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Reliability-based design optimization of
control parameters for the optimal lift-
to-power ratio of clapping-wing micro
air vehicles

Yanwei Zhang1,2 , Shui Yu3 , Zhihua Wang4, Saullo G. P. Castro5,
Zhonglai Wang6 and Wensheng Qiao1,2

Abstract
A reliability-based design optimization framework is introduced and applied to optimize control parameters for the opti-
mal lift-to-power ratio of clapping-wing micro air vehicles. Improving this ratio is essential for achieving high load capacity
and long endurance in flapping-wing micro air vehicles, especially for clapping-wing types. First, a lift-to-power ratio sol-
ver based on smoothed particle hydrodynamics coupled with the finite element method is proposed. To account for the
flexible deformation of the wings during high-frequency flapping, an air-solid interaction numerical model is employed to
handle quasi-flexible aerodynamics. An experimental platform using particle image velocimetry is established to validate
the numerical model and measure power consumption. Then, considering the structural and environmental uncertainties
of clapping-wing micro air vehicles measured through experiments, a reliability-based design optimization with an accel-
erated Kriging model is proposed and solved by particle swarm optimization. Finally, several design cases are examined.
Through aerodynamic analysis and reliability-based optimization, optimal control parameters are identified to maximize
the lift-to-power ratio of the designed micro air vehicle. The novel method demonstrates rapid convergence, decreasing
from 6 to 4 iterations for two control variables and from 9 to 6 iterations for three control variables, thus enabling
highly efficient optimization.
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Introduction

Micro air vehicles (MAVs) have long been a research
focus due to their potential roles in aerial surveillance,
target identification, and communication relay.1,2

Recently, researchers have shown increasing interest in
flapping-wing micro air vehicles (FWMAVs). The clap-
and-fling mechanism, initially discovered in insect
flight, has been widely adopted in FWMAVs’ designs
to enhance the lift generation.3 The efficient lift-
generation mechanism can help existing MAVs
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overcome many bottleneck problems in task perfor-
mance.4,5 Further research indicates that the double
clap-and-fling mechanism is more effective. Using the
double clap-and-fling mechanism, clapping-wing micro
air vehicles (CWMAVs) have been developed with an
X-configuration flapping wing.5,6 However, CWMAVs
still face the problem of excessive power consumption,
which is also a challenge in helicopters and multi-rotor
unmanned aerial vehicles (UAVs).7,8 Therefore, it is
necessary to optimize the design by adjusting control
parameters to maximize the lift-to-power ratio,
enabling CWMAVs to play a greater role in various
applications.

Some research has been done to optimize the force-
to-power ratio. Ünal et al.9 found that increasing the
lift-to-drag ratio contributes to range and endurance by
enhancing fuel efficiency. Li et al.10 conducted wing
parameter optimization experiments to improve lift
and efficiency by modifying the layout of the wing vein,
aspect ratio, surface area, and flexibility of the leading-
edge rod of the CWMAVs. Nguyen et al.11 investigated
the effects of wing flexibility on vertical thrust genera-
tion and power consumption under hovering condi-
tions for the hovering FWMAV FlowerFly. The
thrust-to-power ratios were compared to achieve a
wing configuration with high vertical thrust production
and low power consumption. Deng et al.12 explored the
aerodynamic performance of CWMAVs using force
and flow field measurements to determine the best flap-
ping frequency, aspect ratio, and flexibility. Groen13

experimentally evaluated the lift-to-power ratio L=Pð Þ,
emphasizing power consumption as a key factor in
defining flapping propulsion performance.

However, current research still has some limitations,
such as the inability to accurately calculate the aerody-
namic characteristics of three-dimensional flexible
wings and the lack of consideration of the structural
and environmental uncertainties faced by CWMAVs.
These simplifications can lead to significant errors in
defining the control strategy corresponding to the opti-
mal lift-to-power ratio. This is the main motivation for
the present study.

To address the challenge of calculating the lift-to-
power ratio, a lift-to-power ratio solver based on
smoothed particle hydrodynamics (SPH) combined
with the finite element method (FEM) is proposed.
Geometric nonlinearities, wing-wing interactions, and
unsteady effects in high-frequency flapping motions of
CWMAVs make numerical simulation difficult to meet
accuracy requirements. The meshless Lagrangian
smoothed particle hydrodynamics method, proposed
by Monaghan,14 is well suited to solving these prob-
lems, as large fluid deformations do not cause mesh
distortion or connectivity issues. Additionally, the SPH
method can be coupled with other Lagrangian tech-
niques, such as FEM.15,16 Such coupling possibilities

with finite element methods make SPH a promising
solution for aerodynamic modeling of CWMAVs.

