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Abstract—Modeling and simulating realistic insect flight pose
unique challenges due to the complex interaction between multi-
degree-of-freedom wing kinematics and highly precise aerody-
namic forces. To solve this challenge, this paper presents a bidi-
rectional kinematics–aerodynamics coupled simulation frame-
work for miniature insect flight. Our approach first models the
kinematics of flying insects by parameterizing natural wingbeat
cycles based on available real-world datasets. Subsequently,
we compute aerodynamic forces utilizing an improved semi-
empirical model, which extends from quasi-steady formulation
by incorporating critical unsteady force components. To achieve
closed-loop control for both kinematics and aerodynamics, we
employ deep reinforcement learning to train a virtual insect to
adaptively adjust flapping strategies in response to dynamic flight
states. Finally, an integrated controller enables the simulated
insect to autonomously regulate the wing motion and perform
complex tasks such as visual obstacle avoidance. Extensive
experiments and comparisons demonstrate that our framework
can effectively generate physically plausible and autonomous
insect flight across a variety of scenarios.

Index Terms—Insect simulation, flapping flight, physics-based
simulation, data-driven, deep reinforcement learning, kinematics-
aerodynamics coupling.

I. INTRODUCTION

REALISTIC simulation of living organisms, particularly
flying creatures, has numerous potential applications

such as virtual reality, entertainment, digital ecological simu-
lation, and biodiversity modeling; but it remains a profoundly
challenging yet fascinating research topic. In recent years, sig-
nificant efforts have been devoted to simulating a wide range
of flying species, from larger vertebrates including birds [1],
[2] and bats [3], to smaller insects such as butterflies [4] and
fruit flies [5].

To achieve realistic simulations of animal flight, prior re-
search has proposed various approaches for modeling wing
kinematics and aerodynamics. Early methods globally opti-
mized wingbeat kinematics offline under a quasi-steady aero-
dynamic model to generate bird flight that follows a pre-
defined trajectory [1]. Later, based on a quasi-steady aerody-
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namic algorithm, researchers proposed a data-driven paradigm
to learn a continuous controller from motion capture data,
enabling the simulation of a bird that autonomously matches
its wing beats from training data [2]. However, this approach is
highly dependent on the quality and diversity of the captured
data, which limits its ability to generalize to maneuvers that
are underrepresented in the training set. Building upon this
foundational work, subsequent studies extended the applica-
tion of these quasi-steady aerodynamic models to simulate the
aerodynamics of butterfly flight, updating wingbeat parameters
exclusively via manually designed functions [4]. However, the
hand-crafted formulation may produce flight behaviors that
deviate from physical reality, such as allowing an insect to
ascend continuously without wing flapping. Furthermore, these
approaches suffer from a common limitation: they rely on pre-
defined control paradigms - either through global optimization
for a specified path [1], match within a captured motion
database [2], or manually designed laws [4]. As such, the
resulting insect lacks a general-purpose learning mechanism
to autonomously discover and adapt high-level flight strategies
in complex or novel environments.

Compared to avian flight, insect flight presents additional
challenges. First, the tiny size of insects renders the acquisition
of comprehensive motion data, particularly accurate wing
trajectories during flapping, highly challenging. Second, insect
aerodynamics are predominantly governed by unsteady flow
effects; consequently, the sole application of quasi-steady
aerodynamic models is insufficient to account for the force
generation required for realistic insect flight [6], [7].

To date, autonomously generating adaptive control policies
for the tightly coupled kinematics-dynamics system underlying
flapping insect flight remains a significant challenge, primarily
due to the following reasons: (i) The aerodynamics in insect
flight are strongly influenced by unsteady phenomena, making
simplified quasi-steady approximations inadequate for accu-
rate force prediction. (ii) The inherent requirement to tackle a
high-dimensional, nonlinear control problem is induced by the
tight bilateral coupling between multi-degree-of-freedom wing
kinematics and the resulting unsteady aerodynamic forces.

