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Abstract— Quadrotors performing aerial tasks are vulnerable
to sudden external disturbances, which may lead to instability,
control loss, or even structural damage such as broken arms
or frame failure. These threats are particularly critical during
flight, where recovery opportunities are limited. To address
this, we propose a bidirectional thrust control framework that
improves mid-air impact resilience. A lightweight recurrent
neural network (RNN)-attention module detects and evaluates
external forces in real time. When the disturbance is mild, a
model predictive control (MPC) + active disturbance rejection
control (ADRC) controller ensures stability; when it nears a
critical level, the system switches to a flipping recovery policy
that exploits bidirectional thrust to regain balance. Experiments
validate robustness and safety under sudden external distur-
bances.

I. INTRODUCTION
In recent years, the rapid development of both hardware

and software technologies has significantly accelerated the
deployment of quadrotors across a wide range of applica-
tions, including aerial surveillance [1], precision agriculture
[2], infrastructure inspection [3], and urban delivery [4]. As
these platforms become increasingly integrated into complex
and unstructured environments, they are also exposed to a
variety of external disturbances during flight. Among these,
impulsive forces —whether due to environmental conditions
[5], collisions [6], or adversarial interference [7]—pose a
serious risk to flight stability. Even minor disturbances may
render onboard tasks infeasible, while stronger impacts can
result in complete loss of control or catastrophic crashes.
These risks not only jeopardize the airframe itself but also
endanger people and property on the ground. Such scenarios
underscore the urgent need for responsive and adaptive
control systems capable of handling abrupt, directional dis-
turbances in real time.

To meet these challenges, artificial intelligence (AI) tech-
nologies have increasingly been adopted in the field of
quadrotors. Deep learning-based perception modules, for
instance, have improved obstacle detection [8], terrain fol-
lowing [9], and failure prediction [10]. More recently, the
integration of AI into control pipelines has gained attention,
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Fig. 1: Bidirectional quadrotor flight: (a) forward-flight
mode; (b) reverse-flight mode with propeller rotation re-
versed.

offering the potential to enhance resilience through predic-
tive and adaptive capabilities [11]. Specifically, RNN and
attention mechanisms have shown excellent performance in
modeling time-varying external inputs and estimating system
states under partial observability or sudden perturbations
[12]. Despite these advances, AI-assisted control frameworks
remain underexplored in the context of emergency response
and recovery—particularly for counteracting physical im-
pulses from below that may induce quadrotor flipping.

Concurrently, progress in model-based control tech-
niques—such as MPC [13] and ADRC [14]—has offered
robust tools for handling uncertainties and achieving fast
dynamic responses. Meanwhile, various other methods based
on adaptive control [15] or observer-based control [16] have
also been explored. These approaches, when carefully de-
signed and combined, can not only stabilize the system under
moderate disturbances [17] but also serve as building blocks
for more agile and aggressive recovery maneuvers [18].
However, most existing frameworks assume unidirectional
thrust capabilities, which limit the ability of the vehicle to
respond effectively in extreme conditions such as sudden
impacts or partial overturning. There remains a lack of
unified strategies that leverage both intelligent perception and
bidirectional actuation to ensure flight safety.

Existing research on bidirectional quadrotors remains lim-
ited. One notable contribution is the attitude representation
method proposed by [19], which addresses the singularity
issues inherent in traditional Euler angle formulations. In
[20], the authors proposed a control allocation strategy for
bidirectional thrust quadrotors subject to actuator constraints.
Their work focuses on addressing the limitations of bidi-
rectional actuators by formulating an optimal control allo-
cation method that ensures feasibility and efficiency under
constrained conditions. [21] also conducted related work,
demonstrating agile flight trajectories enabled by bidirec-
tional thrust capabilities. Building upon this, [22] formulated
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the control problem of bidirectional quadrotors as a stan-
dard model predictive control framework, providing a struc-
tured approach for trajectory optimization under bidirectional
thrust dynamics. However, the above works are either limited
to simulation or demonstrate relatively conservative flight
behaviors, without fully exploiting the expanded feasible
region enabled by bidirectional thrust.

