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Abstract—In nature, birds exhibit outstanding attitude control,
enabling flexible and efficient takeoff, hovering and landing
— capabilities that have not been fully replicated. Thus, we
introduce the lightweight bio-inspired rotary-wing drone (L-
BIRD). It incorporates a spherical structure, which can imitate
birds’ attitude variation and land on complex surfaces adaptively.
L-BIRD employs a model predictive control (MPC) framework to
enable real-time tracking of bird-like attitude trajectories derived
from bio-inspired parameter pairs. To facilitate lightweight
deployment on resource-constrained hardware platforms, we
improve MPC framework by multi-path primal-dual neural
network (PDNN), matrix sparsity and multiplicative optimiza-
tion. Experimental results, both in simulations and real-world
deployments, demonstrate that L-BIRD realizes accurate and
efficient biomimetic attitude control and diverse environmental
adaptability. The attitude trajectory mean-square error (MSE)
decreases to 0.0042 rad, random access memory (RAM) usage
reduces by 39.3%.

Index Terms—Bio-inspired robots, model predictive control
(MPC), primal-dual neural network (PDNN), drone control.

I. INTRODUCTION

ROM perching to hunting, birds exhibit remarkable flight

capabilities in nature. They can land and re-takeoff flexi-
bly on various complex surfaces [1], [2], enabled by dynamic
adaptation and precise attitude regulation. Although the flight
dynamics of a flapping-wing bird differ fundamentally from
those of quadcopters, the birds’ ability to approach complex
surfaces at diverse landing angles and to achieve smooth tran-
sitions between multiple flight modes remains worth emulating
for quadcopter design. However, how to replicate these flight
abilities in bio-inspired research is still a key challenge in the
field of bionic flight [3].

Currently, bionic flight research primarily focuses on struc-
tural bionics and behavioral bionics. Structural bionics en-
hance the maneuverability of flying vehicles by imitating
the morphological features of bird wings and tails, such as
unmanned aerial vehicles (UAVs) with bionic foldable wing
design and UAVs with deformable wings [4], [5]. In terms
of more advanced behavioral bionics, researchers currently
focus on attitude control of flying vehicles [6], [7]. Existing
methods usually adopt short-term-horizon control strategies,
which focus only on the next control objective [8], [9].
Although these methods can adapt to parameter variations
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Fig. 1: Design and biomimetic performance of L-BIRD: (a) L-
BIRD simulates different flight postures of bird. (b) L-BIRD
simulates the landing and re-taking off of birds on complex
surfaces. (c¢) The design of L-BIRD. (d) Comparison of body
coordinate system matching between L-BIRD and birds.

within a certain range, they are difficult to capture the dynamic
characteristics in complex environments, and often fail to
handle rapid maneuvers which require high agility. To fill this
gap, we extract inspiration from bird flight and investigate the
mechanisms of attitude adjustment during bird flight. We find
that the core of bird flight lies in its flexible attitude adjustment
mechanism, which is based on a long-term horizon [10]. This
enables birds to respond rapidly to external perturbations in
complex environments and send out control signals such as
abrupt stop in time. Model predictive control (MPC) has
gained widespread adoption owing to its long-horizon predic-
tive capabilities, along with superior performance in handling
complex disturbances and input constraints.

However, the high computational complexity and signif-
icant hardware memory requirements make it difficult to
achieve bird-like real-time attitude control on a low-power,
lightweight, and small-memory hardware platform [11], [12].
In addition, birds not only possess the ability to land on
various complex surfaces at any time, but also demonstrate the
capability to re-takeoff immediately after landing. This flexi-
bility is of vital importance for their hunting, threat avoidance,
and environmental exploration [13], [14]. Nevertheless, current
research on biomimetic flying vehicles only achieve abrupt
stop landings but lack rapid re-takeoff capability [15], [16].
These limitations highlight the need for new structures and
control strategies to enhance flight agility and environmental
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adaptability.