To address these challenges, in this paper we propose a
simulation framework for adaptive insect flight that empha-
sizes bidirectional coupling between kinematics and dynamics.
Specifically, utilizing available insect wingbeat datasets, we
first parameterize natural flapping cycles to generate physically
plausible wing kinematics. We then compute the aerodynamic
forces using an improved semi-empirical aerodynamic model,
which extends the quasi-steady framework by incorporating
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two critical unsteady force components capturing unsteady
effects. The model's semi-empirical parameters are further
re�ned using experimentally measured force data and com-
putational �uid dynamics (CFD) simulation to enhance accu-
racy. Finally, we train insect agents to learn the kinematics-
dynamics coupled control policy via deep reinforcement learn-
ing. Within the simulation environment, the virtual insect
agents autonomously explore and learn the complex map-
ping between wing kinematics and �ight dynamics. Extensive
simulation experiments and comparisons demonstrate that our
method can generate lifelike, autonomous insect �ight motion
across a variety of scenarios.

The main contributions of this work are summarized as
follows:

� We propose an improved semi-empirical aerodynamic
model for insect �ight that incorporates two principal
unsteady force mechanisms and leverages empirical data
optimization to improve the accuracy of force prediction.

� We present a kinematics–dynamics coupled framework
for insect �ight that enables closed-loop control. Within
this framework, the simulated insect can adaptively adjust
its �apping strategies and perform complex �ight tasks.

II. RELATED WORK

In recent decades, researchers have investigated a wide
range of motion control methodologies to animate virtual
characters. Most studies have focused on walking animals
including bipeds [8], [9] and quadrupeds [10], [11]. Flying
creatures such as birds [1], [2] and insects [4], [12] have also
been studied. The explored approaches encompass manually
designed feedback control laws [4], data-driven control strate-
gies [2], [8], and learning-based control methods [13], [14].

Flapping Wing Flight Simulation. Many physically based
modeling and simulation approaches have been developed
for a wide range of �apping �ying organisms, including
birds [1], [2], bats [3], [15], dragon�ies [16], butter�ies [4],
[17], and honeybees [12]. These efforts aim to synthesize
visually realistic and physically plausible �apping-wing �ight
behaviors, often through a combination of kinematic modeling
and aerodynamic forces computing via a quasi-steady aero-
dynamic model. One of early representative works computed
the wingbeat by physical principles to synthesize bird �ight
animations [1]. To enhance bird's wing kinematics realism,
subsequent work incorporated motion capture data of real
bird �ights, allowing for the synthesis of more natural wing
motion [2].

Inspired by the success of avian �ight modeling, similar
approaches have been adapted to simulate insect �ight. Chen
et al. [4] simulated butter�y wing cycle motions using simple
cosine functions and computed aerodynamic forces via a
quasi-steady model, although it lacks biomechanical �delity,
especially in replicating real butter�ies' complex wing motion
characteristics. Researchers proposed a bio-inspired model by
integrating body roll control with quasi-steady aerodynamics
to replicate realistic bee �ight [12]. Unlike birds, insects �y in
low Reynolds number regimes, where unsteady aerodynamic
phenomena, such as additional mass and rotational circulation,

are critical in the generation of aerodynamic forces. Conse-
quently, the application of quasi-steady aerodynamic models
to insect �ight may result in inaccurate force predictions and
unrealistic representations of �ight dynamics. More impor-
tantly, these approaches are fundamentally constrained by their
inability to support generalized learning, which precludes the
autonomous discovery and adaptive optimization of high-level
�ight policies in novel environments.

Compared to previous work [1], [2], [4], [12], our approach
differs in two fundamental aspects: (i) It augments the quasi-
steady aerodynamic model by introducing two critical un-
steady force terms, which better capture the unsteady aerody-
namic effects essential for accurate insect �ight simulation. (ii)
It facilitates the autonomous learning of a generalizable control
policy that dynamically maps high-dimensional �ight states to
optimal wing kinematics through continuous interaction with
the environment.

Deep Reinforcement Learning for Control. In recent
years, deep reinforcement learning (DRL) has emerged as
a powerful framework for the simulation and control of
physically-based agents, particularly in the domains of virtual
character animation [18], [19]. Early reinforcement learning
applications primarily addressed the design of virtual character
controllers using motion capture data [20], as well as motion
planning for physically simulated bipedal agents [21]. With the
advent of deep neural networks, DRL has enabled scalable
function approximation of both control policies and value
functions, allowing agents to learn complex motor behaviors
in high-dimensional, continuous environments [22]. DRL has
proven effective in controlling physically simulated legged
locomotion, enabling agents to acquire adaptive walking skills
for planar bipeds and quadrupeds [23]. This capability is fur-
ther extended to three-dimensional biped locomotion through
a hierarchical control structure [24], where a high-level con-
troller plans long-term goals such as footstep targets, while
a low-level controller executes immediate motor actions to
maintain stability and achieve these goals. In addition to
applications in humanoid control and quadruped locomotion,
DRL has also been utilized for learning control policies in
�apping-wing �ight [13] and aerobatic maneuvers of imagi-
nary dragon [14].