In this paper, a RNN-Attention-aided Bidirectional Thrust
Control (BTC) framework is designed to improve quadrotor
resilience under sudden impulsive forces. The bidirectional
thrust mechanism allows the quadrotor to generate upward
or downward force as needed, enabling agile recovery from
precarious flight states. Our contributions are summarized as
follows:

1) We propose a novel Robust BTC framework, which
can make full use of the forward and backwards
thrust of the rotor in different scenarios to achieve the
purpose of safe flight. The framework consists of a
frontend that generates the desired state and a backend
that solves the trajectory optimization and control in
one step.

2) We develop and release a compact and extensible simu-
lation platform in MATLAB Simulink tailored for bidi-
rectional quadrotor dynamics, along with a lightweight
C++ controller implementation that facilitates rapid
testing and deployment1. The controller only requires
four digital output signals to drive the motors directly,
making it theoretically feasible to bypass full flight
controllers like PX4. This simplifies system architec-
ture and opens the possibility for deployment on low-
cost quadrotor platforms.

3) We conduct, to the best of our knowledge, one of the
few real-world flipping experiments on bidirectional
thrust quadrotors. This demonstrates the feasibility of
aggressive inversion maneuvers using minimal hard-
ware modifications and fills a gap rarely addressed in
existing literature.

II. METHODOLOGY

The overall quadrotor system is illustrated in Fig. 2. Based
on the data provided by the motion capture system and
controller feedback, which estimates the quadrotor’s full
state and external disturbance, our BTC framework directly
generates actuator commands. Specifically, the BTC frame-
work comprises two main components: the frontend and the
backend. The frontend function is designed to detect the
level of disturbance to determine whether a flip is necessary
to maintain balance. When the disturbance is below the
threshold, the quadrotor employs the MPC + ADRC scheme
to maintain stability. However, when the disturbance exceeds
the threshold, the quadrotor activates the flipping mechanism,
utilizing the external disturbance as an assistive force to
execute a 180° flip for stability maintenance. The backend
runs in a loop at a constant frequency (100 Hz) and consists

1https://github.com/Y1bo-Zhao/Bidirectional

TABLE I: Overview of the main symbols

Symbol Definition

F,Mx,My,Mz Vehicle’s thrust, moments

W,B World inertial frame, quadrotor body frame

r = [x, y, z] Vehicle’s position

ϕ, θ, ψ Vehicle’s attitude

m, I1, I2, I3 Vehicle’s mass, inertia

F1, F2, F3, F4 Each rotor’s thrust

l, C Arm length, force to moment scaling factor

g,Ki Gravity acceleration, drag coefficients

γ The set of flat outputs

R,Rd Rotation matrix, desired rotation matrix

Kp,Kv ,KR,Kw PD controller’s coefficients

b3, zbd, a, b, c Body z-axis, desired body z-axis, components of b3

qabc, qψ , qabc, qψ N mode’s quaternion, S mode’s quaternion

of MPC and ADRC, where the attitude controller incorpo-
rates a bidirectional thrust mechanism to address external
disturbances that exceed the predetermined threshold.

The notations adopted throughout this paper are summa-
rized in Table I. In the proposed system model, the quadrotor
state is denoted by x, while the input vector is given by
u = [F,Mx,My,Mz]

T . For readability, we have removed
the frame indexes because they are consistent throughout the
description.

