
Electronic  
Research Archive

https://www.aimspress.com/journal/era

ERA, 34(2): 1290–1314.
DOI: 10.3934/era.2026059
Received: 16 December 2025
Revised: 28 January 2026
Accepted: 02 February 2026
Published: 09 February 2026

Research article

Optimization of compound performance of two tandem pitching and
heaving aerofoils in Martian environment

Muhammad Khan, Li Wang and Fang-Bao Tian∗

School of Engineering and Technology, University of New South Wales, Canberra, ACT 2600,
Australia

* Correspondence: Email: fangbao.tian@unsw.edu.au.

Abstract: Mars exploration has increased the interest in bio-inspired flapping-wing micro aerial
vehicles due to their high maneuverability and efficient performance in low Reynolds number
environments. This work presents an optimization of the compound performance of two tandem
pitching and heaving aerofoils in the Martian environment by using the hybrid method of the
reinforcement learning (RL) and the immersed boundary-finite difference method (IB-FDM). The
searching parameters include the horizontal and vertical spacing, phase shift, and mean angle of attack
(AoA) of the hindwing at a Reynolds number of 1100. It is found that the optimal phase shifts lie close
to in-phase and out-of-phase motions, while intermediate phase shifts tend to produce suboptimal
results. For the in-phase cases, an increase in AoA and a decrease in horizontal spacing led to an
increase in the compound performance. For the out-of-phase cases, a similar trend is observed until
the optimal value is reached, after which the performance begins to decline. The effects of vertical
spacing vary vastly on a case-to-case basis, depending on other motion and positional parameters.

Keywords: pitching and heaving aerofoils; bio-inspired flapping wing; Martian environment;
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1. Introduction

Aerial vehicles, such as aeroplanes and helicopters, have attracted increasing attention in Mars
exploration as they have better manoeuvrability than land rovers and provide higher resolution imaging
than satellites [1]. The development and successful deployment of the Ingenuity [2] made a significant
advancement in Mars exploration with aerial vehicles. However, there is still considerable area for
improvement. At the low Reynolds number regime, flapping-wing aerial vehicles (FWAVs) inspired
by insects and birds have better aerodynamic efficiency compared with the fixed-wing and rotary-
wing designs [3]. This is particularly important, as the Reynolds numbers on Mars are much lower
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compared to the scenario on the Earth [4]. As insects have an excellent ability to hover and steer
during forward flight by changing the flapping motion of their wings, the FWAVs could also provide
better maneuverability [5]. Therefore, it is desired to study the flapping wings in Martian environment.

The aerodynamics of flapping wings has been an area under significant research since the
early 1960s. The National Aeronautics and Space Administration (NASA) conducted a series of tests
over the tandem configurations to improve the performance of helicopter blades [6,7], aircraft flaps [8],
and boundary layer control mid chord flaps [9]. Their results led to further investigation of the tandem
wing configuration. The most notable ones were in the 2000s when Broering and Lian [10] investigated
the effect of airfoil spacing on the aerodynamics of pitching airfoils. They concluded that for this
configuration, the overall lift increases with increase in spacing between the airfoils. Afterwards, they
performed extensive research on the effect of phase between the pitching and heaving tandem airfoils
and the effects that it has on the lift coefficient, both for the 2-dimensional [11] and 3-dimensional [12]
cases. They found out that the vortex interactions between the fore and hind wings can be characterized
as either constructive or destructive depending on the phase. For a 0◦ phase difference, they found out
that constructive vortex interference happens which results in increased coefficients of lift and thrust,
whereas destructive vortex interference happens for the 180◦ case. These results show that the in-phase
motion produces the highest lift and thrust; however, it also requires the highest power. This means
that the compound performance may not be maximum for the in-phase case. Seet [13] and Lee [14]
separately showed this by concluding that the maximum aerodynamic efficiency is achieved for a 180◦

phase shift for pitching airfoils at minimum spacing. They also showed that increasing the phase shift
forces the trend of increasing spacing enhances lift to reverse.

