fast) low-

Feature 
extractor

Policy feature 
extractor

Value feature 
extractor

Policy neural 
network

Value neural 
network

Policy output 
layer

Value output 
layer

Figure 3: Architecture of the DRL agent that uses Proximal

Policy Optimisation. The figure illustrates the transfer

learning strategy #3, highlighting the part of the agent’s

parameters which are copied and frozen in the fine-tuning

phase and the part which is copied and is still trained in

during fine-tuning.

cost model over a substantial number of iterations and subse-

quently trained with a high-cost model over a limited number

of iterations achieves a comparable performance with respect

to training solely with a high-cost model over a longer period.

Transfer learning thus reduces the overall computational cost

and time required for the training process, something particu-

larly welcome in high-cost applications such as aerodynamic

shape optimisation. Here, as previously discussed, we use

the surrogate model NeuralFoil as the low-cost model, and

XFoil as the more accurate yet more computationally expen-

sive solver. To provide a more effective evaluation of the effi-

cacy of Transfer Learning we use the smallest model available

of NeuralFoil, which has a clear speed advantage and a clearly

lower accuracy compared to XFoil.

In practice, we fine-tune the actor-critic neural network

utilised by the PPO algorithm. Fine-tuning is a common

technique in machine learning where a pre-trained model is

adapted to a new task or domain by continuing the training

process with different data. Accordingly, here the initial step

is to train an agent with the low-cost model. Subsequently, the

weights of this agent are transferred to a new agent that is then

trained with the high-cost model. Several different approaches

have been considered:

• #1 : Share all the parameters of the network and con-

tinue with the training.

• #2 : Share all parameters except those of the last layer,
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6

both for the action network and the value network, and

then continue with the training.

• #3 : Share all the parameters, freeze all of them except

those of the last layer of the network, and continue the

training.

• #4 : Share all the parameters except those of the last

layer of the network, both for the action network and the

value network, freeze them, and continue the training.

To clarify, by ‘freezing of weights’ during fine-tuning we

mean that they will not be changed. Fig. 3 illustrates how the

weight transfer is performed for the specific scenario raised on

strategy #3. Finally, note that after pre-training the first agent,

an entropy term is added to the PPO loss function, which en-

courages the new model to explore the state space. This makes

it easier for this new agent to move into other areas of the state

space. The PPO configurations for each case are described in

Appendix B.

III. RESULTS

Results cover a variety of analysis of the DRL agents, see

Appendix B for an in-depth study of the hyperparameter se-

lection and the final configurations of the different PPO hy-

perparameters.

We initially compare the performance and training’s compu-

tational efficiency of the DRL agent (trained for the purely

aerodynamic optimisation and then also trained on hybrid

aerodynamic/structural optimisation) with respect to a tradi-

tional gradient-free optimisation methodology, namely Parti-

cle Swarm Optimisation (PSO). Then we perform a more de-

tailed analysis of the performance of the DRL agent in the

single vs multi-objective scenario. Finally, we assess the per-

formance and efficiency gain when the DRL agent is enhanced

with different possible Transfer Learning strategies.

We recall that each episode has at most 100 steps and that

training airfoils are sampled randomly at the beginning of

each episode from the set of 20 airfoils specified in previous

sections. On top of the computing the reward in every step fol-

lowing Eq. 5, we monitor the average episode’s reward each

N_STEPS, see Appendix B for details. The episode reward is

defined simply as the sum of the rewards Ri of each step i in

an episode. The criterion to finish training is based on observ-

ing a plateau in this metric.

Once the DRL agent is trained, we evaluate its performance

by running a whole episode on the set of airfoils in the

Aerosandbox46 Python library, which is essentially a super-

set of the UIUC Airfoil dataset. This dataset includes a broad

variety of airfoils, which allows for a comprehensive evalua-

tion of the agent’s ability to generalise across different shapes

and aerodynamic characteristics. In the evaluation, we always

use XFoil as the method to compute the lift-to-drag ratios, so

as to have a fair way of comparing agents. Now, since XFoil is

known to sometimes have convergence issues, the total num-

ber of airfoils evaluated fluctuates a bit between agents.