A. Bidirectional Quadrotor Dynamic

The quadrotor’s state space is described from the
inertial frame W to the body frame B , as x =
[x, y, z, ϕ, θ, ψ, ẋ, ẏ, ż, ϕ̇, θ̇, ψ̇]T , where x, y, z ∈ R are three
positions, ϕ, θ, ψ are three Euler angles, which describe the
rotation of the quadrotor. The input to the system is provided
by the thrust F1, F2, F3, F4 generated by the four motors. We
define ui as the virtual control inputs as follows:

u1 =
F1 + F2 + F3 + F4

m
,

u2 =
l(−F1 − F2 + F3 + F4)

I1
,

u3 =
l(−F1 + F2 − F3 − F4)

I2
,

u4 =
C(F1 − F2 + F3 − F4)

I3
,

(1)

where m is the total mass of the quadrotor, l is the distance
from the axis of rotation of the rotors to the center of
the quadrotor, Ii is the moments of inertia with respect to
the axes, and C is the force-to-moment scaling factor. A
simplified dynamic model of the quadrotor is given below:
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Fig. 2: Overall system architecture. The planner generates the desired position and yaw angle, which is beyond the scope of
this paper. The quadrotor dynamics are detailed in Section II-A. The frontend outputs a risk assessment, which is discussed
in Section II-B. The two control strategies are described in Sections II-C and II-D, respectively.

ẍ = u1(cosψ sin θ cosϕ+ sinψ sinϕ)− K1ẋ

m
,

ÿ = u1(sinψ sin θ cosϕ− cosψ sinϕ)− K2ẏ

m
,

z̈ = u1(cos θ cosϕ)− g −
K3ż

m
,

θ̈ = u2 −
lK4θ̇

I1
,

ϕ̈ = u3 −
lK5ϕ̇

I2
,

ψ̈ = u4 −
K6ψ̇

I3
,

(2)

where g is the acceleration of gravity, Ki is the drag
coefficients. Due to the well-known differential flat properties
of the quadrotor dynamics with four inputs. A common
combination of controlled outputs can be x, y, z and ψ, which
are utilized to track the desired positions, achieve an arbitrary
heading, and stabilize the remaining two angles.

B. RNN-supported frontend

In quadrotor control, real-time roll-over risk prediction
is essential for safety. Because the flight dynamics are
highly nonlinear and history-dependent, simple thresholds on
attitude or disturbance are unreliable, so we place a learning-
based predictor at the controller frontend. It ingests a 1-
s window of flight data—ESO disturbance estimates and
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Fig. 3: Schematic of the quadrotor’s free-body dynamics:
body frame B relative to world frame W .

vehicle states—and an attention-based RNN, implemented
as a gated recurrent unit network, maps this sequence to
a roll-over probability between 0 and 1. This risk score
drives a hysteresis mode switch: at low risk, a disturbance-
rejection controller is used; at high risk, a flip-recovery policy
exploits strong disturbances to restore attitude. For clarity,
the backend controller is conceptually decoupled into these
two regimes.



C. Anti-interference Controller

To balance extensibility and robustness against external
disturbances, the controller is designed in an MPC + ADRC
structure [23]. The upper-layer MPC offers flexibility to
incorporate scenario-specific constraints, while the lower-
layer ADRC provides disturbance rejection and estimates
external forces as feedback for the frontend. Drawing from
the dynamic characteristics of quadrotor systems, the control
architecture is structured into four decoupled subsystems:
vertical motion along the z-axis, a cascaded x–θ loop, a
cascaded y–ϕ loop, and yaw stabilization around ψ. The
z-axis altitude and yaw angle ψ are directly regulated by
the virtual control inputs U1 and U4, respectively. For lateral
control, a hierarchical cascaded scheme is adopted: the x-axis
is modulated via the pitch angle θ, while the y-axis position
is controlled through adjustments in the roll angle ϕ. The
overall structure of this multi-loop control strategy is shown
in Fig. 4.
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Fig. 4: Block diagram of the anti-interference controller.
The upper-level MPC maps desired states and constraints
to desired torques; the lower-level attitude loop uses a three-
channel ADRC.