Since 2010, there has been a significant amount of research in the field of flapping-wing-drone
systems for low-density environments like Mars. Jaroszewicz et al. [15] presented a working model
of a flapping wing micromechanical flying insect (MFI) called Entomopter. They concluded that this
Entomopter can be used in environments like Mars where the Reynolds number is low. Afterwards,
Mannam et al. [16] also explored the potential for an insect-like flapping propulsion system for Mars
and concluded this option to be highly efficient given the low gravity on Mars. Bluman et al. [17]
and Bezard et al. [18] separately numerically researched the performance of their bio-inspired flapping
wing robots in the Martian environment using dynamic scaling. They suggested that the wing span
of a flapping robot can be easily increased on Mars to produce higher lifts at the cost of a slightly
higher power required. As it is easier to ensure structural integrity on Mars, longer wings can be
created, thereby requiring a smaller lift coefficient for the same lift required. Furthermore, Mccain
and Lee [19] and Singh et al. [20] have demonstrated the potential of using FWAVs that generate
reasonable lift for easy Mars exploration. The effects of compressibility and rarefaction, as well as
scaling laws of flapping wings have been studied numerically by Widdup et al. [4, 21, 22]. In addition,
researchers have developed vacuum Martian environment chamber and low-pressure wind tunnel to
study the aerodynamics of aerial vehicles in Martian environment [23,24]. Some bio-inspired research
projects have explored the feasibility, advantages, and scaling of FWAVs for Martian exploration [25]
whereas, others focused on the navigation and control of these bio-inspired machines [26, 27].

As this is an emerging field, the advancement of computational capabilities opens up multiple
avenues for the implementation of machine learning techniques like reinforcement learning (RL)
for parameter optimization and active control. As Mars is remote, the autonomous capability that
RL provides can significantly improve the performance of these machines thereby improving the
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overall mission [28], showing tremendous potential to promote the next generation of FWAVs in the
Martian environment.

Recently, Solar et al. [29] published research on the maximisation of wind turbine generation using
RL. They used a discrete action space and defined seven actions that the agent could take by controlling
the value of yaw, pitch, and rotor speed. The model that they used was a double deep Q-network
(DDQN) [30] consisting of two networks, a main and a target network. The target network has fixed
parameters that are updated periodically to match the main network parameters. This enables the
model to learn slowly but in the right direction as the main model constantly has the target model to
compare with. However, a significant drawback of this algorithm is that it is not suitable for continuous
action spaces. Koldo et al. [31] successfully trained an active control model of an airfoil flap whose
aim was to maximize the overall lift-to-drag ratio with changing AoA. They achieved this by first
training two supervized learning models for lift and drag coefficients on a known dataset and then
training an RL model based on the outputs from these supervized learning models. However, the
downside of this technique is that it requires a huge dataset, which is computationally expensive and
time-consuming. Additionally, Bao et al. [32] trained an RL model whose aim was to maximize the
propulsive performance of a pitching and heaving airfoil using a policy gradient method by controlling
the pitching and heaving amplitudes and their offset. An important technique used by them was the
implementation of a multi-environment [33] for agent training. This allows the agent to run multiple
simulations at a time, thereby reducing the overall training time significantly. Furthermore, Lee et
al. [34] developed a novel RL technique to optimize the topology of a heat exchanger for better
performance. This resulted in a 14.8% improved heat exchanger performance. Another closely related
work was conducted by Ji et al. [35] who used Bayesian Optimization [36] to optimize the efficiency of
tandem pitching and heaving airfoils by finding the best combination of the motion parameters. This
is a powerful strategy, however, a significant drawback to it is that it requires an initial dataset with
simulation results and does not have the ability to generalize and adapt to different environments as RL
does, which could be used to explore configurations that have different airfoils, Re or Mach numbers.

This research aims to implement the use of RL for two tandem pitching and heaving airfoils to
optimize the lift and thrust compound performance by controlling the motion and positional parameters
of the hindwing in the Martian environment. The tandem airfoil configuration was chosen as it results
in a much more maneuverable system and the hindwing consumes less power as compared to a single
airfoil [37], making it more efficient. According to Nagai et al. [38], the effect of phase difference
is still not understood properly due to differences in the results of different studies. This means that
other parameters also affect this relation; hence, using RL could lead to a better understanding of
this phenomenon.

2. Physical description and numerical method

This section will discuss the methodology adopted. Initially, the simulation setup will be discussed,
whereas the RL architecture will be discussed later.

2.1. Physical problem

A tandem airfoil arrangement of two NACA 0012 airfoils of chord c in a uniform flow, as shown in
Figure 1, is considered in this work. The pivot point is fixed at c/3, and the horizontal spacing between
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the two airfoils is d. Here the NACA 0012 airfoil is part of the 4-digit NACA airfoil series and is
chosen as it is the best airfoil for efficiency and thrust production for flapping motion [39].

Forewing Hindwing

u

hd

x

y

Figure 1. Sketch of two airfoils in tandem arrangement.