To fill this gap, we have designed the lightweight bio-
inspired rotary-wing drone (L-BIRD), a novel biomimetic
flying vehicle that integrates both structural and behavioral
biomimetic concepts, as illustrated in Fig. 1. L-BIRD employs
a spherical outer shell that not only protects the rotors—as
in the collision avoidance roll-cage systems of Floreano et
al. [17], [18], but also enables bird-like landing on complex
surfaces and re-takeoff immediately. To better simulate the
flight attitude of birds, we propose bio-inspired parameter
pairs. This method derives mathematical models of attitude
trajectories applicable to medium-sized bird species by fitting
photographed bird flight attitudes to idealized model attitude
data. Based on this mathematical model, multiple sets of
attitude data are generated to iteratively optimize the weight
matrices within the MPC framework. This approach enables
the system to replicate the dynamic characteristics of bird-like
flight across a diverse range of flight attitudes. Additionally, we
propose a lightweight optimization that significantly reduces
the computational complexity and hardware resource usage.
By incorporating sparse matrix structure, multi-path opti-
mization strategies, and sparse algorithm improvements, the
system achieves efficient operation on an embedded platform,
realizing real-time control of biomimetic attitudes.

II. RELATED WORK

The ability to land on various surfaces is essential for birds,
enabling them to hunt, rest, and observe their surroundings.
This capability has inspired the development of biomimetic
flying vehicles with versatile landing functionalities, numerous
bionic structure designs have been proposed. For instance,
studies [15], [16] introduce claw-like mechanisms that enable
stable landings by grasping the surface. However, these de-
signs are highly sensitive to the geometry and landing surface,
imposing strict constraints on the approach velocity. Similarly,
the design in [19] utilizes a surface-gripping mechanism for
support, yet it requires a high surface friction coefficient and
presents a risk of rotor damage due to its clamping structure.
These approaches exhibit notable limitations in adapting to
heterogeneous terrains. Consequently, there is a pressing need
for novel structural designs and control strategies to enhance
the adaptability and robustness of flying vehicles in complex
scenarios.

Birds demonstrate remarkable agility in adjusting their
attitude within complex natural environments. To emulate this
capability, L-BIRD employs an attitude trajectory tracking
algorithm designed to maintain dynamic characteristics under
varying environmental conditions. In [20], an adaptive sliding
mode control (SMC) framework is proposed. However, its
effectiveness is strongly dependent on the tuning of controller
parameters, and its real-time adaptability in dynamic environ-
ments remains limited. Studies [21]-[23] have shown that L1
adaptive control achieves accurate attitude stabilization under
disturbances. However, its dependence on a linear reference
model and short prediction horizon makes it difficult to fully
capture complex and time-varying dynamics, which may lead
to suboptimal or unpredictable behavior.

In contrast, MPC has been widely adopted in robotics owing
to its long-horizon prediction capability and its effectiveness
in preserving dynamic behavior under complex environmental
conditions [24], [25]. However, conventional nonlinear MPC
(NMPC) typically requires high computational complexity and
substantial hardware resource demands, which hinder real-
time implementation on embedded platforms. To address these
challenges, [26] introduces a linear MPC (LMPC) approach
for position control optimization. While this method alleviates
computational burden, its linear structure makes it difficult to
fully describe the nonlinear attitude dynamics, which in turn
restricts its attainable control performance. Alternative opti-
mization strategies have been proposed in [27]; additionally,
the Tiny-MPC framework [28] develops an efficient ADMM-
based solver aiming at fast, low-memory MPC deployment
on microcontrollers. Tiny-MPC still use dense matrix opera-
tions, leading to significant computational overhead on highly
resource-constrained platforms. Hence, we introduce sparse
matrix structure, multi-path optimization strategies, and sparse
algorithm improvements to address this problem.