1) Controller design for altitude z channel: In the vertical
motion control subsystem, the goal is to compute the collec-
tive thrust command U1. First, the controller determines the
intermediate signals Ux, Uy , and Uz , which represent the
desired linear accelerations along the UAV’s body–frame x,
y, and z axes, respectively, required to track the reference
trajectory. These accelerations are then transformed into U1

according to Eq. (2), yielding

U1 = m

√
U2
x + U2

y +
(
Uz − g

)2
. (3)

2) Controller design for x − θ, y − ϕ and ψ cascade
channel: Taking the x–θ channel as an example, the desired
position xd initiates the outer-loop control, from which the
virtual control Ux is calculated. The corresponding pitch
reference θd is then obtained and passed to the inner loop:

θd = arctan

(
Uxcosψ + Uy sinψ

Uz − g

)
. (4)

The altitude channel is first processed using a tracking
differentiator (TD), defined as:

v̇θ1 = vθ2,

v̇θ2 = fhan(vθ1 − θd, vθ2, R, h),
(5)

where vθ1 corresponds to the smoothed tracking signal for
the desired roll angle θd, and vθ2 denotes its estimated deriva-
tive. The parameter R regulates the rate of convergence,
while h controls the smoothing intensity. The nonlinear
function fhan(·) represents the fast synthesis control law
[24]. Then the ESO for this channel is designed as:

ż11 = z12 − β1(z11 − yθ),
ż12 = z13 − β2(z11 − yθ) + U2,

ż13 = −β3(z11 − yθ).
(6)

Finally, using the estimated states from the observer, the
control law is given by:

U2 = β4fal(θd − z11, α1, δ)

+ β5fal(vθ2 − z12, α2, δ)

− z13, 0 < α1 < 1 < α2,

fal(x, α, δ) =

{
x

δ1−α , if |x| < δ,

|x|α · sign(x), otherwise,

(7)

where vθ1 tracks the reference θd, and vθ2 is its derivative.
The observer states z11, z12, and z13 estimate vθ1, vθ2, and
the total disturbance in the x-θ channel, respectively, with
yθ as the measured output. With the observer in place, the
control law is implemented via nonlinear state error feedback
(NLSEF). The y–ϕ and ψ channel adopts the similar control
structure as the x–θ loop.

D. Flipping Controller

Geometric control for quadrotors leverages the fact that
thrust is generated along the body-fixed axis b3, which
imposes constraints on the structure of the rotation matrix
R, specifically fixing its third column.

As described in [25], classical geometric control constructs
an orthonormal frame in R3 by applying the Gram–Schmidt
process to two linearly independent vectors, resulting in a
right-handed frame that forms a valid rotation matrix in
SO(3). The vector a1 defines the yaw direction. A singu-
larity arises when r̈ + g aligns with a1. To avoid this, a1
is commonly chosen orthogonal to gravity, such as a1 =
[cos(ψ), sin(ψ), 0]T . With this selection, a singular case
occurs when the quadrotor undergoes a 90◦ pitch relative
to its hovering orientation,

R(γ) =
[
bW1 bW2 bW3

]
,

bW3 =
r̈ + g

∥r̈ + g∥
,

bW2 =
bW3 × a1
∥bW3 × a1∥

,

bW1 = bW2 × bW3 .

(8)



The rotational control input, consisting of proportional
and derivative components, is computed from the desired
orientation following the approach in [26],

m1

m2

m3

 = −kR
(
1

2

(
RTdR−RTRd

)∨)− kω(ω − ωd). (9)

The force command is derived by applying feedback to
the position and velocity errors of the quadrotor:

f = (−kx(r − rd)− kv(ṙ − ṙd) + ṙd) ·Re3. (10)

It is mentioned that this parameterization encounters a
singularity when e3 × b3 = 0, making attitude construction
problematic. While this issue is typically negligible during
nominal flight, it becomes critical for maneuvers involving
full inversion. To support such aggressive trajectories, a glob-
ally defined attitude representation is required. To overcome
this limitation and enable a more robust formulation of R(γ),
we adopt unit quaternions as the attitude representation,
following the method in [27]. To achieve global coverage
of SO(3), two parameterizations are required. The first is
referred to as the N mode:

qabc =
1√

2(1 + c)


1 + c
−b
a
0

 , (11)

R(qabc)e3 = [a, b, c]T , (12)

qψ =

[
cos

ψ

2
, 0, 0, sin

ψ

2

]
, (13)

q = qabc ⊗ qψ, (14)

where [a, b, c]T is the unit vector components of bW3 . R(q)
represents the rotation matrix obtained from the quaternion
q via the standard mapping to SO(3).