The evaluation metrics include the best lift-to-drag ratio at-

tained within each episode

best= max

{

CL

CD

∣

∣

∣

∣

i

}

episode

,

and the net improvement (in lift-to-drag ratio units) within

each episode

improvement= best−
CL

CD

∣

∣

∣

∣

initial

.

Aditionally, in the hybrid optimisation case we monitor the

deviation of the airfoil’s maximum thickness with the percent-

age

∆MT =
|MTopt−MTini|

MTini

·100,

where MTini and MTopt are the maximum thickness of the ini-

tial airfoil and the airfoil with best lift-to-drag ratio, respec-

tively.

A. Deep Reinforcement Learning vs Particle Swarm
Optimisation

This section assesses the proposed DRL methodology and

compares it (both for purely aerodynamic and hybrid opti-

misation) with a traditional gradient-free method: Particle

Swarm Optimisation (PSO)47. PSO is a population-based

optimisation algorithm inspired by the social behaviour of

bird flocks searching for corn. It is widely used due to its

simplicity, ability to handle non-differentiable objective func-

tions, and efficiency in exploring high-dimensional search

spaces. PSO has been successfully applied in various do-

mains, including image and video analysis applications, en-

gineering design and neural networks, and fluid dynamics op-

timisation. Furthermore, PSO has proven effective in airfoil

optimisation13–15 and seems to better suited than other stan-

dard gradient-free choices such as Genetic Algorithms for air-

foil optimisation48,49.

Here, we use Xoptfoil250 to perform PSO optimisation, since

this tool is well designed to compare PSO and DRL as it actu-

ally makes calls to XFoil underneath. The chosen PSO param-

eters are the default ones that this library provides. The results

obtained using this tool are systematically compared to those

given by the DRL agent trained for 81920 steps using XFoil.

Since the main point of this paper is DRL, we do not conduct

a thorogh hyperparameter optimisation for PSO, so we cannot

guarantee that its results may slightly differ after thorough hy-

pertuning. The configuration of XFoil used in the training of

the DRL agent and the PSO optimiser is detailed in Table IX.

We start with the purely optimisation case, where the DRL

agent is trained to solely improve the aerodynamic efficiency

of the airfoil. For illustration, the first 20 steps of the DRL

policy, as applied to the initial airfoil NACA0012, is shown in

Fig. 4a, whereas the airfoil reaching the highest lift-to-drag

ratio is depicted in Fig. 4c (center). We clearly see that the

DRL agent’s policy is able to substantially and monotonically
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7

(a) Optimisation of a NACA0012 airfoil by a DRL agent trained on

purely aerodynamic optimisation. Here, x/c and y/c mean the x and

y coordinates of the airfoil normalized to the chord length.

(b) Optimisation of a NACA0012 airfoil by a DRL agent trained on

hybrid aerodynamic/structural optimisation (σ = 15). Here, x/c and

y/c mean the x and y coordinates of the airfoil normalized to the

chord length.

(c) Left: initial NACA0012 airfoil. Center: Purely aerodynamic

optimisation. Right: Hybrid aerodynamic/structural optimisation

(σ = 15).

Figure 4: Illustration of a DRL policy (20 steps) on

NACA0012 trained on aerodynamic and

aerodynamic/structural optimisation, respectively.

increase the aerodynamic efficiency of the airfoil.

Now, to initialy compare the performance of DRL and

PSO optimisation, we select 20 airfoils at random from the

UIUC dataset –checking that they represent a wide variety of

shapes– and subsequently applied the policies from DRL and

PSO. The initial and final CL/CD results of these trajectories

are shown in Table I. We find that DRL outperforms PSO in

most of the cases, certifying the suitability of DRL for airfoil

shape optimisation and suggesting its supremacy over PSO.

Then, we tackle the whole UIUC airfoil dataset and proceed

to make the full comparison between DRL and PSO. The per-

formance metrics best and improvement (averaged over the

whole set of evaluated airfoils) are depicted in Table II, certi-

fying the supremacy of DRL over PSO for aerodynamic opti-

misation.