III. MATERIALS AND METHODS
A. L-BIRD System Design
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Fig. 2: L-BIRD system block diagram.

By analyzing the ability of birds to stabilize their stay on
complex terrains such as branches, slopes, and sand, it can
be found that its power system (wings) is separated from the
main part of the body during landing or perching. The wings
provide flight power, while the main body adjusts its attitude
to adapt to the contacting surface. This design allows birds to
balance on complex terrain and re-takeoff at any time. Inspired
by this, we design a flying vehicle named L-BIRD, aims at
simulating the dynamic adaptability and the decoupling of
flight power from the main body, as seen in birds. The system
block diagram is shown in Fig. 2.

In our design, we place the “power system” (rotors) inside
the structure, while the spherical shell serves as the “main
body”. The outer shell of L-BIRD is made from high-strength
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carbon fiber. The outer shell allows the quadcopter inside to
safely operate with a larger range of attitude angles when
contacting complex surfaces, as well as to achieve stable
perching on any complex surface. A landing-angle sweep test
was conducted to verify the MPC-enabled adaptive approach
under different surface orientations.

To further enhance system performance, we developed a
dynamic model of L-BIRD, which describes its motion charac-
teristics, the distribution of torques, and the attitude adjustment
process. The rate of change of the attitude angles can be
described by the following equation:

é 1 tanfsing tanécos¢
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The control strategy of L-BIRD is based on precise ad-
justment of angular velocity, enabling flexible attitude control
during flight. The rate of change of angular velocity follows
the rigid body dynamics equations:

JaxWy = (Jyy - Jzz)wywz + Tx,
Jyywy = (Jzz - Jxx)wzwx + Ty 2
ooy = (Jx — Jyy)wawy + Ts.

Under small-rate operation, (2) is locally linearized at
w =~ 0, so that the quadratic terms w;w; are neglected as
higher-order small quantities, and only the inertia—weighted
input influence is retained in (3). By adjusting the rotor thrust
distribution, L-BIRD can generate the required control torques
flexibly. To simplify the controller design, the above equation
can be expressed in terms of an input matrix as follows:

wcc Jil 0 0 Tx

w, | =] 0 Jl 0 T (3)

ws 0 0 = T
Related parameters above present in Table I.

TABLE 1
NOTATION AND DESCRIPTION

Notation Description
¢ Change rate of roll angle
6 Change rate of pitch angle
z/'; Change rate of yaw angle
Wy X-axis angular velocity (body coordinate system)
wy Y-axis angular velocity (body coordinate system)
Wz Z-axis angular velocity (body coordinate system)
Tz X-axis lift and anti-torque moment (world coordinate system)
Ty Y-axis lift and anti-torque moment (world coordinate system)
T2 Z-axis lift and anti-torque moment (world coordinate system)
Jrzx X-axis principal moment of inertia (about 1.8 x 102 kg-m?)
Jyy Y-axis principal moment of inertia (about 1.7 x 102 kg-m?)
Jzz Z-axis principal moment of inertia (about 2.5 x 102 kg-m?)

Note: In our system, the spherical shell accounts for approximately 40% of
the total mass and is evenly distributed, resulting in similar principal moments
of inertia.

B. Bio-inspired Attitude Trajectory Generation

The weight of L-BIRD is 862 g, which can simulate the atti-
tude variation process of most medium-sized birds (0.1-1 kg)

during different flight phases. Using high-resolution cameras,
we recorded video data of various medium-sized birds (e.g.,
gulls, kestrels, egrets). To extract the attitude information, we
employed a keypoint-based pose estimation approach inspired
by DeepLabCut [29], with adaptations for L-BIRD’s flight.
Anatomical landmarks such as the beak, wing tips, and tail
were detected across video frames, and their relative positions
were mapped into a 3D body coordinate system, that the bird’s
orientation in pitch, roll, and yaw was reconstructed from
monocular video sequences [30]. This process (see Fig. 1(d))
enables a direct comparison between avian and drone attitudes
under the same 3D framework.