To compute the control input, a transformation from flat
outputs to state variables is required. By parameterizing the
rotation matrix R with the quaternion q, it becomes necessary
to utilize a standard quaternion property that relates the time
derivative of q to the angular velocity expressed in the body
frame:

ω = 2q−1 ⊗ q̇, (15)

ω1 = sin(ψ)ȧ− cos(ψ)ḃ− (a sin(ψ) + b cos(ψ))

(
−ċ
c+ 1

)
,

ω2 = cos(ψ)ȧ+ sin(ψ)ḃ− (a cos(ψ)− b sin(ψ))
(
−ċ
c+ 1

)
,

ω3 =
bȧ− aḃ
1 + c

+ ψ̇.

(16)

Since the time derivatives of a, b, and c are needed, the
normalization constraint is differentiated accordingly. This
results in full expressions for both angular velocity and
orientation in terms of the flat outputs,

[
ȧ ḃ ċ

]T
=
ξT ξ · I − ξξT

∥ξ∥3
· ξ̇, (17)

ξ = f · b3 = r̈ + g. (18)

A failure case of N mode arises during maneuvers in-
volving full inversion, such as flips, which is singular at
c = −1. To handle arbitrary orientations, including inverted
configurations, an additional attitude mapping is required.
This is accomplished by introducing a second quaternion
parameterization that becomes singular at c = 1, in contrast
to the original map.

qabc =
1√

2(1− c)


−b
1− c
0
a

 , (19)

qψ =

[
cos

ψ

2
, 0, 0, sin

ψ

2

]
, (20)

ψ = 2atan2(a, b) + ψ, (21)

q = qabc ⊗ qψ, (22)

ω1 = sin(ψ)ȧ+ cos(ψ)ḃ− (a sin(ψ) + b cos(ψ))

(
ċ

c− 1

)
,

ω2 = cos(ψ)ȧ− sin(ψ)ḃ− (a cos(ψ)− b sin(ψ))
(

ċ

c− 1

)
,

ω3 =
bȧ− aḃ
1 + c

+ ψ̇.

(23)
As a result, the system operates across these two modes.

With the above formulation, the control inputs can now be
defined. We begin by specifying the position and velocity
errors as:

ep = r − rd, ev = ṙ − ṙd. (24)

Then, the desired control input u is computed as follows:

u1 = (−Kpep −Kvev +mgzW +mr̈d) · zB , (25)

[u2, u3, u4]
T = −KReR −Kwew,

eR =
1

2
(RTdesR

W
B −RWB

T
Rdes)

∨,

ew = wB − wBdes.

(26)

The detailed implementation is shown in Algorithm 1.



Algorithm 1: Flipping Controller

Require: Current state, desired state, model parameters,
gains (Kp,Kv,KR,Kω), mode flag η

Ensure: Control inputs [u1, u2, u3, u4]
1: Compute position and velocity errors: ep = r−rd, ev =

ṙ− ṙd
2: Compute desired acceleration: ades = −Kpep−Kvev+
ge3 + r̈d

3: Compute desired thrust: Fd = mades
4: Get current orientation R and body z-axis: zb = R(:, 3)
5: if η = +1 then
6: zbd ← ades/∥ades∥
7: u1 ← F⊤

d zb
8: else if η = −1 then
9: zbd ← −ades/∥ades∥

10: u1 ← −F⊤
d zb

11: end if
12: Compute actual acceleration and jerk error
13: Convert zbd to (a, b, c) and compute derivatives
14: if M = N and c ≤ −0.6 and cprev > −0.6 then
15: M ← S ▷ Switch to S mode when crossing below
−0.6