In a second step, we then focus on the hybrid optimisation

case. For illustration, in Fig. 4b we show the performance of

a DRL agent’s policy which was trained on hybrid aerody-

namic/structural optimisation with σ = 15 (see also Fig. 4c

Airfoil Initial PSO single DRL single PSO multi DRL multi

naca0012 38.32 47.72 249.4 45.91 103.6

naca2412 80.53 216.7 257.1 162.2 184.1

s1223 93.69 239.1 204.4 156.2 115.0

fx63143 76.12 86.67 217.4 63.57 102.1

e387 119.9 209.2 224.8 194.9 197.3

naca4412 113.0 223.0 250.7 163.4 141.0
naca63
-2a015 54.34 158.8 76.5 117.9 104.8

clarky 107.2 215.1 225.5 164.5 181.7

e174 122.0 218.7 231.3 194.4 197.0

mh113 116.9 247.1 254.9 145.3 169.4

ag25 102.7 250.5 249.8 215.1 215.0

raf48 71.33 201.5 248.4 138.0 159.1

naca23015 43.53 146.0 257.3 86.30 167.7

sc20012 31.69 51.24 201.0 45.19 157.0

goe398 100.5 240.5 257.1 142.6 170.7

n64212 75.90 222.5 261.8 166.4 133.0

ls013 44.53 52.51 231.6 45.61 168.0

dae21 155.1 203.3 258.0 259.8 177.8

vr7 94.59 236.3 253.6 153.0 187.0
naca66
-2415 93.72 199.7 240.8 147.5 160.7

Table I: Comparison of PSO and DRL performance for

purely aerodynamic and hybrid aerodynamic/structural

optimisation (in terms of the highest CL/CD reached in each

of the two optimisation paradigms), across a set of different

airfoil with different initial CL/CD. On average, DRL reaches

better aerodynamic efficiency than PSO.

Method
Evaluated

Airfoils Improvement Best

PSO (pure aerodynamic) 1566 105 ± 50 198(76)

DRL (pure aerodynamic) 1456 141 ± 48 243(35)

Table II: Comparison of PSO and DRL evaluation for purely

aerodynamic optimisation with the whole UIUC airfoil

dataset, cerifying the supremacy of DRL over PSO for purely

aerodynamic optimisation. The Improvement metric is

provided in terms of mean ± one standard deviation (when

averaged over the whole UIUC ensemble), whereas the best
metric is provided in terms of median (IQR), since its

distribution is left-skewed.

(right)). The choice of σ = 15 is arbitrary, it is not aimed at

signalling any Pareto optimality but rather is selected for il-

lustration purposes. The interested practitioner will actually

need to select the value of σ depending on the specific priori-

ties of their application.

It is clear that the incorporation of the structural regularisa-

tion in the reward function has an impact: the lift-to-drag ra-

tio is still increased (albeit reaching smaller values than in the

purely aerodynamic case), but now the maximum thickness of

the shape seems to be maintained.

Interestingly, within Xoptfoil2 it is possible to define geomet-

rical constraints –such as e.g. a target maximum thickness–

and therefore a fair comparison between DRL and PSO within

the hybrid optimisation case discussed in Sec. III B is possible

too. For illustration, in this comparison we set σ = 15 (that
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we will later show to achieve a good balance between aero-

dynamic optimisation and maximum thickness conservation).

A summary of the performance of the 20 previously selected

evaluation airfoils can also be seen in Table I, whereas sum-

mary statistics of the evaluation over all the converged airfoils

of the UIUC airfoil dataset are reported in Table III. It is evi-

dent that DRL exhibits superior performance in terms of aero-

dynamic efficiency optimisation. However, PSO demonstrates

a more effective capability in preserving the maximum thick-

ness. It’s possible that this might just be flagging the capacity

of DRL to explore more design space than PSO, that in that

sense only optimises locally, i.e. performs more exploitation.