To enhance the credibility and applicability of the bio-
inspired control strategy, we fit the measured bird flight
attitude trajectories to equations applicable to a rigid-body
model, enabling the generation of attitude trajectories that
retain the essential characteristics of bird flight while being
suitable for our control framework. The resulting attitude
angle variations are derived from the rigid body dynamics
equations combined with aerodynamic modeling, describing
the attitude characteristics during three key flight phases:
takeoff, hovering, and abrupt stop, as shown in Table II.

TABLE 11
THE ATTITUDE CHARACTERISTICS DURING THREE
FLIGHT PHASES

Phases Equation
¢r0 =0
Takeoff Mro I. -1, Nro Lo
Oro = t— 2 t)(wz t)t
(TO) 10 I, I, (w20 + I ) (wao + I )
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Hovering o~ _
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Mo represents the pitch moment during takeoff.

w and w, represent the angular velocities around the yaw and roll axes, respectively.
Lpy represents the roll moment.

Npgy represents the yaw moment.

Mys represents the pitch moment during abrupt stop.

To ensure the similarity between the model’s attitude angles
and the actual measured attitude angles, we input the measured
attitude angle data of various medium-sized birds into the
attitude angle variation equations for fitting, in order to obtain
key parameters. Our paper uses nonlinear least squares fitting,
as expressed by the following equation:

n
SSE(])) = Z (Qmeasured,i - f(ti;p))2 . “4)
i=1

We compare the matching degree between the measured
data and the model’s predicted results, ultimately selecting
the optimal parameters for subsequent experiments, as shown



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

in Table III. We substitute the optimal parameters back into

TABLE III
OPTIMAL CONTROL PARAMETERS

Optimal Control Parameters

(M LIy Nro m) (1.461, 1.066, 0.396, 7.133)

I, ° I, * 1, I,

Loy Du—le Mav Nav) (0,001, 0.034, 0.048, 0.019)
FE P PN

Nav Loty Lav Mav) (0,091, 0.004, 0.011, 6.292)
PRl Pl S

[Mas| Lol Nas Las) (49,387, 0583, 11.265, 3.477)
v y z x

the dynamic equations in Table II to generate the time series
equations for the attitude angles of L-BIRD. The generated
trajectory replicates the bird-like attitude variation character-
istics during the takeoff, hovering, and abrupt stop phases.

C. Attitude Trajectory Tracking Algorithm

To achieve precise tracking of L-BIRD’s attitude trajectory,
this paper employs an MPC-based attitude control algorithm.
MPC dynamically adjusts control inputs by performing multi-
step predictions and optimizations of future states, in order
to minimize the deviation between the system state and the
target attitude trajectory. This method is well-suited for L-
BIRD’s attitude tracking task, as it effectively handles external
disturbances and system uncertainties.

In the MPC framework of L-BIRD, state vector z; is a
collection of six state variables xr=[¢w, Ok, Vi, Wz k> Wy k>
w; 1. ngular velocities of the three axes upward, respectively.
The control input vector u is defined as the moment and
thrust inputs in attitude control up=[u;, us, us, ug], Where
uy represents the total thrust of L-BIRD, which is derived
from force analysis, uo, us, and u4 represent the moments
of the L-BIRD around each axis, respectively. The system’s
dynamic behavior is represented using a discrete state-space
model, with the state transition equation given by:

Tip+1 = Axxp + Buy. &)

Where matrix Ay is a time-varying nonlinear matrix whose
elements depend on the current attitude angles, describing how
the current state influences the evolution of the attitude and
angular velocity. Matrix B represents how control inputs affect
the angular acceleration based on the principal moments of
inertia(Jxx, Jyy, Jz2). To achieve precise tracking of the target
attitude trajectory, a cost function J is constructed to quantify
the deviation between the current system state and the target
trajectory:

N—1
T =" Wy @1 — i) l3 + [Wuwell5. (6)
k=0

Where yy41 is output attitude, and 71 is the target attitude
trajectory, used as the reference input. W, and W, are
the weight matrices for attitude deviation and control input,
respectively, and the selection is based on the bio-inspired
target attitude trajectory tracking error.