To optimize CMWAV control parameters under
uncertain conditions, a reliability-based design optimi-
zation (RBDO) with an accelerated Kriging model is
proposed. Size constraints make it difficult to use
industry-standard parts for important components,
such as flapping wings, retarding mechanisms, and
flapping-wing driving mechanisms. Additionally, metal
materials are unsuitable due to weight restrictions, as
they have a lower stiffness-to-weight ratio compared to
composite materials. Therefore, 3D printing of polye-
ster materials is considered the primary manufacturing
approach for CWMAVs, introducing a certain number
of uncertainties.17 Because of these unavoidable uncer-
tainties, the actual aerodynamic performance of
CWMAVs always varies around a deterministic
value.18

The flapping frequency Fð Þ, angle of attack (AoA),
and forward velocity Uð Þ are crucial and controllable
factors that determine the aerodynamic performance of
CWMAVs.19 The uncertainties caused by the men-
tioned mechanisms and environmental conditions also
directly impact these factors, ultimately influencing
aerodynamic performance. To evaluate the uncertain-
ties, the concept of reliability is introduced in this
study. Reliability is defined as the probability of
achieving desired or acceptable performance under
uncertainty.20 Traditional reliability analysis methods
include the first-order reliability method,21 second-
order reliability method,22 moment-based method,23

response surface method,24 and Kriging model.25 The
Kriging model offers many advantages due to its high
computational efficiency relative to other methods
when handling only a few design variables.26 In addi-
tion, artificial intelligence-based optimization methods,
such as genetic algorithms,27 artificial bee colony algo-
rithms,28 immune plasma algorithms,29,30 and particle
swarm optimization (PSO) algorithms,31 have been
recognized as advanced methods for solving optimiza-
tion problems.

This study develops a framework to identify the
optimal control parameters for achieving the highest
lift-to-power ratio and enhancing flight performance. It
validates the effectiveness of the proposed method for
both two and three design variables. The novelty of the
present study is threefold: (1) a numerical aerodynamic
model is proposed for flexible three-dimensional clap-
ping wings with high-frequency motion, which can cal-
culate the lift-to-power ratio to provide accurate input
for optimization; (2) an accelerated Kriging model with
a moving search window is proposed to build the per-
formance function; (3) a PSO-based RBDO model is
proposed to find the optimal flapping frequency, angle
of attack, and forward velocity to obtain the highest
lift-to-power ratio under uncertainties.
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The remainder of this paper is organized as follows.
‘‘Methods’’ section introduces the proposed SPH-FEM
model to solve air-solid interaction problems and
describes the proposed RBDO to obtain the optimal
control strategy. ‘‘Results and discussions’’ section pre-
sents and discusses the results. Finally, ‘‘Conclusions’’
section summarizes the conclusions and limitations.
‘‘Future work’’ section presents section recommenda-
tions for future research.

Methods

The workflow of the proposed method is detailed in
Figure 1, which is divided into two parts: (I) An
air-solid interaction model is used to evaluate the aero-
dynamic performance of the CWMAVs and gather
accurate force data. An experiment explores model
validation, power consumption calculation, and uncer-
tainty evaluation. (II) A reliability-based lift-to-power
optimization model using the accelerated Kriging and
PSO optimization methods is established to find the
optimal control parameters with high reliability.

Three-dimensional flexible clapping wing modeling

The applied CWMAV prototype features a biplane
wing design reinforced with carbon rods acting as veins.
According to the flight time sequence, the entire flap-
ping duration is divided into six phases, as shown in
Figure 2, which was filmed by a high-speed camera.
The wingspan is 280mm, and the weight is 17 g. The
flapping mechanism is crucial for achieving the desired
flapping motion of the wings.32 Drawing inspiration
from the flapping motions of flying creatures, the flap-
ping amplitude is set to 75�. The instroke and outstroke

phases indicate the folding and moving apart of the
clapping wings, respectively. A clamping regulator is
located at the bottom of the CWMAV, which can regu-
late AoA and provide input for control signals.

The proposed aerodynamic analysis method (SPH-
FEM), which combines SPH and FEM techniques,
offers the advantages of being mesh-independent and
highly effective at capturing flexible deformation in
fluid-structure interaction problems. The three-
dimensional flexible clapping wings were innovatively
designed by integrating traditional wing geometry para-
meters to simulate wing deformation during a flapping
cycle. A quasi-flexible wing modeling method, as in
Figure 3, was adopted to restore the clapping wings,
consisting of a combination of ball joints and linear
springs that replace the veins of the actual clapping
wings. The flexibility was controlled by changing the
parameters of the ball joints and the linear springs.
Furthermore, to make the material property similar to
that of a polyethylene film of the prototype, Young’s
modulus of wings was set at 0.2GPa, Poisson’s ratio at
0.3, the elastic coefficient of restitution at 0.001, and
the Coulomb friction coefficient at 0.45. The proposed
quasi-flexible modeling method was shown to produce
smooth and adaptable wing deformation. The compari-
son of wing deformation between experiment and simu-
lation is presented in Figure 4, demonstrating a high
similarity.