Although prior studies [13], [14] employ DRL to simulate
wing �apping motion, their objectives differ markedly from
ours. In their earlier work [13], DRL is primarily applied to
example-guided motor skill acquisition, where user-provided
keyframes guide the learning of diverse �ight behaviors
through an evolutionary-aided exploration strategy. This line
of research is subsequently extended in [14], where DRL is
combined with self-regulated learning to achieve aerobatic
maneuvers for an imaginary dragon by adaptively adjusting
the sub-goals and rewards during training. In contrast, our
work leverages DRL to learn autonomous control policies
for realistic insect �apping �ight by exploiting the coupling
between kinematics and dynamics.

III. OVERVIEW OF OUR APPROACH

Our method is composed of three inter-related modules:
kinematics modeling, dynamics computation, and kinematics-
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Fig. 1. Schematic view of our approach.

dynamics coupled control. Fig. 1 illustrates the pipeline of
our approach, while Table I summarizes the main symbols
and their de�nitions used in this paper. A brief overview of
each module is provided below.

Kinematics modeling.We construct an insect mesh model
rigged with a hierarchical hinge structure to animate wing
�apping, parameterizing natural wingbeats as smoothly con-
junctive cycle motions based on real-world datasets. Moreover,
we create a wing �apping generator driven by frequency
and amplitude parameters to simulate continuous and periodic
wingbeats.

Dynamics computation.In addition to quasi-steady forces
employed in the semi-empirical aerodynamic model, we sys-
tematically incorporate two unsteady forces to capture the
intrinsic unsteady effects inherent to wingbeats. Subsequently,
we construct CFD experimental datasets to optimize the
coef�cients of this aerodynamic model. Finally, leveraging
the proposed aerodynamic model, we achieve control over
insect motion through integration with wing-body coupling
mechanisms.

Kinematics-dynamics coupled control.We model the vision-
based perceptual ability of the insect using a virtual camera
sensor, and then further construct a policy to train the insect
in visually guided �ight tasks. Leveraging real insect motion
datasets, we map wing kinematics to aerodynamic dynamics
and invert this mapping via DRL to enable real-time maneu-
vering control.

IV. K INEMATICS MODELING

We construct 3D models of two representative insect species
with distinct �apping mechanisms: (i) the blue Morpho but-
ter�y ( Lepidoptera), characterized by low-frequency, large-
amplitude wingbeats using two pairs of broad wings, and (ii)
the hover�y (Diptera), which exhibits high-frequency, small-
amplitude wingbeats with a single pair of narrow, elongated
wings. The wing morphological and kinematic characteris-
tics of the blue Morpho and hover�y, including wingbeat

TABLE I
MAIN SYMBOLS AND DESCRIPTIONS USED IN THIS PAPER.

Symbols Descriptions Unit

� roll angle deg
� pitch angle deg
 yaw angle deg
� stroke angle deg
� deviation angle deg
� rotation angle deg
A wingbeat amplitude deg
f wingbeat frequency Hz
v velocity m=s
a acceleration m=s2

! angular velocity rad=s
� angle of attack deg
� air density kg=m3

frequency and amplitude, are reported in [25]–[27]. Each
insect model, aligned with physiological structures, comprises
four components: head, thorax, abdomen, and wings (shown
in Fig. 2), where wings are connected to the thorax via
complex biological hinges [28]. Inspired by the work of [17],
a hierarchical hinge structure is designed to drive �apping
motion, as illustrated in Fig. 2. As shown in Fig. 3, each
wing's �apping motion is de�ned by three rotational angles:
stroke, deviation, and rotation. Concurrently, the insect's body
exhibits six degrees of freedom in motion, with its orientation
described by yaw, pitch, and roll angles.

A. Wingbeat Parameterization

The wingbeat of an insect can be generally decomposed
into three time-varying angular components: stroke angle� ,
deviation angle� , and rotation angle� (shown in Fig. 3(a)).
Inspired by previous work [29], we construct a natural wing-
beat cycle by extracting the average motion from multiple
wingbeat cycles and �tting it using a Fourier series. This �tted
result is de�ned as the baseline wingbeat cycle. Capitalizing
on the Fourier series' exceptional ability to capture periodic
patterns, we truncate the expansion after the third harmonic
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Fig. 2. Schematic illustration of two 3D insect models and their anatomical
structures. (a) shows the constructed 3D models for two selected insects: a blue
Morpho butter�y and a hover�y. (b) shows the insects' anatomical structures
and the hierarchical hinges rigged with their wings.