16: else if M = S and c ≥ 0.6 and cprev < 0.6 then
17: M ← N ▷ Return to N mode when crossing above

0.6
18: end if
19: if M = N then
20: q ← qabc(a, b, c)⊗ qψ
21: else
22: q ← qabc(a, b, c)⊗ qψ
23: end if
24: Compute desired rotation Rd = R(q)
25: Compute attitude error eR and angular velocity error eω
26: Compute moments: [u2, u3, u4] = −KReR −Kωeω

III. EXPERIMENT

A. Frontend Analysis and Training

Compared with the CNN–LSTM–attention model in
[11]—which stacks a 1-D CNN+pooling front-end (com-
pressing 53 flight-state channels and mining spatial correla-
tions) before an LSTM and a temporal-attention layer—our
predictor uses a lightweight recurrent encoder with a sin-
gle temporal-attention head and no CNN. This choice re-
flects our setting: a 1-s (20-step) sequence of only nine
physically meaningful variables (x, y, z, ϕ, θ, ψ, dx, dy, dz),
where dynamic already captures inter-relations and convo-
lutional local-feature extraction is unnecessary. In terms of
training strategy, [11] selects the top-5 pitch-related fea-
tures (via Pearson correlation) from 53 and applies min–
max normalization under an 80/20 split, whereas we feed
nine disturbance-aware channels (state + ESO disturbances)
standardized by train-set mean/standard deviation because
exogenous perturbations are pivotal to risk formation but are
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Fig. 5: Comparison between our frontend and Ref. [11]. (a)
Validation MSE (left y-axis) and correlation (right y-axis)
versus training epochs. (b) Predicted vs. ground-truth values
on the held-out test set.

not explicitly modeled in [11]. Fig. 5 shows a head-to-head
comparison with [11] under identical settings.

To generate a dataset and validate our algorithm, we built
a MATLAB/Simulink simulation environment comprising a
high-fidelity 6-DOF bidirectional quadrotor, a planner, and
a complete ADRC-based controller. During runs, exogenous
forces of varying magnitudes and application points on the
airframe were injected to stress the system. In each trial, the
ADRC’s ESO estimated external disturbances while the plant
provided states. These streams were sampled as 100 time
steps at 10 ms (a 1 s window), forming the temporal input
to the neural network and capturing short-horizon dynamics
indicative of instability.

For labeling, we assigned a risk score in [0, 1] based
on whether the vehicle maintained flight or approached
failure. In total, 100 labeled sequences generated via Monte
Carlo simulations were collected. Correlating the risk score
with the flipping controller’s trigger across sweeps of force
magnitude and location, we observed loss of control near a
risk score of 0.81; to conservatively avoid structural damage
(e.g., arm fracture), we set the switching threshold at a risk
score of 0.8 for our airframe. The RNN-attention network
was implemented in Python 3.12 using PyTorch 2.7.0 and
trained with a cross-entropy loss and the Adam optimizer.
All input features were normalized prior to training. This
model serves as the decision-making front end for adaptive
control switching in subsequent experiments.

B. Simulation Validation

To validate the proposed approach, a quadrotor model
and its corresponding controller were first implemented in
Simulink, following the design outlined earlier. The drone
parameters were based on hardware routinely used in our
laboratory, as summarized in TABLE II. The controller ran at
100 Hz, and experiments were conducted under two different
external force conditions.

1) Experiment 1 Anti-disturbance: In the first experiment,
the quadrotor is commanded to hover via continuous inputs
from the planner. At t = 5s, a 10N impulsive force is applied
to the center of one arm. Fig. 7(a) shows the angle between
the body-frame z-axis and the reference vector (0, 0, 1), in-
dicating only minor deviation and demonstrating the ADRC