One thing to note from Table I is that PSO anecdotically opti-

mises certain airfoils more effectively in both pure and hybrid

optimisation scenarios. One possible reason for the behav-

ior in these cases is that if during optimisation with DRL one

of the early states of the episode did not converge, making

the modifications that the agent does to the optimised airfoil

too small. This is, for instance, what happens with NACA63-

2a015. Another reason why DRL may perform worse than

PSO is because it looks for unrealistic shapes, erring on the

side of creativity. This is what appears to happen with airfoil

S1223. Finally, there may be airfoils that PSO simply opti-

mises better.

Method
Evaluated

Airfoils Improvement Best ∆MT (%)

PSO (hybrid) 1566 64 ± 36 150(61) 0.67 ± 2.21

DRL (hybrid) 1444 89 ± 37 179(46) 11.5 ± 9.4

Table III: Comparison of of PSO and DRL performance for

hybrid aerodynamic/structural optimisation (σ = 15) on the

whole UIUC airfoil evaluation dataset. Whereas DRL clearly

allows to reach higher aerodynamic efficiency, PSO makes a

better job at preserving the maximum thickness. Pointwise

statistics of the Improvement and best metrics are provided

as in Table II.

Finally, we provide a comparison of optimisation time per

airfoil (averaged over the whole UIUC evaluation set) for

DRL and PSO, as performed on an Intel(R) Xeon(R) Gold

6248R CPU @ 3.00GHz+. For concreteness, we focus on the

purely aerodynamic case (where the maximum thickness is

not necessarily preserved, e.g. σ = 0), although the results

are qualitatively similar in the hybrid optimisation case. The

DRL agent, using 1 process and 1 CPU thread, takes about

23 seconds to optimise all 1566 airfoils, i.e. an average of

0.0147 s/airfoil. Comparatively, PSO was notably slower; ac-

tually, too slow to directly perform the optimisation in a sin-

gle core, so MPI was used to accelerate the evaluation (and

then the results per process were inferred). The CPU used has

48 cores, 47 used by worker processes plus the one by mas-

ter process, and with this setup, optimising all the evaluation

set took 22 hours and 26 minutes. Assuming linear accelera-

tion, this means 47 ·(22 ·3600+26 ·60)/1566= 2424 seconds

on average per airfoil (using a single process). Accordingly,

PSO takes about 1.65 ·105 times more time than DRL to opti-

mise each airfoil using a single process. This is because, once

trained, the DRL agent does not need to make any solver call

to optimise an airfoil. Since training is a one-time cost, DRL

becomes increasingly advantageous when optimising multiple

airfoils, as its inference is virtually instantaneous. This high-

lights the drastic efficiency advantage of DRL, making PSO

impractically slow by comparison.

B. Hyperparameter exploration in the hybrid optimisation
case

Here we provide additional insights on the performance of

the DRL agent trained on the hybrid optimisation case (i.e.

σ > 0 in Eq. 5). We systematically vary σ –where larger val-

ues of σ provide more weight to the structural optimisation

over the aerodynamic one), and assess (i) the number of train-

ing steps needed to reach training convergence, (ii) the lift-to-

drag ratio performance metrics improvement and best eval-

uated on all the airfoils present in the Aerosandbox library

and (iii) the variation in the maximum thickness, as a func-

tion of the regulariser’s hyperparameter σ . Results (for the

converged airfoils) are depicted in Table IV, which serves as

a sensitivity analysis of σ . It can be observed that the number

of necessary training steps varies (typically increases) with σ .

At the same time, results confirm the evidence illustrated in

Fig 4 and show that the DRL agent (i) is able to improve the

aerodynamic efficiency while (ii) also maintaining the struc-

tural integrity of the airfoil. Finally, results also certify that

forcing the maximum thickness to be preserved comes at the

cost of a smaller improvement of the aerodynamic efficiency.

σ Improvement Best ∆MT (%)
Airfoils

Evaluated

Training

steps

0 140±49 241 (37) 64±22 1982 81920

2 108±41 201 (49) 22±16 1965 120832

5 99±39 190 (52) 21±18 1960 120832

10 95±42 190 (53) 15±10 1909 120832

15 91±37 180 (46) 12±11 1952 120832

20 93±37 186 (45) 12±10 1933 120832

30 94±41 186 (57) 8±11 1938 501760

100 84±42 176 (59) 5±5 1922 1001470

1000 54±35 137 (46) 7±8 1897 501760

Table IV: Hybrid optimisation agent evaluation with UIUC

for different values of σ . Pointwise statistics of the

Improvement and best metrics are provided as in Table II,

and ∆MT statistics over the whole UIUC is provided in terms

of mean ± one standard deviation.