Although our MPC formulation is nonlinear, we perform
local linearization at each sampling step, so that the resulting

finite-horizon problem can be approximated and solved online
as a convex quadratic program (QP), and the optimization
problem can be rephrased as follows:

(72)
(7b)

Where matrices G and H are determined by the system’s
state transition characteristics. Notably, the outer shell ef-
fectively relaxes the attitude constraints in the MPC’s QP
formulation. This expansion of the feasible region improves
control robustness. To efficiently solve the QP problem, this
paper adopts a primal-dual neural network (PDNN) based
on linear variational inequality (LVI) theory [31], [32]. The
advantage of it lies in the ability to adapt to inequality
constraints and physical boundaries. The solution flowchart
of PDNN for each state variable is shown in Fig. 3.
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Fig. 3: The solution flowchart of PDNN for each state variable.

Within the PDNN, the optimization problem is transformed
into a linear variational inequality, where the goal is to find a
vector y that meets:

(y -y (Hy" +p) >0,
) -l o[

Where y = [z;v] collects the primal and dual variables,
¢™,CT define the feasible box region Q = [¢(~,(*], and H,
p are constructed from the KKT conditions of (8) [31].

By the projection under the boundary constraints, we en-
sure that the updates in each iteration satisfy the constraint
conditions, allowing the algorithm to converge stably under
the constraints. The projection operator is defined as:

Po(y —(Hy +p)) —y =0. )

Therefore, the final update equation for PDNN can be
expressed as:

y=~(I+HT) (Po(y - Hy+p)—y). (10

Here, ~ is the step size parameter, which determines the
convergence rate of the iteration. Proper selection of the
step size parameter allows for improved solving speed while
maintaining both the stability and accuracy of the solution.
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D. Lightweight Improvement

To enable L-BIRD’s attitude control algorithm to run in
real time on resource-constrained embedded hardware for
lightweight flight, it is necessary to improve the computa-
tional efficiency of MPC. This paper reduces computational
complexity and accelerates processing speed by incorporating
sparse matrix structure, multi-path optimization strategies, and
sparse algorithm improvements.

As shown in Fig. 4(a), the multi-path optimization strategy
proposed in this study assigns each optimization path a distinct
initial guess and state configuration. By performing parallel
computation of multiple optimization paths and independently
solving the dynamic equations along each path, the result
of the path that is closer to the objective value is finally
selected as the input for the next iteration. The algorithm can
choose a larger step size at the beginning of the iteration to
quickly approach the vicinity of the target value. Once near
the target, a smaller step size can be selected to finetune the
results and achieve a more precise output. This approach can
significantly accelerate the solving process when dealing with
complex, dynamic systems, reduce the number of iterations
required to reach convergence, and minimize the consumption
of computational resources.

In the solving process, PDNN typically needs to handle
large-scale process matrices, which often contain a significant
number of zero elements. These zero-value elements do not
contribute to the matrix computations. As illustrated in Fig.
4(b), we store only the non-zero elements of the sparse matrix
along with their row and column indices, and perform matrix
multiplication operations solely on these stored elements.
This approach can significantly reduce memory usage and
computational burden.

1V. EXPERIMENTAL RESULTS
A. Simulation Deployments of Attitude Tracking

To validate the bio-inspired control effectiveness of the
L-BIRD control algorithm across different flight stages, we
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Fig. 4: The lightweight improvements of PDNN.

analyze the impact of different weight parameters W, and
‘W, on attitude tracking performance. Simulation experiments
are designed and conducted for three key flight stages: takeoff,
hovering, and abrupt stop. The bird flight attitude trajectories
obtained from the previous fitting process are used as the target
attitude for L-BIRD, and are input into the control algorithm.