SPH-FEM aerodynamic analysis

The open-source code DualSPHysics33,34 is used to
assist in the analysis of CWMAVs aerodynamic perfor-
mance. The discrete approximation of a physical quan-
tity b for the number of particles a is calculated by

ba =
X
b2O

bbWa, bVb ð1Þ

Figure 1. Workflow of the overall procedure.

Figure 2. Visualization of a flapping period represented by
high-speed camera recordings.
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where b 2 O denotes the set of neighboring particles
and O denotes the set of neighboring particles. The ker-
nel function Wa, b =W xa, bj j, hð Þ is calculated as a func-
tion of the distance between the particles
xa, bj j= xa � xbj jð Þ and the smoothing length h. The

volume of a neighboring particle j is given by
Vb =mb=rb, where mb and rb are the mass and density
of particle b, respectively.

Mass conservation (continuity) and momentum con-
servation are defined by

Dr

Dt
+ rr � u= 0 ð2Þ

Du

Dt
=� 1

r
rp+ g+G ð3Þ

where r is the fluid density, u= u, v,wð Þ is the velocity
vector in the x, y, zð Þ -directions, respectively, p is the
fluid pressure, g is the gravitational acceleration, G is
the dissipative terms.

A weakly compressible SPH form is adopted as
follows:

dra

dt
=
X
j2O

mbva, b � rWa, b + dhc0

X
b2O

VbCa, b � rWa, b

ð4Þ

where va, b = va � vb represents velocity of the particles.
rWa, b are the kernel gradients. c0 is the speed of sound.
The d -SPH coefficient, d, is assumed to be constant.
Ci, j is the diffusion term.

Figure 3. Quasi-flexible wing modeling method: (a) physical structure of flexible clapping wing and (b) numerical structure of
flexible clapping wing.

Figure 4. Wing deformation between experiment and simulation: (a) clapping wings in experiment and (b) clapping wings in
simulation.
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The air-solid interaction solving framework in this
study is based on the multi-body solver ‘‘Project
Chrono.’’ DualSPHysics 5.0 interfaces with the rigid-
body dynamics solver within Project Chrono’s library,
including constraints and collision detection compo-
nents. Project Chrono creates structure-structure inter-
action using different contact tracing capabilities to
achieve a quasi-flexible wing model.

The implementation of air-solid interaction is shown
in Figure 5. The active and reactive forces exerted on
bodies are calculated using the position P, angular velo-
city Q, and linear velocity V determined by Chrono to
update the data for the particles associated with each
object.

Three particle spacings dp of the proposed numerical
model dp are compared: 0.008, 0.004, and 0.002m.
Table 1 shows the sensitivity analysis between the
experiment and simulation values for different dp val-
ues by average lift. It is evident that situations with
dp = 0:004 m and dp = 0:002 m have a closer magni-
tude to the experimental lift. Additionally, comparative
analysis shows that setting dp = 0:002 m results in an
excessively time-consuming model. When considering
the total number of particles, setting dp = 0:002 m
results in an excessively time-consuming model, which
causes the simulation to take 20 h for every 1 s of simu-
lated flapping time at a compute capability of 8.6 (with
NVIDIA GeForce RTX 3060 Ti), which is 10 times
longer than setting dp = 0:004 m. Therefore, to strike a
balance between sufficient precision and computational
expense, a magnitude of dp = 0:004 m is adopted for
the parametric study in this study.

Table 2 lists the parameters and values adopted for
the numerical model.29 The air-solid interaction solu-
tion connects wing partitioning and air via a message-
passing interface, generating a mesh model with
approximately 2,100,000 particles. Figure 3(b) presents
the simulation structure of the quasi-flexible clapping
wing.

The proposed numerical model of clapping wings
focuses on the effects of flapping frequency, angle of
attack, and forward velocity on aerodynamic perfor-
mance. The parameters are illustrated in Figure 6. The
maximum force was usually generated at the expense of
the maximum power consumption. So, the lift-to-power
ratio L=Pð Þ is introduced to evaluate aerodynamic per-
formance instead of lift or power consumption alone. A
higher ratio implies more lift generation per unit of
power consumption, indicating the superior perfor-
mance of the clapping-wing motion. Based on the power
consumption measured by experiment and the lift calcu-
lated by simulation, L=P can be used to analyze the
aerodynamic characteristics of CWMAVs.