C. Enhancing the DRL-based airfoil optimisation with
Transfer Learning

To round off, here we compare the training efficiency and

evaluate the performance of the trained DRL agent when train-

ing is done using a single aerodynamic solver (XFoil alone or,

for completeness, NeuralFoil alone) with respect to the case

when the agent is pre-trained with NeuralFoil and fine-tuned

with XFoil). For the sake of exposition, we separate the purely

aerodynamic optimisation (σ = 0 in Eq. 5) and the hybrid one

(σ > 0).
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Purely-aerodynamic optimisation case. Results for all DRL

agents in the purely aerodynamic case (with and without trans-

fer learning) are summarised in Table V, reporting (i) the total

number of training steps, (ii) the total solver time, (iii) the

number of airfoils evaluated, and the metrics (iv) pointwise

statistics of best and (v) improvement over all the airfoils

in the evaluation set. Pointwise statistics of best reported in

the table are given in terms of median (IQR) as the distribu-

tions are not Gaussian (Shapiro-Wilk test) and highly skewed,

whereas in the case of improvement we report mean ± std

as the distributions are fairly more symmetrical. Note that to

compute the total solver time we simply multiply the number

of training steps by the execution time per call to the particular

aerodynamic solver, which according to NeuralFoil’s GitHub

amounts to 73 ms for a call to XFoil and 4 ms for a call to

the smallest version of NeuralFoil, which is the one we actu-

ally used. Although the total solver time is not equivalent to

the total training time, it is nonetheless an objective way of

comparing the computational effort of the agent using vs. not

using transfer learning. As previously mentioned, the num-

ber of airfoils evaluated may differ slightly between agents

because XFoil, which is consistently used for evaluation, oc-

casionally fails to converge. In such cases, we excluded the

corresponding airfoils from the analysis.

First, out of the four transfer learning strategies depicted in

Sec. II C, we found that strategy #1 had the best performance,

followed by #3. Strategies #2 and #4 did not converge and are

therefore not reported in the table. This lack of convergence

indicates that the information present in the final layers of the

neural network plays an important role in shaping the agent’s

behaviour.

Second, from the table we observe that the number of nec-

essary training steps for the agent solely trained with Xfoil

(81920) is notably larger than the total number of steps

needed for the DRL agents with transfer learning, where the

pre-training (NeuralFoil) and fine-tuning totally amounts to

26312+ 10240 = 36552 training steps. The cost of the steps

performed with NeuralFoil could be considered negligible, so

the important aspect here is that the number of steps required

with Xfoil is reduced by a factor of 8. Additionally, it can be

observed that the total number of iterations decreases. This

is because the agent converges with fewer iterations when

trained with NeuralFoil, something that can be attributed to

its continuous nature and its lack of non-convergence prob-

lems. This is already evidence that transfer learning reduces

the computational effort.

Third, not only the number of steps, but also the total solver

time during training (5980 seconds vs. 105+748 = 853 sec-

onds) is notably shorter for agents trained using transfer learn-

ing. On this respect, we have also compared the total training

time with and without transfer learning. If we define the Time
Reduction (%) as

Time Reduction (%)=
TL-free training time−TL-enhanced training time

TL-free training time
·100 . (6)

we find Time Reduction ≈ 86%, reaching higher reduc-

tions than in other settings30.

Fourth, the performance in the evaluation set of the agent

trained solely on XFoil seems statistically superior (Mann-

Whitney U test p < 10−9), but the DRL agent trained with

Transfer Learning (strategy #1) shows a very similar perfor-

mance (paired sign test p ≈ 0.006, see boxplots of the best
performance metric in Fig. 5), confirming that transfer learn-

ing indeed increases computational efficiency while maintain-

ing good performance.