To obtain the optimal weight parameters Wy, and W, we
set the traversal range for the main attitude angle weights in
W, (W, = diag([a, b, c]). For example, in the takeoff phase,
which is mainly a pitch angle change, we fix the weights of
the other two attitude angles and change the 6 alone, which is
the b in the W, equation) to be [0.5,1.4], with a minimum
step size of 0.01. For the main attitude angle weights in W
(W4 = k- eye(3)), we set the traversal range to be [0.5, 5],
with a minimum step size of 0.05. Based on the previously
constructed cost function J and mean-square error (MSE), two
sets of experiments are conducted, using J and MSE as the
selection criteria for Wy, and Wy,. J is the sum of MSE and
the control input deviation, focusing on the overall trade-off
between the accuracy of the attitude trajectory tracking and
the smoothness of the control inputs. On the other hand, MSE
specifically emphasizes the degree of alignment between the
attitude trajectory and the target trajectory.

We validates the results of selecting the weight parameters
in terms of MSE and in terms of J as the heat value in the three
typical phases, the selected weight parameters are shown in
Fig. 5. From the trajectory plots shown in Fig. 6 and Fig. 7, it
can be observed that compared to the trajectory obtained using
J as the weight parameter selection criterion, the trajectory
generated by selecting the weight matrix parameters based on
MSE aligns more closely with the target trajectory.

B. Lightweight Algorithm Validation

To validate the performance of the lightweight improved
MPC algorithm on resource-constrained hardware platforms
(XC7Z100), the experiment conducted a detailed analysis from
multiple perspectives, including algorithm efficiency, attitude
deviation, and memory usage.

We first compare the attitude tracking accuracy of different
methods throughout the entire flight phase, as shown in Fig.
8. The results show that the PDNN algorithm with multi-
path optimization significantly reduces the attitude deviation.
It’s worth noting that although the 5-path PDNN achieves a
smaller median deviation compared to the 3-path PDNN, its
convergence time over the entire phase is nearly 30% longer.
Therefore, we adopt the 3-path PDNN as the implementation
algorithm for quadratic programming.

To further optimize the computational efficiency of the
algorithm, the experiment incorporates sparse matrix optimiza-
tion and specialized matrix multiplication optimization. The
memory usage and tracking time are evaluated accordingly
in Table. IV. The results show that these two optimizations
dramatically reduce the random access memory (RAM) usage
and accelerate the tracking speed of the attitude trajectory,
which provides strong support for resource-constrained em-
bedded hardware operation.
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Fig. 5: The heatmap of weight parameters’ selection with MSE and with J as the heat value, respectively.
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Fig. 6: Performance under different parameter selection meth-
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Fig. 7: Hovering performance under different parameter selec-
tion methods.
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Fig. 8: Attitude deviation by different methods.

Note: In the figure, T-QP represents the traditional quadratic programming
algorithm, T-PDNN represents the traditional PDNN algorithm, 3P-PDNN
refers to the PDNN algorithm optimized with three-path optimization, and 5P-
PDNN refers to the PDNN algorithm optimized with five-path optimization.

C. Real-World Deployments of Attitude Tracking

We conducted a series of hardware experiments. L-BIRD’s
hardware platform is equipped with the XC7Z100, and the
model algorithm runs in standalone mode, enabling high-
speed local computation of the controller. This allows real-
time attitude estimation and control command generation to be
performed on a resource-constrained platform without reliance
on an external processor.

Using the weight parameter pair determined from the above
conclusions, L-BIRD successfully completed a full flight
sequence, including takeoff from a stationary state, stable
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Fig. 9: Flight phases and attitude tracking performance of L-BIRD: (a) The time-lapse image of entire flying task. (b) The

comparison of real and target attitude.