Experimental measurement

The experiment platform shown in Figure 7 aims to
provide validation data for the SPH-FEM model,
experimental measurements of power consumption,
and uncertainty quantification.35 The experiment con-
sists of five parts: measurement, CWMAV prototype,
data, environment, and synchronizer. A prototype with
a crank rocker mechanism and clapping wings was
designed with 17 g. The lift data was obtained by an
FC Nano17 sensor (ATI Industrial Automation,
Fx,Fy = 8 N, Fz = 14 N, Mx,My,Mz = 0:005Nm,
10.1 g, with a sampling rate of 10000 Hz, a resolution
of 1=160 N, and measurement uncertainty of 1%) to
determine the accuracy of the proposed numerical
models. The comparison of instantaneous lift over a

Figure 5. Diagram of the Project Chrono air-solid interaction.

Table 1. Average lift differences between experimental and
simulation measurements for different dp (Case 1: F = 12 Hz,
U= 3:5 m=s, AoA= 15–; Case 2: F = 16 Hz, U= 3:5 m=s,
AoA= 15–).

No. Experiment dp 0.008 dp 0.004 dp 0.002

1 0.1616 N 0.0987 N 0.1601 N 0.1592 N
2 0.1639 N 0.1154 N 0.1666 N 0.1614 N

Table 2. Parameters and values used for the numerical model.

Parameter Value

SPH kernel Quintic Wendland
Fluid and solid interaction Project Chrono
Particle spacing 0.004 m
Smoothing length 1:2

ffiffiffi
2
p

dp

Density diffusion 0.1
Diffusion term Fourtakas et al.34

Momentum equation Laminar viscosity
Particle shifting Off
Speed of sound 20

ffiffiffiffiffiffiffi
ghd

p

Reference density 1:34kg=m�3

Polytropic index 7
Viscosity 0.0000148
Time integration Predictor-corrector
Courant number 0.2
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stable flapping period under the condition (F = 16 Hz,
AoA= 15–, and U = 3:5 m=s) is shown in Figure 8.
The curve shows that the simulation and experimental
results closely match for the instantaneous lift.

The average lift discrepancies during a whole clap-
ping period between the experimental and SPH-FEM
measurements are shown in Table 3. There is a devia-
tion from the experimental result, but the difference in
all cases is less than 5%, which is definitely within the

acceptable range. The high similarity between the
instantaneous lift and the low difference in the average
lift indicates that the proposed numerical model meets
the accuracy requirements of this study.

An oscilloscope was assembled to collect current
and voltage to calculate the power consumption of the
CWMAV, considering the uncertainty of frequency
derived from the calculation of the force data period
provided by FC-Nano17. The uncertainty of the angle
of attack was obtained by calibrating the moving image
captured by high-speed cameras. The uncertainty of the
forward velocity is obtained directly from the velocity
sensors of the wind tunnel. For example, the experi-
mentally obtained probability spectral density (PSD)
functions under the flight conditions F = 12 Hz,
AoA= 15–, and U = 3:5 m=s are plotted in Figure 9.
Under wind tunnel conditions with particle image velo-
cimetry (PIV), the U means the wind velocity. The
standard deviations obtained from the PSD function
curves are 0.153, 0.462, and 0.05, respectively.

RBDO

RBDO framework. The aerodynamic performance of the
CWMAV is susceptible to random processes arising
from unavoidable uncertainties. RBDO in this study
aims to solve the optimal control parameters for the

Figure 6. Schematic diagram of control variables.

Figure 7. Diagram of the experiment platform composition.
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best aerodynamic performance while using the experi-
mentally obtained uncertainties. The probability of
meeting the desired requirements for CWMAV optimi-
zation is as follows:

R=Pr G Xð Þ.0ð Þ ð5Þ

where R is the reliability, Pr represents the probability
function, G Xð Þ is the performance function, and X is a
vector containing the design variables that are suscepti-
ble to uncertainties.

Compared with traditional design optimization
methods, RBDO represents a substantial improvement
considering optimization objectives and reliability con-
straints, as follows:

min cost dð Þ

s:t:
Rj =Pr Gj dð Þ.0

� �
øR0

dL ł dł dU

(
ð6Þ

where cost dð Þ is the cost function of aerodynamic per-
formance, d represents the design variables (F, AoA,
and U ), Rj is the jth reliability, R0 is the required relia-
bility, dL and dU are the lower and upper boundaries of
the design variables, respectively.

Based on the uncertainties measured and analyzed
by experiment, the objective of optimization is set as
maximizing the lift-to-power ratio, using the F, AoA,
and U as design variables. In all cases, the range of
design variables is introduced based on the actual flight
conditions,19 as follows:

4 ł F ł 30

�10 ł AoA ł 60

0 ł U ł 6

8<: ð7Þ

RBDO for clapping wings using Kriging model. In this study,
the aerodynamic characteristics were calculated
using the lift obtained from the SPH-FEM simulation
and the power consumption obtained from the experi-
mental measurements. Although the proposed SPH-
FEM simulations can significantly increase the accu-
racy and efficiency of lift solving, the computational
cost also increases, particularly when multiple design
variables are involved. Therefore, the high-fidelity aero-
dynamic analysis model was approximated using a sur-
rogate model.