The pitching and heaving motion of the airfoils can be described by

α = αm sin(2π f t + φ) + θ, (2.1)

y = Am sin(2π f t + φ + ψ) + h, (2.2)

where α is the pitching angle; y is the heaving distance; ψ is the phase difference between the
pitching and the heaving motion; αm is the pitching amplitude; Am is the heaving amplitude; t is
the instantaneous time; f is the frequency of both pitching and heaving; and φ, θ, and h are the phase
shift, the initial angle of attack, and the initial vertical spacing for the hindwing from the forewing,
respectively. The three φ, θ, and h are zero for the forewing equations. Each motion will be described
as a set of these hindwing parameters: (φ, h, d, θ), whereas they are zero for the forewing equations.
The motion over a single oscillation can be seen in Appendix A.

The aerodynamics is governed by the two-dimensional compressible Navier-Stokes equations,
which are detailed in our previous publications [40, 41]. The Mach number based on the incoming
flow u0 is fixed at 0.1, based on which the maximum local Mach number approaches 0.3. This number
is used because it is in the range where the NASA’s Ingenuity was operated, while the formation of
vortex structures is not significantly inhibited [4, 21, 22]. The Reynolds number (Re) given by

Re =
ρuoc
µ

, (2.3)

where ρ and µ the density and the viscosity, respectively. Re = 1100 is used which is based on
the atmospheric conditions on Mars given in Appendix 4 and the average chord size of 5cm. The
pitching and heaving amplitudes are respectively fixed at 30◦ and 1c, based on [32]. In addition,
S t = f c/uo = 0.3 at which the maximum thrust is achieved for 25◦ < αm < 30◦ and Am = 1c [32].
Finally, ψ is 90◦ as Isogai et al. [42] demonstrated that this value results in maximum thrust efficiency.

2.2. Numerical methods

The aerodynamics due to the flapping foils is solved by using an immersed boundary-finite
difference method, as detailed in [43,44]. This method employs the fifth-order weighted/targeted non-
oscillatory scheme [45,46] for the convective term. The viscous term is discretized by the fourth-order
central difference method. The unsteady term is handled by the third-order Runge–Kutta scheme. The
boundary condition at the fluid-foil surface is implemented by an immersed boundary method due to
its convenience in handling flows involving complex geometries and large-amplitude movement of the
bodies [47–49]. The CFD solver used in this work is an in-house solver that has been well validated
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in our previous work [43, 44], and recently has been adapted to model the aerodynamics of flapping
wings in the Martian environment [4, 21, 22, 44, 50]. Furthermore, the optimal mesh spacing of 0.02c
was chosen based upon the comparison between the results of multiple simulations with different mesh
spacings. The non-reflection characteristic boundary conditions are applied on the boundaries. The
CFD simulations are being initiated by the RL algorithm based on its decisions, aimed at improving
the performance of the RL agent.

2.3. RL model setup

The RL algorithm used for the agent is the proximal policy optimization (PPO) algorithm [51]. It is
a policy gradient method based on an actor which takes an action in an environment and a critic which
provides feedback on the quality of action taken [52]. It is a very popular and vastly applicable method
which has been successfully implemented for a similar aerodynamics application [53].

The training of the RL agent is performed using TensorFlow [54] in Python. The actor model
consists of three dense layers with the first two layers consisting of 256 neurons and an activation
function of noisy rectified linear unit (NReLU) which is used to ensure that the actor decently explores
the environment before finalising the policy and also to limit any bias that initial training results could
introduce [55]. On the other hand, the last dense layer which is the output layer, consisted of 4 neurons
based on the amount of parameters that the actor was controlling. The tanh (hyperbolic tangent)
activation function is chosen for this layer to avoid NaN values and restrict the actions within −1
and 1 [56]. The critic model is also very similar to the actor but with minor changes. Firstly, its output
layer which is the feedback to the actor had only 1 neuron and no activation function. Secondly, unlike
the actor which only focuses on the actions, the critic is set up to draw one-to-one correspondence
between the actions and the states which could lead to a better training outcome [57].

The environment is created using the Gymnasium library [58] with the 4 motion parameters
as variables. The continuous action and observation spaces are set up in a way such that each
action represents a certain combination of parameters, regardless of the previous state. This helps
the agent to easily navigate within the observation space and also removes the dependency of the
model on the previous state, which is the case as future simulation results are not dependent on past
simulation results.

The variable bounds for θ are chosen based on the results of Bao et al. [32] showing that 30◦ pitching
amplitude produces the best thrust for the chosen S t. On the other hand, the bounds for h and d are
fixed to ensure that the vortex interaction occurs effectively, as it results in better performance [37].
These values can be seen in Table 1.

Table 1. Environment variables.