TABLE IV
RAM USAGE AND TRACK TIME FOR DIFFERENT MODELS

Takeoff Hovering Abrupt Stop
RAM Track RAM Track RAM Track
Usage(KB)Time (s)Usage(KB)Time (s)Usage(KB)Time (s)
PDNN 146.1 0.167 144.8  0.320 150.3  0.615
PDNN-S 107.4  0.128 102.2  0.280 109.8  0.486
PDNN-S-OM  89.3 0.087 88.2 0.103 90.7 0.165

Note: In the table, PDNN represents the three-path optimized PDNN model,
PDNN-S represents the three-path optimized PDNN model with sparse
matrix optimization, and PDNN-S-OM represents the three-path optimized
PDNN model with both sparse matrix optimization and specialized matrix
multiplication optimization.

hovering, and deceleration into an abrupt stop. During the real-
world deployments, we use a camera (FUJIFILM XS20, 100
fps) to capture the position of the robot during three flying
phases, the time-lapse images of the entire flying task are
shown in Fig. 9(a). We use onboard gyroscopic sensors to
collect L-BIRD’s attitude angle data during controlled flight.
Fig. 9(b) illustrates the variations of all three attitude angles
throughout the full flight phase, compared with the target
attitude trajectories. The root mean square error (RMSE)
between the measured and target attitudes was calculated as
2.8° (roll), 3.5° (pitch), and 4.1° (yaw), confirming that the
tracking accuracy remained within 5° throughout the task.

D. Environmental Adaptability Test

Fig. 10 shows several usage scenarios of the L-BIRD. In
some complex or hazardous ground, such as post-disaster
areas, mine caves, etc., the rugged terrain makes landing
impossible for normal aircraft. We designed a disturbance
experiment (Fig. 10(a)), which demonstrates that L-BIRD
can rapidly return to its target attitude trajectory after being

Fig. 10: Environmental adaptability test: (a) Experiment with
disturbance. (b) Measured attitudes in the experiment. (c) Fly
to next target. (d) Roll through narrow space.
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disturbed, with the attitude angle variations shown in Fig.
10(b). This performance is attributed to the MPC algorithm’s
capability for predictive and constraint-aware control, while
the spherical outer shell relaxes the attitude constraints in the
QP formulation, thereby reducing the likelihood of constraint
violations during landing or disturbance recovery. L-BIRD
achieved successful landings within +35° roll and +25° pitch,
confirming that MPC enables wide-angle surface adaptation
beyond structural tolerance. L-BIRD can re-takeoff at any time
and fly to the next mission area (Fig. 10(c)). In terrains with
narrow takeoff spaces, the spherical structure of the L-BIRD
enables rolling movement (Fig. 10(d)), selecting terrains with
a wider field of view for further operations.

V. CONCLUSIONS

In this letter, we demonstrate the design of a lightweight bio-
inspired rotary-wing drone. L-BIRD is capable of taking off,
hovering, abrupt stop and perching like a bird. We constructed
a dynamics model of L-BIRD, using the fitted bird attitude
as the target attitude trajectory. We improve MPC framework
by multi-path PDNN. For lightweight control, we introduce
matrix sparsity and multiplicative optimization. The MSE of
trajectory tracking averaged over multiple flight phases is only
0.0042 rad in the simulation deployments. Compared to the
baseline without optimization strategies, we reduce the RAM
usage by 39.3% on average and keep the tracking time of a
single step within about 5.17 ms. In real-world flight deploy-
ments, our L-BIRD holds environmental adaptability. It can
takeoff and land flexibly on complex surfaces, perform low-
power perching, and roll in narrow space. It holds substantial
potential for complex tasks such as wildlife monitoring and
mine tunnel inspection. Future efforts will concentrate on
imitating a wider range of bird behaviors, such as predation
and fights, in order to more effectively replicate birds’ agility
and responsiveness.
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