For the current optimization problem involving
three design variables, Kriging model has proven to be
highly effective and accurate.18 Three Kriging models
for different parameters were constructed: the Kriging
model for power consumption based on the experimen-
tal data, the lift Kriging model based on high-fidelity
SPH-FEM simulations, and the lift-to-power ratio
Kriging model to combine the data from the first two
models. The training strategy includes five steps: 1)
Latin hypercube sampling (LHS), 2) analysis using the
three initial Kriging models, 3) addition of new

Figure 8. Instantaneous lift difference between experimental
and simulation measurements (F = 16 Hz, U= 3:5 m=s,
AoA= 15– ).

Table 3. Average lift differences between experimental and simulation measurements.

Cases Experiment (N) Simulation (N) Differences (%)

F = 8 Hz, U= 3:5 m=s, AoA= 15– 0.1327 0.1356 2.1
F = 12 Hz, U= 3:5 m=s, AoA= 15– 0.1616 0.1601 0.9
F = 16 Hz, U= 3:5 m=s, AoA= 15– 0.1639 0.1666 1.6
F = 16 Hz, U= 0:5 m=s, AoA= 15– 0.0372 0.0385 3.4
F = 16 Hz, U= 1:5 m=s, AoA= 15– 0.1080 0.1058 2.0
F = 16 Hz, U= 2:5 m=s, AoA= 15– 0.0920 0.0935 1.6
F = 16 Hz, U= 4:5 m=s, AoA= 15– 0.2285 0.2302 0.7
F = 16 Hz, U= 3:5 m=s, AoA=� 10– 0.0223 0.0225 0.8
F = 16 Hz, U= 3:5 m=s, AoA= 0– 0.0418 0.0413 1.1
F = 16 Hz, U= 3:5 m=s, AoA= 7:5– 0.0822 0.0841 2.3
F = 16 Hz, U= 3:5 m=s, AoA= 30– 0.3047 0.3041 0.2
F = 16 Hz, U= 3:5 m=s, AoA= 45– 0.3317 0.3337 0.6

Zhang et al. 7



samples, 4) error estimation, and 5) search for optimal
results using PSO-based RBDO.

Two types of cases with different numbers of vari-
ables were discussed in this study. The first case designs
two control variables: d 2½ �= F,AoA½ �. The forward
velocity U is defined as a constant, considering that the
forward velocity is sometimes uncontrollable in
CWMAVs control. The second case defines forward
velocity as a variable, leading to three variables:
d 3½ �= F,AoA,U½ �. The number of initial samples and
variables are N and n, respectively, then the initial sam-
ple matrix can be expressed as

dini =

d1
1 � � � d1

n

d2
1

. .
.

d2
n

..

. . .
. ..

.

dN
1 � � � dN

n

266664
377775 ð8Þ

where the elements in each row represent one round of
sampling di, L=Pi is calculated by the lift-to-power ratio
Kriging model. The matrix can be rewritten as

Dini =

d1
1 � � � d1

n L=P1

d2
1

. .
.

d2
n L=P2

..

. . .
. . .

. ..
.

dN
1 � � � dN

n L=PN

266664
377775 ð9Þ

New samples were added to train the initial model
Dini according to the mean-square error (MSE) between
the expected and actual answers, calculated as follows:

MSE=
1

K

XK
k= 1

gL=P dkð Þ � L=P dkð Þ
� �2
� �

ð10Þ

where dL=P dkð Þ and L=P dkð Þ are the Kriging prediction
and the true responses for the kth sample, respectively.

An MSE estimator, shown in Appendix 1, is used to
identify the point of maximum MSE, where a new
training sample is added. In addition to the maximum
MSE point, another maximum MSE point inside a
moving search window was regarded as the second
added point in the optimization loop. This strategy of
adding samples, known as accelerated Kriging, avoids
superfluous repetitions when the maximum MSE point
lies further from the optimal design location.

The Kriging model with two control variables is used
as an example to explain the moving search window
mechanism. The moving search window for two design
variables can be defined as

dL
i+ 1, d

U
i+ 1

	 

= d

opt
i � 0:5Q, d

opt
i + 0:5Q

	 

Q= q � dL + dU

� � ð11Þ

where dopt is the optimal result, Q represents the range
of the moving search window, and q is a scale factor. In
this study, three values of q(q=0.25, 0.15, and 0.1) are
compared.

The initial predictions for six samples are presented in
Figure 10(a). Figure 10(b) and (c) show the surface and
top views of the MSE, respectively. The accelerated
Kriging model is proposed using a moving search win-
dow to accelerate convergence. Both the global maximum
MSE point and the local maximum MSE point inside a
moving search window are added into the loop. The mov-
ing search window shown in Figure 10(c) as a white rec-
tangle allows an additional training sample to be closer to
the region of interest. When the number of design vari-
ables increases to three or more, the moving search win-
dow would become a surface or hypersurface constraint.