Fig. 6: Here is demonstrated the entire process of the bidirectional flipping flight in the simulation. The color of each rotor
indicates its rotational speed, while the pink axis represents the body-fixed z-axis, serving as a visual cue for orientation.
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Fig. 7: Simulation result. During hovering, the four rotors
spin at approximately 550 rad/s. As shown in (a), the
applied external force is insufficient to trigger the flipping
mechanism, and the controller maintains a nominal upright
hovering attitude. In (b), the rotor speeds fluctuate slightly
around 550 rad/s before stabilizing. In contrast, (c) and (d)
show the response when a flip is triggered: cos(θ) rapidly
drops to −1, indicating a full inversion, and the rotor speeds
reverse from approximately -550 rad/s to 550 rad/s.

controller’s effectiveness in rejecting the disturbance. Fig.
7(b) presents the rotational speeds of the four motors during
the maneuver.

2) Experiment 2 Reverse: Under the same setup, the
external force was increased to 50N, which triggered the
quadrotor’s flipping mechanism at t = 0s. Fig. 7(c) shows
the desired and actual angles between the body-frame z-axis
and the vector (0, 0, 1), confirming that a full inversion was
achieved. Fig. 7(d) illustrates the motor speeds, where the
reversal of thrust direction required for the flip is clearly
observable. The whole process is shown in Fig. 6.
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Fig. 8: Real-world result. During hovering, the quadrotor
remains stable before the external disturbance is applied. As
shown in (a) and (b), when a disturbance occurs at t = 1.2 s,
the controller restores the attitude with a maximum deviation
of 41◦, demonstrating its disturbance rejection capability. In
another case, as illustrated in (c), a stronger impact at t =
0.65 s causes the frontend to predict a crash and trigger a flip,
forcing cos(θ) = -1. Correspondingly, (d) indicates that the
motor commands reverse sign and become marginally larger
in magnitude, consistent with the propellers’ non-symmetric
thrust–torque characteristics under reverse rotation.

C. Real-world Validation

To verify the transferability of our control strategy from
simulation to real-world, we conducted physical experiments
using the similar disturbance scenarios as in Experiments 1
and 2. In the anti-disturbance test, a moderate lateral impulse
was delivered to one arm with a steel rod while hovering;
the system successfully rejected the disturbance, as shown
in Fig. 8(a) and Fig. 8(b), which respectively show the
attitude deviation and motor responses. In the inversion test,



TABLE II: Quadrotor Model Parameters

Parameter Value Unit
Distance from body center to each motor 0.225 m
Quadrotor mass 1.4 kg
Moment of inertia about the x-axis 0.0211 kg·m2

Moment of inertia about the y-axis 0.0219 kg·m2

Moment of inertia about the z-axis 0.0366 kg·m2

Total rotational inertia of the motor and
propeller about the rotation axis

0.0001287 kg·m2

Propeller thrust coefficient 3.5611 –
Propeller moment coefficient 1.1366 –
Propeller diameter 0.1 m

Damping coefficients [K1..K6]
[ 0.62 0.65 0.7
0.048 0.05 0.045 ]

–

a stronger impulsive disturbance was applied by hand to the
arm, triggering the flipping controller. The resulting roll-over
maneuver is depicted in Fig. 8(c) and Fig. 8(d), confirming
that the bidirectional-thrust mechanism and control logic
remained effective under real-world conditions.

IV. CONCLUSIONS
In this paper, we introduced an AI-aided BTC frame-

work that enhances quadrotor resilience to sudden, po-
tentially destabilizing disturbances. A lightweight RNN-
attention frontend predicts roll-over risk online, while a dual-
mode MPC+ADRC backend selects between disturbance-
rejection and flip-recovery accordingly. Unlike conventional
designs, BTC deliberately exploits bidirectional thrust to re-
cover from near-overturn impacts. High-fidelity simulations
and real flight tests confirm superior robustness and control
adaptability.

Future work will focus on designing a unified optimiza-
tion framework that simultaneously performs risk prediction,
control mode selection, and trajectory generation, enabling
more responsive and intelligent bidirectional control. Ad-
ditionally, extending the framework to accommodate more
complex aerial tasks and multi-vehicle coordination remains
a promising direction.
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