Finally, in Fig. 6 we scatter plot the best lift-to-drag ratio ob-

tained for each evaluated airfoil as a function of the initial

estimate of the airfoil shape for the four DRL agents. These

scatter plots show that while there are some specific shapes for

which the agent cannot improve the aerodynamic efficiency, in

most of the cases all DRL agents can improve it, with varying

degrees of performance, which are in good agreement with

those previously reported. Interestingly, we find that all air-

foils with initial CL/CD > 150 seem to be greatly improved by

the DRL agent trained solely with XFoil and the one trained

with the Transfer Learning strategy #1 (see the clear exclusion

area in panels (A) and (D)).

Hybrid optimisation case. Results of the DRL agent (with

TL) trained on a combined aerodynamic/structural optimi-

sation are depicted in Table VI. Comparing these with the

equivalent results without TL reported in Table IV, we find

that (i) the procedure involving TL substantially reduces the

number of training steps as well as the training time, reach-

ing Time Reduction as large as 94%; (ii) fixing the struc-

tural hyperparameter σ , the improvement in aerodynamic ef-

ficiency is only slightly lower for every value of σ (around a

10%) in the TL-enhanced DRL agent than the one without TL,

and (iii) the preservation of the maximum thickness is quite

similar in both techniques. In summary, TL-enhancement also

works in the hybrid optimisation case.

IV. CONCLUSIONS

While traditional airfoil shape optimisation typically con-

siders aerodynamic efficiency, the optimisation can produce

airfoils whose structural integrity might be compromised; in

other words, there is a need to preserve some structural con-

straints –such as the airfoil’s maximum thickness– within the

optimisation process. In this paper, we have developed a tech-

nique for airfoil shape optimisation –flexible to accomodate

purely aerodynamic or hybrid (aerodynamic/structural) shape
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Table V: Comparison of training efficiency and evaluation performance of DRL agents: one trained from scratch using XFoil,

one pre-trained with NeuralFoil, and two using transfer learning (TL). Solver time is estimated from 73 ms/call for XFoil and

4 ms/call for NeuralFoil. Performance metrics are evaluated on the UIUC dataset.

DRL Agent Training steps Solver time (s) Airfoils evaluated Improvement Best

Fully trained with XFoil (no TL) 81920 5980 1982 140±49 241(37)

Pre-training (NeuralFoil) 26312 105 1970 66±32 154(33)

Transfer Learning (strategy #3) 10240 748 1983 120±43 219(29)

Transfer Learning (strategy #1) 10240 748 1977 136±44 236(28)

Table VI: Evaluation of the TL-enhanced hybrid aerodynamic/structural DRL agent on the UIUC dataset, for different values of

the structural hyperparameter σ . Statistics for Improvement, Best, and ∆MT are given pointwise. Time Reduction is

computed via Eq. 6 by comparing training time with and without TL.

σ Improvement Best ∆MT (%) Training steps Airfoils evaluated Time reduction (%)

2 98±37 189 (46) 20±16 25088 1945 78.0

5 92±34 182 (30) 15±15 25088 1961 78.0

10 87±36 178 (38) 13±14 25088 1950 78.0

15 85±36 171 (40) 16±16 35328 1952 69.7

20 82±36 171 (41) 14±13 35328 1958 69.7

30 79±36 171 (46) 14±13 35328 1958 92.6

100 62±35 151 (45) 8±8 50176 1905 94.8

1000 26±22 110 (41) 4±5 50176 1802 89.7

Figure 5: Boxplot (showing medians, interquantile range

(IQR) and whiskers at ±1.5 IQR)) of the best performance

metric in the evaluation set, for all (purely-aerodynamic)

DRL agents. Points outside whiskers are considered outliers,

these emerge as the underlying distribution is left-skewed.