Fig. 3. (a) illustrates the three �apping angles de�ned in the wing coordinate
system; (b) depicts the three body posture angles in the body coordinate
system.

to achieve a pragmatic compromise between reconstruction
accuracy and parametric ef�ciency. The angles of the base-
line wingbeat cycle are expressed as a periodic function
W (t) = a0 +

P 3
n =1 [an cos(2�nt ) + bn sin(2�nt )], where

W (t) denotes the wingbeat angle,a0 is the mean wing angle
over a cycle,an andbn are the Fourier coef�cients of then-
th harmonic, andt is dimensionless time normalized to one
wingbeat cycle. Using the blue Morpho butter�y datasets [30]
as an example, Fig. 4 demonstrates the �tting process for
baseline wingbeat cycles, including stroke, deviation, and
rotation angles.

To generate dynamically varying wingbeat motions, we in-
troduce a frequency–amplitude modulation mechanism, which
generalizes the baseline wingbeat cycle by adjusting its fre-
quency and amplitude. The extended wingbeat motion is
expressed as follows:

W � (A � ; f � ; t) = a0 +
A �

Ab

3X

n =1

"

an cos
�

2�n
f �

f b
t
�

+ bn sin
�

2�n
f �

f b
t
� #

; � 2 f �; �; � g (1)

Fig. 4. Baseline wingbeat cycles of stroke, deviation, and rotation motion
using Fourier series �tting. The dotted lines and the shadow regions denote
the mean values and standard deviations of real wingbeat data, respectively.

Fig. 5. (a) illustrates the generation of diverse �apping cycles by applying
amplitude scaling and frequency time-warping to a baseline wingbeat cycle;
(b) demonstrates the smooth transition between consecutive wingbeat cycles.

whereAb and f b denote the amplitude and frequency of the
baseline wingbeat cycle;A � and f � represent the varying
amplitude and frequency for three angular components that
vary over time, i.e. stroke angle� , deviation angle� and
rotation angle� , respectively. Fig. 5(a) shows how variations
in A � and f � affect the resulting �apping motion within a
cycle.

However, when the wingbeat amplitude varies continuously,
discontinuities may occur between adjacent �apping cycles.
To mitigate this, we introduce a sigmoid-based transition
function that ensures smooth interpolation of amplitude across
successive wingbeats. Speci�cally, for a transition from the
i -th to the (i + 1) -th wingbeat over the interval[ts; te], the
smoothed amplitude is computed as follows:

A � (t) = A �
i +( A �

i +1 � A �
i )

1

1 + exp
h
� 


�
t � t s
t e � t s

� 1
2

�i ; (2)

where A i and A i +1 denote the amplitudes of thei -th and
(i + 1) -th wingbeats, respectively;� 2 f �; �; � g denotes the
angular components;
 is a smoothing factor that controls the
transition sharpness;ts andte represent the start and end times
of the transition interval. Unlike the method in [1], which
requires recomputing the motion twice within the transition
region to achieve smooth �apping, our method eliminates the
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need for forward recomputation and facilitates more ef�cient
and seamless blending between consecutive wingbeat cycles
(shown in Fig. 5(b)).

V. DYNAMICS COMPUTATION

Insect �ight dynamics is primarily governed by aerody-
namic forces generated through wingbeat kinematics. In order
to model the aerodynamic force accurately, we propose a
comprehensive aerodynamic model by combining: (i) quasi-
steady forces modeled with the blade element model [31],
[32], and (ii) unsteady contributions from added mass effects
and rotational circulation force. The aerodynamic coef�cients
are optimized using empirical datasets including visually
measured experimental data [33] and our CFD simulation
dataset (refer to the supplemental document) to improve the
accuracy of aerodynamic force prediction. Subsequently, the
torques generated by wing dynamics are applied to the body
to induce yaw, pitch, and roll motions, thereby achieving
dynamic coupling between the insect's wings and body.