Variables φ h d θ

Bounds (0◦, 180◦) (–0.4c, 0.4c) (1.05c, 3.45c) (0◦, 30◦)

The Adam optimizer with a small learning rate of 1 × 10−4 is used for both neural networks. The
actor tries to learn the policy π(at, st) as can be seen in Figure 2 by updating it after each learning step
which consisted of 32 different simulations. The reward from each step and the advantage from the
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critic are then used to calculate the clipped loss which is the actor loss and is given by

LCLIP(θ) = Ê[min(r(θ)Ât, clip (r(θ), 1 − ε, 1 + ε) Ât)], (2.4)

with the critic loss given by,
Lcritic(w) =

(
Vw(at, st) − Vt

target)2
, (2.5)

where Ât is the advantage at time t, Ât = δt + (γλ)δt+1 + . . . + (γλ)T−t+1δT−1 with δt calculated based
on the reward; θ is the vector containing the weights for the policy; V is the value of the state; w is the
vector containing weights for the value network; γ is known as the discount factor and a smaller value
for it is used to degrade the impact of future state values on current state values, thereby focusing on
the current value [53]; and λ is the smoothing factor and was kept lower to ensure high dependence on
immediate step rewards rather than the long-term ones [53]. The batch size, policy clip, and number of
epochs are all chosen based on recommendations from Andrychowicz et al. [59] and are also fine-tuned
throughout the training procedure with the final values shown in Table 2.

Figure 2. Flowchart of the PPO algorithm.

Table 2. Hyperparameters for RL model.

Hyper-parameters γ λ(GAE) Policy clip Batch size Epochs
Value 0.01 0.05 0.2 32 8

The multi-environment technique is also implemented, similar to the implementation of Bao et
al. [32]. This allowed the agent to interact with 8 different environments at once significantly reducing
the training time by 8 times as well. The number of environments is chosen based on the availability
of computational resources and considerations, such as the quality of training, which could decrease
with excessive environments [33].

After initialisation of the parameters, the agent executes a step that constitutes an action on each
of the 8 CFD solvers by submitting jobs for a particular combination of parameters. The environment
then outputs the trajectory which consists of the observation, action taken and reward. As the aim of
the agent is to find the best lift and thrust compound performance, the reward function is formulated to
account for it. It also heavily penalizes the agent for a negative thrust or lift coefficient as can be seen
in Eq (2.6).
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Reward =
〈CT 〉

〈CP〉
+
〈CL〉

〈CP〉
− 5i f neg(〈CT 〉) − 5i f neg(〈CL〉), (2.6)

where i f neg() returns 1 for a negative value and 0 for a positive value and 〈·〉 indicates the average
values of CT , CL, and CP over a single oscillation which are the coefficients of thrust, lift and power
respectively. Their formulas are as follows:

CT =
Thrust
1
2ρu2

oc
, CL =

Li f t
1
2ρu2

oc
, CP =

Power
1
2ρu3

oc
. (2.7)

The performance parameter accounts for the compound performance and is defined as the reward
function without the i f neg() conditions.

In order to ensure that the correct mesh size has been employed for the simulations, mesh
independence tests were conducted to find the optimal mesh size that provides decent accuracy and
consumes reasonable time. Figure 3 contains the results for 3 different mesh sizes. Doubling the mesh
size was leading to a four times increase in the simulation time hence a mesh size of 0.02c was chosen
resulting in a single simulation run time of 80 minutes on an 8 core CPU utilising 4 GB of RAM.
The mesh grid comprises of multiple squares that are increasing in size with increasing distance from
the center.
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Figure 3. CL vs t/T plot for mesh independence test.

3. Results and discussion

3.1. RL training

The model is trained for over 3500 steps which took about 640 hours of CPU time to finish. The
average reward along with the standard deviation can be seen in Figure 4. The figure shows that the
reward initially goes up as the agent finds the first case in Table 3 with a compound performance as in
Eq (2.6) of 0.67 Afterwards, the agent goes on to cleverly explore intermediate parameter combinations
which leads to a higher standard deviation and a decrease in the average rewards. However, as can be
seen on the 17th policy update, the agent discovers the out-of-phase Case 3. Though the performance
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was not the best, it was still decent with a smaller CT and a reasonable CL, hence could be used
for hovering. It then went on further and discovered Case 2 in Table 3 after 43 policy updates.
These optimal cases were found within just 1300 steps and the remaining training was done to ensure
that no other case with better performance was left undiscovered and that the most optimum policy
was achieved with reasonable standard deviation. The final agent can be seen to have the highest
average reward and lowest standard deviation and further training would lead to overfitting, leading to
a decrease in the overall performance [60]. Due to noise in the agent, the average rewards would not
converge however will maintain a reasonably high value [61].