The DRL agent trained solely on Xfoil remains statistically

superior (Mann-Whitney U test), but the performance

obtained by the DRL agent trained with transfer learning’s

strategy #1 is very close.

optimisation– that enhances a deep reinforcement learning

(DRL) agent with Transfer Learning (TL). Our results indi-

cate that (i) DRL works both for the aerodynamic and aero-

dynamic/structural shape optimisation problems, (ii) DRL is

notably superior to other gradient-free methods such as Parti-

cle Swarm Optimisation (PSO) in terms of computational effi-

Figure 6: Scatter plots of the metric best as a function of the

initial lift-to-drag ratio for all airfoils in the evaluation set, as

computed from (A) the DRL agent trained with XFoil, (B) the

pre-training with NeuralFoil, (C) the DRL agent trained with

transfer learning (strategy #3), and (D) the DRL agent trained

with transfer learning (strategy #1), within the

purely-aerodynamic optimisation scenario.

ciency (being several orders of magnitude faster) and aerody-

namic performance, although PSO seem to enforce thickness

constraints almost exactly, while DRL does that only approxi-

mately, (iii) and the TL-enhancement reduces further training

costs with respect to the TL-free case around a 86%, while

approximately maintaining performance (in terms of aerody-

namic efficiency and structural preservation).
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Figure 7: Scatter plot of the DRL-based hybrid optimisation,

showing the aerodynamic improvement metric Best as a

function of the structural integrity preservation metric ∆MT,

for a variety of hyperparameters σ . The Pareto front is

highlighted, although note that our initial multi-objective

optimisation problem is scalarised and therefore Pareto

optimality is not guaranteed.

In summary, our results suggest that DRL stands as an effi-

cient method for airfoil optimisation, both in terms of increas-

ing aerodynamic efficiency and also in the search of geome-

tries that at the same time have enhanced aerodynamic prop-

erties and realistically preserve structural constraints.

On relation to the use of TL-enhanced DRL, our results en-

courage the exploration of more challenging problems, such

as e.g. the optimisation of (3-dimensional) wings: a prob-

lem where both the computational cost of the solvers and

the complexity of the shape parameterisation increase signif-

icantly, and where transfer learning techniques that use inex-

pensive surrogate solvers could be of great help. More gen-

erally, the efficiency of this optimisation technique might en-

able the incorporation of gold standard -yet expensive- aero-

dynamic solvers, such as CFD-based optimisation, something

that also deserves future investigation. Finally, a more general

and exciting open problem is to assess whether the benefits of

this combined technique also apply in other problems that en-

compass aerodynamic and structural shape optimisation, e.g.

maximisisation of lift-to-drag ratio or flow, minimisation of

mass, pressure drop, or stress concentration, and maintaining

strength or stiffness, and their application to e.g. pipe shapes,

car frames, or fillet optimisation to cite a few. Other inter-

esting applications where DRL could be of great use include

the design of propellers, rotor blades, and turbine components

in aerospace; aerodynamic shaping of vehicles and structural

frames in automotive engineering; and flow optimisation in

energy systems like HVAC ducts, wind farms, and hydraulic

networks.

On relation to the aerodynamic vs structural optimisation sce-

nario, in this work we initially chose to scalarize the initial

multi-objective optimisation problem by combining the aero-

dynamic and the structural integrity objectives into a single

reward function. For illustration, we advance in Fig. 7 the re-

sults of a Pareto front analysis, where the values of both aero-

dynamic and structural integrity improvements are plotted for

a variety of values of the hyperparameter σ . Further work

is needed to consider both aerodynamic and structural terms

independently as well as to add more sophisticated structural

criteria, in order to embrace full-fledged multi-objective opti-

misation.

SUPPLEMENTARY MATERIAL

Supplementary material contains URLs where animations

of the optimisation process of the airfoils in table I are avail-

able for the different algorithms described.
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Appendix A: RL environment configuration

This section shows the configuration used for the environ-

ments. The ranges of the CST parameters, shown in Table

VII, were selected based on empirical testing, aiming to strike

a balance between allowing the agent sufficient freedom to

explore the design space and avoiding excessively extreme or

unrealistic geometries.

The initial airfoil for an episode is selected from this list of

20 NACA airfoils: naca0006, naca0009, naca0012, naca0015,

naca0018, naca1408, naca1410, naca1412, naca2412,

naca2415, naca4412, naca4415, naca4420, naca6412,

naca6415, naca7421, naca8409, naca8412, naca8415,

naca9421.