A. Aerodynamic Modeling

Following the blade element method [31], [32], a wing is
discretized into a series of equally spaced spanwise blade
elements, as illustrated in Fig. 6(a), with each element modeled
as a two-dimensional airfoil. Aerodynamic forces and torques
acting on each element are then computed using a quasi-steady
aerodynamic model. The total aerodynamic force and torque
exerted on the �apping wing are subsequently obtained by
integrating the contributions from all blade elements.

Fig. 6. (a) Thei -th blade element is located at radial distancer i from
the wing base, with chord lengthci and spanwise width� r . Its half-chord
point (black circle) is taken as the representative location for evaluating
aerodynamic forces. (b) The angle of attack� is de�ned as the arctangent
of the ratio between the normal velocity componentv n and the tangential
velocity componentv t .

Quasi-steady force.Based on quasi-steady aerodynamic
theory [34], [35], the simpli�ed aerodynamic forces generated
by insect wingbeat motion primarily consist of lift and drag
forces. Inspired by previous studies of bird �apping simula-
tions [1], [2] and insect wingbeat simulations [4], [17], we
model the instantaneous lift and drag forces acting on thei -th
blade element as follows:

8
><

>:

Fl;i =
1
2

�c i kv i k2Cl;i (� i )� r;

Fd;i =
1
2

�c i kv i k2Cd;i (� i )� r;
(3)

whereFl;i and Fd;i are the translational lift and drag forces
for the i -th blade element, respectively;ci and � r are the
chord length and spanwise width of thei -th blade element,
respectively;� is an air density constant; andv i is the air
velocity over the surface of thei -th blade element.

Different species of �ying insects exhibit different lift
and drag coef�cients due to interspeci�c variations in wing
morphology and kinematic patterns [7]. In addition, intraspe-
ci�c differences in wing geometry, such as shape and aspect
ratio, can also lead to some variations in these aerodynamic
coef�cients [36]. Inspired by prior studies [6], [33], the lift
coef�cients Cl (� ) and drag coef�cientsCd(� ), which vary
with the angle of attack� , are commonly expressed in terms
of two semi-empirical coef�cients. The functional forms are
given by:

(
Cl;i (� i ) = CP � sin � i cos� i ;

Cd;i (� i ) = CP � sin2 � i + CD 0 ;
(4)

whereCP � represents the sensitivity of the quasi-steady pres-
sure force coef�cient to the angle of attack, de�ned as the
derivative of the pressure coef�cientCP with respect to� at
� = 0 ; the drag coef�cient offsetCD 0 is equal to the drag
coef�cient at � = 0 . And � i is the i -th blade element's angle
of attack, which can be computed as follows:

� i = tan � 1(
kvn;i k
kv t;i k

); (5)

where vn;i and v t;i are the components of the air velocity
along the normal of thei -th blade element surface and along
the tangent direction, respectively (illustrated in Fig. 6(b)).
Fig. 7 plots the relation between the angle of attack� and the
coef�cients Cl (� ) andCd(� ).

Fig. 7. Empirically �tted lift coef�cients Cl (� ) and �tted drag coef�cients
Cd (� ) plotted against the wing's local angle of attack� .

Unsteady force. While quasi-steady aerodynamic models
have proven effective in capturing the general trends of force
generation during insect �apping �ight, they inherently neglect
key unsteady mechanisms that become prominent during rapid
wing accelerations and stroke reversals [37]. In particular, the
dynamic interaction between the wing and the surrounding
�uid leads to transient forces that cannot be explained by
steady-state assumptions alone. To address these limitations,
we incorporate two major unsteady aerodynamic components:
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the added mass force and the rotational circulation force [38],
[39].

Added mass force. Due to the superposition of the wing's
instantaneous acceleration with the ambient �ow �eld, the
added mass force arising in a real �uid can be effectively
approximated using inviscid �ow theory, as described in clas-
sical potential �ow formulations [40], [41]. Classical inviscid
�ow theory [42], [43] predicts the surface-normal component
of the added mass force acting on a thin �at plate with chord
lengthc and spanwise width� r as:

Fa;i = �
�
4

�c 2
i k _vn;i k� r; (6)

whereFa;i is the added mass force for thei -th blade element;
and k _vn;i k is the magnitude of the acceleration along the
normal of thei -th blade element surface.