After adding new training samples, two convergence
criteria are established as follows: CC1: The optimal
prediction error for two consecutive cycles should be
less than a given threshold c1:

Figure 9. Probability density distribution for uncertainty quantization of design variables of flapping frequency, angle of attack, and
forward velocity.
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Error i =
fL=P

opt

i
�L=P

opt

i

��� ���
L=P

opt

i

Error i ł c1

Error i�1 ł c1

� ð12Þ

where Errori is the results error of the i th iteration,gL=P
opt
i represents prediction at the optimal point, and

L=P
opt
i is the true response.
CC2: The difference between optimal predictions in

two consecutive cycles should be less than a given
threshold c2:

L=P
opt
i � L=P

opt
i�1

�� ��
L=P

opt
i�1

ł c2 ð13Þ

c1 = 2% and c2 = 3% for the design and optimization
of CWMAV.

The PSO algorithm was used to accelerate the pro-
cess of selecting a new training sample. PSO is a known
metaheuristic technique inspired by the swarm behavior
of flocks of birds and shoals of fish, which enables the
search of many design space regions. The setup para-
meters of the

PSO algorithm adopted in this study are listed in
Table 4.

Using the Kriging approximation, equation (6) can
be rewritten as

Gj dð Þ= gL=P dð Þ � R1

dL ł dł dU

�
ð14Þ

where R1 is the required magnitude of L=P. The goal is to
maximize L=P through the solution of the control para-
meters under uncertainties. A constraint on the objective
was set according to the reliability-based analysis for the
cases. The case with two variables requires an L=P ø 0:12

with a reliability of ø 0:9974 that corresponds to the
three-sigma concept. For the case with three variables,
controllable forward velocity leads to larger L=P. So, the
required L=P and reliability of the case with three vari-
ables are 0.125 and 0.9974, respectively.

To compare the efficiency of moving windows of
different sizes, values of q= 0:25, 0:15, and 0.1 were
adopted in the accelerated Kriging for comparative
analysis. The results for q= 0:25 are presented in
Tables 5 and 6 for RBDO using two and three design
variables, respectively.

Results and discussions

RBDO with two variables

Due to the instability and uncontrollability of the for-
ward velocity, RBDO with two variables searches for the
optimal design of the flapping frequency and angle of
attack under constant forward velocity U = 3 m=sð Þ. Six
samples were used to generate the initial Kriging model.
In Table 6, for q= 0.25, the optimal design variables
are [10.3579, 21.4935] with the highest lift-to-power ratio
L=P= 0:1301 and the reliability 0.9986, which sacrifice
the constraint. Reliability requirements are shown not to
be met at the beginning of iterations, but the proposed
method can help meet the target requirements in only
five iterations. When the moving search window size of
accelerated Kriging is decreased to q= 0:15 or 0.1, the
number of iterations is reduced from 4 to 3.

Figure 10. Initial accelerated Kriging model for the case with two variables: (a) response, (b) MSE model, and (c) moving search
window for choosing new samples.

Table 4. Parameters in the PSO design and optimization.

Parameters Value

Number of variables 2 or 3
Maximum iterations 1000
Number of swarms 1000
Minimum and maximum inertia weight 0.4 and 0.9
Two acceleration factors 2 and 2
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Although higher F or AoA can result in more lift, the
optimization results show that the optimal design point
of the highest L=P is not where the lift is at its maxi-
mum. This is because higher values of F or AoA can
increase power consumption, as validated by experi-
ment. As an extremely lightweight MAV, it cannot use
batteries with high energy density or large volume.
When the CWMAV needs to carry many sensors and
other devices to achieve greater autonomy, a control
strategy consisting of F,AoA,U for high L=P must be
considered in higher-payload scenarios. For the proto-
type illustrated in Figure 6, an angle of attack of
10:3579– and a flapping frequency of 21:4935 Hz are
optimal design values in Table 6, which can inspire the
design concept of the next generation of CWMAVs.

RBDO with three variables

For RBDO involving three variables (F, AoA, and U),
20 initial samples were generated by the LHS method
to develop the initial Kriging model. In Table 6, it is
found that the optimal point is [10.481,18.2278,4.17722]
under q= 0:25. The highest L=P prediction is 0.1414
with a reliability of 0.9996.

Compared to the two-variable case, there are differ-
ences in the control parameters for flapping frequency
and angle of attack, indicating a strong coupling among
these three design variables. Controlling only one or
two control parameters is definitely not the optimal
control strategy. In addition, a larger magnitude of
L=P 0:1414 ø 0:1301ð Þ is achieved in RBDO with three
variables. The results suggest that the optimal control
strategy concluded for the cases with F and AoA should
be adjusted when the forward velocity is changing. In
addition, it is found that the optimal design is sensitive
to the size of the moving search window, with the num-
ber of training iterations decreasing from 6 to 5 or 4.