0 20 40 60 80 100 120

Policy Updates

-1.5

-1

-0.5

0

0.5

A
v
e
ra

g
e
 R

e
w

a
rd

0.5

1

1.5

2

2.5

S
ta

n
d
a
rd

 D
e
v
ia

ti
o
n

Avg Reward

Optimal Case

Std

Figure 4. Average reward and standard deviation during training.

Table 3. Optimal cases.

Parameters CT CL CP Per
(0◦, 0c, 1.05c, 30◦) 1.88 9.26 16.62 0.67
(0◦, 0.15c, 1.05c, 30◦) 1.93 10.15 17.30 0.70
(177.2◦,0.39c,1.26c,23.5◦) 0.60 6.57 11.20 0.64

Overall, as can be seen in Figure 5, it was observed that the in-phase and out-of-phase motions were
producing the best performance. In line with [11], the in-phase motions produced higher values of CL,
CT and CP, mainly due to constructive interference between the forewing and hindwing whereas, out-
of-phase motions produced a relatively low value for these coefficients due to destructive interference
however, maintained a similar value for the overall performance as can be seen in Table 3. In general,
in line with [62], an increase in θ led to a decrease in CT , an increase in CL, an increase in performance,
and vice versa. Whereas a decrease in d mostly led to an increase in the overall performance; however,
for certain cases, mostly for the out-of-phase cases like Case 3, the optimal value for d lay somewhere
in between. The effect of h on the performance can be seen to be varying significantly with other
parameters, especially with φ. This is because each value for h affects the vortex interaction differently
for each parameter combination. However, the positive values for h can be seen to produce better
performance, with the optimal value lying somewhere in between. For better understanding, the scatter
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plots for compound CT , CL, CP and performance can be seen in Appendix C.

Figure 5. Performance scatter plot for α = 30◦.

3.2. In-phase Optimal Case-(0◦, 0.15c, 1.05c, 30◦)

This case is in line with [63], which suggests that the forewing and hindwing at minimum d produce
a higher overall performance as compared to an isolated wing. The CL, CT , and CP for this case can
be seen in Figure 6, respectively. Whereas, the coefficient of pressure and vorticity flow fields for the
important points can be seen in Figure 7. For the forewing, the leading edge vortices (LEVs) generated
during the downstroke and upstroke phases are referred to as D-LEV and U-LEV respectively, with
the trailing edge vortices (TEVs) following a similar notation. Furthermore, for the hindwing, the
corresponding vortices are denoted by lowercase letters, like u-LEV or d-TEV. Another notation Cx f or

and Cxhin will be used for the forewing and hindwing CT , CL, and CP, respectively.
As can be seen at t/T = 0.03, maximum CThin is produced by the strong low-pressure region at the

hindwing LE caused by the D-LEV. The CT f or is minimum at this point as the forewing has a very low
AoA and only the pressure regions near the LE and TE could produce a horizontal motion, which can
be seen are very small and weak. Afterwards, CThin drops steeply to its minima at t/T = 0.18 which
is caused by the detachment of the D-LEV from the hindwing LE and the strong shear layer on top
of it producing a strong low-pressure region behind it, sucking it back. Additionally, as this suction is
happening in the direction of the motion, the CPhin can be seen is negative, indicating that the fluid is
causing the motion, effectively lifting the hindwing. Afterwards, the shear layer separates resulting in
a gradual increase in CThin.

Both the CL f or and CLhin stay relatively moderate at the start with a minor fluctuation for CL f or

leading to a local maxima at t/T = 0.22, caused by the interaction of the D-LEV with the end part
of the forewing. This resulted in the production of a limited low-pressure region above the forewing
which caused CL f or to rize. This interaction allowed the fluid to work on the forewing in the direction
of motion which caused a dip in CP f or. Both CL f or and CLhin then start to increase rapidly after t/T
= 0.31 which is because the D-LEV and U-LEV which were producing a low-pressure region below
the hindwing and forewing respectively till t/T = 0.31 escaped, which allowed for a rapid increase in
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CL f or and CLhin till they reach their maximum value of 21.84 and 24.70 at t/T = 0.60 respectively. At
t/T = 0.6, both the airfoils have started the downstroke and the hindwing being close to the forewing
shaped like an inverted cup is producing a high-pressure region underneath both the airfoils, thereby
producing lift. The u-LEV is producing low pressure over the hindwing which is also contributing
to CLhin. Afterwards, CL f or and CLhin start to decrease with a positive bump from t/T = 0.69 till t/T
= 0.75 which is caused by the interaction between the U-LEV, D-LEV, and D-TEV, in line with [64]
suggesting that this blockage of D-TEV by the hindwing would lead to this bump. This resulted in a
momentary low-pressure region above the LE of the hindwing, thereby increasing CLhin. On the other
hand, maximum CT f or is achieved at t/T = 0.75 where the forewing has a strong low-pressure region
above it caused by the downstroke and D-LEV which is sucking the forewing forward, producing
thrust. Similar to the minimum CT f or case, CThin is almost zero at this point as the hindwing has a very
low AoA with a pressure balance between LE and TE. The maximum CP f or and CPhin are achieved
close to t/T = 0.75 as the airfoils are continuing the pitching and heaving downstroke motion against
the net pressure distribution which is producing a decent CT and CL. This forces the airfoils to work
against the fluid; hence large CP f or and CPhin are required.