Rotational circulation force. The rotational circulation force
arises during the rapid rotational motion of insect wings,
particularly near stroke reversal. When the wing rotates around
its leading edge at high angular velocities, it generates a
rotational circulation that is distinct from the quasi-steady
circulation induced by translational motion [39]. Inspired the
previous works [6], [44], the rotational circulation force can
be de�ned as follows:

Fr;i = �c 2
i _� i kvn;i kCr � r; (7)

whereFr;i is the rotational circulation force for thei -th blade
element; and _� i is the angular velocity that represents the
time derivative of the wing's rotation angle. The coef�cient
Cr represents the rotational circulation contribution, which in
the classical theory is de�ned asCr = � (3=4� x̂0), wherex̂0

is the normalized position of the rotational axis. In practice,
Cr should be regarded as an semi-empirical parameter and
optimized against experimental data, as it may vary with wing
morphology.

Resultant forces and torques.Let F ji =
P

�2f l;d;a;r g F� ;i �
n̂ � ;i be the resultant aerodynamics force acting on thei -th
blade element of thej -th wing, wheren̂ � represents the unit
direction vector associated with each force component. Then
the instantaneous force and torque acting on the skeleton from
the j -th wing are:

F j =
X

i

F ji ; and � j =
X

i

r ji � F ji ; (8)

wherer ji is the moment arm from the center of body mass
to the center of thei -th blade element of thej -th wing. Addi-
tionally, the resultant aerodynamic forceF r =

P
j F j serves

as the primary driver of the insect's locomotion, facilitating
forward velocity generation and position updates. The corre-
sponding resultant aerodynamic torque� r =

P
j � j induces

rotational motion about the body axes, thereby modulating the
insect's orientation through roll, pitch, and yaw control.

B. Model Coef�cients Optimization

As described above, our aerodynamic model involves three
semi-empirical coef�cients (i.e.,CP � , CD 0 , andCr ). Instead
of assigning these coef�cients empirically, which may result in
a reduced accuracy, we determine their values through particle

swarm optimization (PSO). In this procedure, experimental
aerodynamic datasets are employed as the ground-truth ref-
erence. The discrepancy between the experimental measure-
ments and our aerodynamic model predictions is quanti�ed
using the mean squared error (MSE) metric� , de�ned as
follows:

� =
1

NcNs

N cX

c=1

N sX

s=1

kFexp
c;s � F r

c;s k2; (9)

where Fexp
c;s and F r

c;s denote the experimental aerodynamic
force and the resultant force predicted by our aerodynamic
model, respectively, at time samples within wingbeat cycle
c. Nc is the total number of cycles, andNs is the number of
discrete time samples per cycle.

Using our CFD simulation dataset as a case study, the PSO
algorithm is con�gured with a swarm size of 100 particles
and a maximum of 500 iterations to ensure adequate conver-
gence toward the optimum. The algorithm iteratively re�nes
the coef�cients with the objective of minimizing� . In our
experiments, convergence is achieved after approximately 370
iterations, yielding the optimal parameter set:CP � = 2 :61,
CD 0 = 0 :09, and Cr = 0 :41, which resulted in a minimum
error of � = 0 :0205.

C. Wing-body Coupling

In insect �ight, body roll and yaw motions are induced by
torque asymmetries between the left and right wings, while
asymmetries between the upstroke and downstroke phases
within each wingbeat cycle give rise to periodic pitch oscilla-
tions. The rotational dynamics of the body under aerodynamic
torques are described by the Euler's equations of motion
in classical mechanics. To explicitly solve for body angular
accelerations, the equations are reformulated as:

_! = I � 1 (� r � ! � (I ! )) ; (10)

where! and _! are the angular velocity and angular acceler-
ation about body axes, respectively. Speci�cally, the angular
velocity vector is de�ned as! = [ _�; _�; _ ]T , where� , � , and 
denote the roll, pitch, and yaw angles of the body, respectively
(as illustrated in Fig. 3(b)). Inspired by the work [45], we
calculate the moment of inertiaI for the body as a prolate
spheroid, the moment of inertia of the prolate spheroid about
the primary axes is:

I =

2

4
I x 0 0
0 I y 0
0 0 I z

3

5 and

8
>>>><

>>>>:

I x =
m
5

(b2
w + b2

d);

I y =
m
5

(b2
l + b2

d);

I z =
m
5

(b2
l + b2

w );

(11)

whereI x , I y andI z are the component of inertia along the x,
y, and z axes, respectively;m is the total mass of the insect;
bl , bw and bd represent the length, width, and depth of the
insect body, respectively. In addition, wings exhibit passively
coupled kinematics that follow the insect's body rotations as
a result of their hinge attachment to the thorax.
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