Effectiveness of the proposed Kriging model

In this study, a moving search window was used to
accelerate the convergence of the Kriging model.
Compared with the classical Kriging model, the accel-
erated Kriging model can achieve the same goals with
fewer interactions. The higher computational efficiency
and accuracy are evident in Table 7.

In addition, a narrower window of q= 0:15 or 0.1
can accelerate convergence more than a narrower

Table 6. Updating process for three variables.

Iterations Design variables –,Hz,m=s½ � L=P N=W½ � MSE Max MSE Error [%] Reliability

0 [10.4810, 22.0253, 3.6937] 0.1344 1.83e-4 0.0011 3.96 0.9821
1 [9.87342, 18.2278, 3.9494] 0.1384 2.89e-05 0.0016 3.19 0.9955
2 [9.44062, 18.5966, 3.9392] 0.1391 1.83e-05 0.0015 2.33 0.9978
3 [10.0759, 18.2278, 4.1013] 0.1393 2.82e-05 0.0014 2.12 0.9989
4 [10.8861, 19.1772, 4.1772] 0.1406 4.13e-05 0.0014 1.82 0.9998
5 [10.4810, 18.2278, 4.1772] 0.1414 1.44e-05 0.0013 1.23 0.9995
6 [10.4810, 18.2278, 4.1772] 0.1414 1.18e-05 0.0012 1.23 0.9996

Table 7. Comparison between classical and accelerated Kriging models.

Parameter Classical Kriging model Accelerated Kriging model

Design variables 2 3 2 3
Optimal design points [10.3421, 21.3922] [10.4591, 18.212, 4.1772] [10.3579, 21.4935] [10.4810, 18.2278, 4.1772]
Optimal prediction 0.13102 0.1412 0.13009 0.1414
Iterations 6 9 4 6

Table 5. Updating process for two variables and one constant.

Iterations Design variables –,Hz½ � L=P N=W½ � MSE Max MSE Error [%] Reliability

0 [12.0882, 14.3255] 0.1303 0.0009 0.0033 3.53 0.9931
1 [10.1847, 20.3851] 0.1310 0.0012 0.0029 3.22 0.9955
2 [9.9595, 20.9481] 0.1319 0.0011 0.0024 2.65 0.9989
3 [10.4473, 21.7624] 0.1306 0.0002 0.0023 1.07 0.9984
4 [10.3579, 21.4935] 0.1301 0.0001 0.0023 1.15 0.9986
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window of q= 0:25. The narrower moving search win-
dow accelerates the search process by reducing the
number of iterations and time cost, but a narrower win-
dow may cause local convergence for nonlinear prob-
lems of a lot of design variables. Therefore, narrower
search windows are recommended when the number of
design variables is small or for a highly convex design
space.

Conclusions

This study first addresses the calculation of the lift-to-
power ratio. A high-fidelity aerodynamic analysis
model was constructed using the SPH-FEM method to
handle the three-dimensional flexible wings of
CWMAVs. Experimental data were analyzed to vali-
date the numerical model and measure power con-
sumption. There was a deviation from the experimental
result compared to the proposed aerodynamic analysis,
but the difference was less than 5% for different flap-
ping frequencies, angles of attack, and forward
velocities.

Secondly, given the variety of uncertainties in the
flapping flight of CWMAVs, reliability-based design
optimization was performed using an accelerated
Kriging model to identify optimal key control para-
meters that maximize the lift-to-power ratio. The
uncertainties of the control parameters were quantified
by PSD functions using the built experiment. The accel-
erated Kriging model using a moving search window is
proved to be more efficient by the cases with two and
three variables. Moreover, a narrower moving search
window of the accelerated Kriging model measured by
the q value can reduce iterations to speed up the opti-
mization loop. A narrower window of q= 0:15 or 0.1
can accelerate convergence more than a narrower win-
dow of q= 0:25.

Finally, the model accurately determined the con-
trol parameters that yield the maximum lift-to-power
ratio under different uncertainties. Through iterations
of 4 times, an angle of attack of 10:3579– and a flap-
ping frequency of 21.4935Hz are optimal design val-
ues in the case of two variables with the highest lift-
to-power ratio of L=P= 0:1301 and the reliability of
99:86% when the forward velocity is defined as con-
stant U= 3 m=s. Through iterations of 6 times, an
angle of attack of 18:2278–, a flapping frequency of
10:481 Hz, and a forward velocity of 4.7722 m=s are
optimal design values in the case of three variables
with the highest lift-to-power ratio of L=P= 0:1414

and the reliability of 99.96%. A larger magnitude of
L=P(0:1414 ø 0:1301) is achieved by adjusting three
variables.