(a) CL vs t/T (b) CT vs t/T

(c) CP vs t/T

Figure 6. Performance coefficients for (0◦, 0.15c, 1.05c, 30◦): (a) CL, (b) CT , (c) CP.

An increase in h was observed to delay an reduce the maximum compound CL due to the delay in
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the inverted cup shape because of additional spacing. This is because, by that time, the u-LEV would
have escaped from the top surface of the hindwing, thereby increasing the pressure over it, resulting in
a comparatively smaller CLhind. Hence, h = 0.15c provides the best timing between the inverted cup
shape and u-LEV, which along with D-LEV majorly dictate the coefficients for the in-phase case.

(a) Vorticity, t/T = 0.03 (b) Vorticity, t/T = 0.18 (c) Vorticity, t/T = 0.22

(d) Cpre, t/T = 0.03 (e) Cpre, t/T = 0.18 (f) Cpre, t/T = 0.22

(g) Vorticity, t/T = 0.31 (h) Vorticity, t/T = 0.60 (i) Vorticity, t/T = 0.75

(j) Cpre, t/T = 0.31 (k) Cpre, t/T = 0.60 (l) Cpre, t/T = 0.75

Figure 7. Vorticity and Cpre fields (0◦,0.15c,1.05c,30◦).

3.3. Out-of-phase optimal case-(177.2◦,0.39c,1.26c,23.5◦)

For the out-of-phase case, the CL, CT , and CP can be seen in Figure 8, respectively. Whereas, the
coefficient of pressure and vorticity flow fields for the important points can be seen in Figure 9.

At t/T = 0, both the forewing and hindwing are present at opposite extremes. The D-LEV separates
and escapes much earlier than the in-phase case resulting in a pressure increase on top of the forewing
reducing CL f or. On the other hand, CT f or and CP f or are both zero as the forewing is at a 0◦ AoA with
no vortex interaction. The same goes for CThin and CPhin; however, contrary to CL f or, CLhin gradually
increases as the downstroke starts. At t/T = 0.13, a small bump can be seen for CL f or, CT f or, and CP f or
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which is caused by the interaction of the previously separated D-LEV due to the forewing upstroke.
Afterwards, CL f or and CLhin decrease and increase respectively till t/T = 0.25 where the strong low-
pressure region below the LE of the forewing produces a reasonable CT f or. Another bump for all the
parameters can be seen between t/T = 0.31 and t/T = 0.37 which is caused by the interaction between
the d-LEV and the U-TEV while the airfoils crossed each other. This intensified the low-pressure
region below the forewing and on top of the hindwing which led to a decrease and an increase in CL f or

and CLhin respectively. Both CT f or and CThin reached their maximum and minimum value at t/T =

0.72. This is because the D-LEV produces a strong low-pressure region at the LE of the forewing as
it reaches its minimum AoA. On the other hand, the hindwing approaches its maximum AoA where
along with the u-LEV, a strong low-pressure region is created on top and back of it, sucking it back and
producing the minimum CThin. Furthermore, this low-pressure region is sucking the hindwing along the
direction of both pitching and heaving which results in CPhin being minimum and negative. This means
that the fluid is causing the motion. The second airfoil crossing allows for an interaction between the
D-TEV and u-LEV at t/T = 0.81, however, it is not as strong as the first interaction as the vortices are
farther apart.

(a) CL vs t/T (b) CT vs t/T

(c) CP vs t/T

Figure 8. Performance coefficients for (177.2◦, 0.39c, 1.26c, 23.5◦): (a) CL, (b) CT , (c) CP.

Electronic Research Archive Volume 34, Issue 2, 1290–1314.