Appendix B: PPO hyperparameters

This section provides a summary of the PPO hyperparam-

eters used to train the different agents discussed in this work.

Sample inefficiency is a common problem for many reinforce-

ment learning algorithms, which means that to learn, the agent

needs to see too many simulations. For problems like this,

where the simulations are expensive, this could be an issue.

To minimise the number of required simulations and conse-

quently lower the computational cost of the training process,

the PPO hyperparameters have been adjusted with this objec-

tive in mind. After many trainings where these hyperparam-

eters were being modified, it has been observed, as expected,

that the most relevant parameter in terms of the number of

steps needed to train an agent is the discount factor, γ , and

the second one, the clip range. Moreover, it was found em-

pirically that the optimum value of γ is 0.3, and the value of

clip range was increased, to a greater or lesser extent, from

its default value 0.2. For instance, with this hyperparameter

tuning and using Neuralfoil, an agent can be trained on 60000

steps that has the same performance as one trained on 120000

steps using the default hyperparameters given by Stable Base-

lines 3. Since our primary goal was to reduce training cost

through transfer learning, we did not perform an exhaustive

hyperparameter search and considered the empirical tuning

sufficiently effective for our purposes. Nonetheless, we con-

ducted a hyperparameter search using Optuna51 for the Neu-

ralFoil agent. It is worth noting that the resulting configu-

ration closely aligns with the parameters previously obtained

through empirical tuning. Figure 8 shows the mean reward

that the agent obtained during training for different values of

γ . As can be observed, the line for γ = 0.3 grows faster than

the line for γ = 0.99, which means that the agent trained with

γ = 0.3 is learning with fewer steps.

Table VIII below consolidates the PPO hyperparameters for

three training configurations: one agent trained from scratch

using XFoil, the pre-trained agent with NeuralFoil and the

fine-tuned from a previously trained XFoil policy. If a pa-

rameter is not included in the table, the default value given by

Stable Baselines 3 will be used.
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Figure 8: Episode mean reward during training with different

discount factors (γ)

Appendix C: XFoil configuration

This section details the configuration settings used for XFoil

during the generation of simulation data for training and eval-

uation. The selected parameters, shown in Table IX, were cho-

sen to ensure a balance between computational efficiency and

numerical stability.
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Table VII: CST parameter bounds used in the environments. Each surface is represented by 8 control points.

Parameter Lower bound Upper bound

Upper surface [−1.5,−1.5,−1.5,−1.5,−1.5,−1.5,−1.5,−1.5] [1.25,1.25,1.25,1.25,1.25,1.25,1.25,1.25]
Lower surface [−0.75,−0.75,−0.75,−0.75,−0.75,−0.75,−0.75,−0.75] [1.5,1.5,1.5,1.5,1.5,1.5,1.5,1.5]
Trailing-edge thickness 0.0005 0.01

Leading-edge weight −0.05 0.775

Solver XFoil NeuralFoil XFoil

TL strategy from scratch pre-training transfer learning

Total timesteps - 26312 10240

Learning rate 2.5×10−4 2.5×10−4 2.5×10−4

Steps per update 2048 2048 512

Batch size 64 64 64

Num. epochs 20 10 20

Discount factor (γ) 0.3 0.3 0.3

Clip range 0.3 0.6 0.2

Entropy coefficient 0.001 0 0.005

Policy net arch. [256, 256] [256, 256] [256, 256]

Value net arch. [256, 256] [256, 256] [256, 256]

Table VIII: PPO hyperparameters used for training the

different agents presented in Table V of the main text. The

total number of timesteps for the agent trained from scratch

with XFoil varies and is specified in its corresponding section

Parameter Value

Maximum Iterations 200

Number of Panels 255

Critical Amplification Factor (ncrit ) 9

Timeout 30 seconds

Angle of Attack (α) 2°

Reynolds Number (Re) 1×106

Mach Number (Ma) 0.5

Table IX: Configuration parameters used for XFoil

simulations. These settings define the aerodynamic

conditions and solver parameters employed during training

and evaluation
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