In this paper, reliability-based design optimization of
control parameters for the optimal lift-to-power ratio

of clapping-wing micro air vehicles is novelly proposed,
considering different flapping frequencies, angles of
attack, and forward velocities. This approach addresses
the challenge of achieving high lift in CWMAVs with
extremely limited volume.

Future work

This study aims to find the best control parameters to
make CWMAVs fly more efficiently. However, aerody-
namic analysis shows that the geometry of the wings
also significantly impacts lift and power consumption.
Therefore, future studies will focus on solving struc-
tural parameters using the RBDO framework to maxi-
mize the lift-to-power ratio of CWMAVs.
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4. Karásek M, Muijres FT, De Wagter C, et al. A tailless

aerial robotic flapper reveals that flies use torque cou-

pling in rapid banked turns. Science 2018; 361(6407):

1089–1094.
5. Li P, Ai Z and Zhang M. Optimized actuator design for

flapping-wing robots: a multi-objective approach to

mimic natural flapping dynamics. Adv Mech Eng 2025;

17(4): 16878132251335551.

Zhang et al. 11

https://orcid.org/0000-0003-1530-5969
https://orcid.org/0000-0003-3473-5032
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8. Yesilbas E, Özgür B, Ozen E, et al. Simultaneous and

stochastic design of piston-prop tuav vertical tail and its
autonomous system. Aircr Eng Aerosp Technol 2025;
97(4): 395–404.
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Appendix 1

For an unknown response function f xð Þ, where x is a
vector with the design variables, the response function
can be approximated using the Kriging metamodel as

f̂ xð Þ= h xð ÞTv+D xð Þ ð15Þ

where f̂ xð Þ is the prediction from the Kriging model,
h1 xð Þ½ , h2 xð Þ, . . . , hp xð Þ



, are the vectors of regression

function, and v1, v2, . . . , vp

	 

are the unknown coeffi-

cient vectors.
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In Eq. 15, h xð ÞTv indicates the prediction trend; D xð Þ
is a Gaussian process with zero mean and covariance
cov D xið Þ,D xj

� �� �
, which is determined as

cov D xið Þ,D xj

� �� �
=s2

DR xi, xj

� �
ð16Þ

where s2
D is the variance of the Gaussian process and

R xi, xj

� �
is the correlation function of the Gaussian

process.
For the Kriging meta-model with nis initial samples,

xi, f xið Þ½ �, where i= 1, 2, . . . , nis; the coefficient vector v
in Eq. 15 is calculated as follows:

v= HTR�1H
� ��1

HTR�1f ð17Þ

where R is a correlation matrix with elements R xi, xj

� �
,

i, j= 1, 2, . . . , nis, H= h x1ð ÞT , h x2ð ÞT , . . . , h xnt
ð ÞT

h i
and f= f x1ð Þ, f x2ð Þ, . . . , f xnis

ð Þ½ �T .
Using the above equations, the predicted response

for a new point xnew can then be estimated as follows:

f̂ xnewð Þ= h xnewð ÞTv+ r xnewð ÞTR�1 f�Hvð Þ ð18Þ

where

r xnewð Þ= R xnew, x1ð Þ,R xnew, x2ð Þ,ð . . . ,R xnew, xnx
ð ÞÞ

ð19Þ

The prediction MSE at the new point is then calculated
as

MSE x newð Þ=s2
D 1� r xnewð ÞR�1r xnewð Þ+



HTR�1r xnewð Þ � h xnewð Þ
	 
T

HTR�1H
� ��1

HTR�1r xnewð Þ � h xnewð Þ
	 
� ð20Þ

Notation

F Flapping frequency
AoA Angle of attack
U Forward velocity
Wa, b Kernel function
O Set of neighboring particles

b Physical quantity
a Number of particles
xa, b Distance between particles
h Smoothing length
V Volume of particle
m Mass of particle
r Density
u Velocity vector in the x, y, zð Þ -directions
p Fluid pressure
g Gravitational acceleration
rWa, b Kernel gradients
Ca, b Diffusion term
G Dissipative terms
rWa, b Kernel function gradient
d d -SPH coefficient
c0 Speed of sound
v, V Volecity of particles
hd Fluid depth
Q Angular velocity of particles
P Position of particles
R Reliability function
Pr Probability function
G Xð Þ Performance function
X Vector containing the design variables
cost(d) Cost function of aerodynamic

performance
Rj Reliability value of jth iteration
R0 Required reliability value
d Range of design variables
d 2½ �,
d 3½ �

Design space of two and three variables

di Samples of ith iteration
L=Pi Lift to power ratio of ith iteration
Dini Initial training sample matrixgL=P dkð Þ Kriging prediction for the kth sample
L=P dkð Þ True responses for the kth sample
Q Range of moving search window
q Scale factor of moving search window
Errori Results error of the ith iterationgL=P

opt
i

Prediction at the optimal point

L=P
opt
i True response at the optimal point
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