1302

For this out-of-phase case, slight changes in parameters would lead to a decrease in performance.
Increasing θ would lead to a negative CT , whereas, increasing φ to 180◦ would lead to a decrease in
CL as the destructive interference increases. A decrease in d which mostly increases performance,
would lead to a significant drop in it to 0.50 for d = 1.05c. The main reason for this drop is that CPhin

increases significantly because the vortex interaction between D-TEV and u-LEV at t/T = 0.81 gets
much stronger which creates a stronger low-pressure region below the hindwing. This also leads to a
slightly higher CThin but a lower CLhin. Hence, the D-TEV and u-LEV interaction majorly dictates the
coefficients for the out-of-phase case.

(a) Vorticity, t/T = 0 (b) Vorticity, t/T = 0.13 (c) Vorticity, t/T = 0.25

(d) Cpre, t/T = 0 (e) Cpre, t/T = 0.13 (f) Cpre, t/T = 0.25

(g) Vorticity, t/T = 0.31 (h) Vorticity, t/T = 0.72 (i) Vorticity, t/T = 0.81

(j) Cpre, t/T = 0.31 (k) Cpre, t/T = 0.72 (l) Cpre, t/T = 0.81

Figure 9. Vorticity and Cpre fields (177.2◦,0.39c,1.26c,23.5◦).

3.4. Model testing on S-1020

The trained model was tested on a non-symmetrical airfoil Selig S-1020, which produces reasonably
high CT and CL with decent efficiency [39]. The agent was able to find both the locally optimal in-
phase and out-of-phase cases with a performance of 0.71 and 0.72, respectively, within 16 steps which
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took around 2.5 hours as can be seen in Figure 10. If allowed to explore more, the agent has the
ability to find cases with slightly higher performance, similar to NACA 0012. This shows the ability of
the agent to generalize as it can be used for different environments with different airfoils which other
optimization methods lack.

Figure 10. Agent exploration for S1020.

3.5. Flapping wing for Ingenuity

With the optimized parameters provided by RL, it is possible to implement them on the Ingenuity
helicopter. However, it has to be kept in mind that the imminent increase in the aerodynamic parameters
due to wing-wake interaction in the 2D case significantly decreases for the 3D case unless the aspect
ratio (AR) and Rosby number (Ro) employed are greater than 4 [65]. To quantify these effects, some
calculations on the optimal Case 2 in Table 3 were conducted using the low Re flow results from [65]
and can be seen in Appendix B. The calculations resulted in a 3D CL of about 5.83, sufficient for hover
and take-off to 10 m height in 7.5 s on Mars. Additionally, CT comes down to 1.11 which allows the
FAV to travel about 10 m in 5 s. A speed of about 4 m/s could also be achieved within 5 s, which is
comparable to Ingenuity’s average speed [66]. On the other hand, the out-of-phase Case 3 in Table 3
produces negligible thrust and can be used for hovering.

4. Conclusions

This report successfully presents and implements the methodology aimed at optimising the
compound lift and thrust performance of two tandem pitching and heaving NACA 0012 airfoils in
the Martian environment using RL by controlling the horizontal and vertical spacing, phase shift and
mean AoA for the hindwing. Furthermore, the trained RL agent has demonstrated applicability for
different airfoils which shows the ability of the agent to generalize, which the other methods lack. The
results imply that the best performance is for the in-phase and out-of-phase motions with the in-phase
motions producing higher CT , CL, and CP. The forewing downstroke LEV and the timing between the
inverted cup shape and hindwing upstroke LEV were observed to be mostly dictating the aerodynamic
coefficients for the in-phase motions, whereas, the interaction between the forewing and hindwing

Electronic Research Archive Volume 34, Issue 2, 1290–1314.



1304

vortices as they crossed each other was mostly dictating the aerodynamic coefficients for the out-of-
phase motions. For most cases, a decrease in horizontal spacing and an increase in mean hindwing
AoA led to an increase in performance and vice versa. However, mostly for the out-of-phase cases, the
maximums are reached for their intermediate values, after which, further change leads to a decrease
in performance. The effect of vertical spacing depends significantly on other parameters; however, its
positive values resulted in better performance compared to the negative values. The most optimal case
obtained is the in-phase case with the airfoils closest together and the hindwing’s mean AoA equal
to 30◦ with a vertical spacing of 0.15c. An out-of-phase case, ideal for hovering with lesser but similar
performance producing negligible CT and adequate CL was also found with intermediate values for
mean AoA, horizontal, and vertical spacing.

Appendix

A. Motion

Figure A1 shows a typical motion of airfoils over one oscillation for φ = 180◦, h = 0c, d = 2.25c,
θ = 20◦.

t/T = 0 t/T = 0.25

t/T = 0.5 t/T = 0.75

Figure A1. Airfoil motion over one oscillation for φ = 180◦, h = 0c, d = 2.25c, θ = 20◦.

B. Mars atmosphere and Ingenuity wing change calculations

In this section, reasonable approximations will be made to assess if the obtained results could
potentially be used to design a Mars FAV. Hence, the Ingenuity helicopter wing will be replaced with a
pair of tandem flapping wings. The atmospheric and blade properties used are mentioned in Table B1.
It is worth mentioning that the 3D wing shape used is a simple rectangular one which may not lead to
the best results and can be optimized significantly but provides a reasonable start. For hovering, the lift
is equal to the weight, and hence the CLhov required is as follows:
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CLhov =
Weight
1
2ρu2

oS
=

1.8 × 3.72
1
2 × 1.55 × 10−2 × 222 × 0.17 × 2

= 5.25. (B1)

The AR of the wing according to the convention followed by Lee and Lua [65] can be calculated
using the following formula:

AR =
b2

S
=

(0.605)2

(0.17/2)
= 4.3 > 4. (B2)

On the other hand, the 3D effect is quantified by the Rossby number (Ro). Ro for a rectangular
flapping wing is calculated by the following equation [65]:

Ro =

√√(
∆R
c + AR

)3
−

(
∆R
c

)3

3AR
=

√
(−0.333 + 4.3)3

− (−0.333)3

3 × 4.3
= 2.2 < 4, (B3)

where ∆R is the distance between the wing pivot axis and LE which is set to c/3.
From Figure 3 in Lee and Lua [65], for a Ro of ∞ and AR of 4.3, the CL decreases by about 50%

due to the effects of the aspect ratio caused by the vortex shedding at the tips. On the other hand, from
Figure 8 in Lee and Lua [65], the CL also increases by about 15% once the effect of Ro which is 2.2 is
added back due to the effects of vortex interactions. This results in a final equation for CL from the 2D
case to 3D with the current AR and Ro to be,

CL3D = 0.5 ×CL2D × 1.15 = 0.575 ×CL2D. (B4)

The most optimal case for the 2D flapping wings for Case 2 in Table 3 produces a CL of 10.15
and CT of 1.93. Hence, using Eq (B4) results in a 3D CL of about 5.83 which is sufficient for hover
and take-off to 10 m height in 7.5 s on Mars. Additionally, if CT is also assumed to follow the same
equation as CL, it comes down to 1.11 which allows the FAV to travel about 10 m in 5 s. A speed of
about 4 m/s could also be achieved within 5 s which is comparable to Ingenuity’s average speed [66].
It is also worth mentioning that the Ro for this case is less than 4 and there is significant room for
improvement for designing a 3D wing with better performance.

Table B1. Properties of Martian atmosphere and ingenuity measurements.

Description Value
Gravitational acceleration (m/s2) [67] 3.72
Atmospheric density (kg/m3) [67] 1.55 × 10−2

Dynamic viscosity (kg/ms) [67] 1.5 × 10−5

Blade area (m2) [2] 0.17
Blade radius (m) [2] 0.605
Mass (kg) [2] 1.8

C. Scatter plots for compound CT , CL, CP, and Performance

Figures C1–C4 show CT , CL, CP, and performance of the foils.
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(a) 0◦ < α < 5◦ (b) 5◦ < α < 10◦

(c) 10◦ < α < 15◦ (d) 15◦ < α < 20◦

(e) 20◦ < α < 25◦ (f) 25◦ < α < 30◦

Figure C1. CT scatter plots for different α ranges.
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(a) 0◦ < α < 5◦ (b) 5◦ < α < 10◦

(c) 10◦ < α < 15◦ (d) 15◦ < α < 20◦

(e) 20◦ < α < 25◦ (f) 25◦ < α < 30◦

Figure C2. CL scatter plots for different α ranges.
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(a) 0◦ < α < 5◦ (b) 5◦ < α < 10◦

(c) 10◦ < α < 15◦ (d) 15◦ < α < 20◦

(e) 20◦ < α < 25◦ (f) 25◦ < α < 30◦

Figure C3. CP scatter plots for different α ranges.
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(a) 0◦ < α < 5◦ (b) 5◦ < α < 10◦

(c) 10◦ < α < 15◦ (d) 15◦ < α < 20◦

(e) 20◦ < α < 25◦ (f) 25◦ < α < 30◦

Figure C4. Performance scatter plots for different α ranges.
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