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Abstract—In this work, we address the challenges of robust
precision landing maneuvers for a quadrotor on both stationary
and moving ground targets in the presence of disturbances that
can cause the quadrotor to deviate from its desired trajectory,
leading to maneuver failure. To overcome this, we propose a
novel online adaptive trajectory planning approach based on
the online temporal scaling adaptation of dynamic movement
primitives (DMPs). This adaptation enables the desired trajectory
to be dynamically adjusted in response to tracking errors and
the goal’s state. Consequently, our proposed approach enhances
accuracy, precision, and safety during landing maneuvers. The
effectiveness of the approach is evaluated through comprehensive
experiments conducted in both physical simulations and real-
world environments, covering various disturbance scenarios.

Index Terms—Drones, Adaptive trajectory planning, Dynamic
movement primitives, Precision landing, Robust maneuver, Mov-
ing target

I. INTRODUCTION

Quadrotors are becoming increasingly important in various
applications, such as search and rescue [1], [2], inspection
[3], and package delivery [4], [5], due to their agility and
maneuverability. Precision landing is a critical aspect of many
quadrotor applications since it enables the delivery of payloads
with high accuracy and reliability, reduces the risk of damage
to the quadrotor and the environment, and improves the
effectiveness of tasks such as search and rescue. However, the
precision landing of a quadrotor is a challenging issue that
must be addressed to make these applications more reliable
and efficient.

One of the main challenges of quadrotor precision landing
is handling disturbances in the environment, such as wind
gusts, which can affect the quadrotor’s trajectory and stability
[6]. These disturbances can cause the quadrotor to deviate
from its desired path, leading to inaccurate or unsafe landing.
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Fig. 1: An autonomous quadrotor controlled by our proposed method performs
a landing maneuver on a moving platform while also dealing with external
force (indicated by a red arrow) randomly produced by a demonstrator.

Additionally, in many real-world scenarios, the target landing
site is not always stationary and may involve a moving vehicle
(e.g., ground vehicle [7]). Landing on a moving target adds
another level of complexity to the problem since the quadrotor
must adjust its speed and trajectory in real-time to land
accurately and safely.

Several methods have been proposed to address the chal-
lenge of quadrotor precision landing. In [8], a system is pro-
posed that uses a trajectory planning algorithm to generate an
optimal feasible trajectory for landing on a moving platform.
The algorithm is designed to be computationally efficient,
enabling the system to re-plan the trajectory quickly and fre-
quently to adapt to environmental changes. Another technique
proposed by [9] is a vision-based guidance technique with
a log polynomial closing velocity controller for autonomous
landing on a moving target. The technique is based on a pure
pursuit guidance law that adjusts the quadrotor’s velocity in
real-time to converge to the landing target, even if the target
moves or the quadrotor experiences disturbances. Other works,
involving a disturbance observer-based controller (DOB) [7]
and a backstepping position controller with an adaptive rule
[10], focus on the controller design to reduce the influence
of external disturbances during landing on a moving target.
However, most of these works focus solely on disturbances that
exhibit repetitive or predictable patterns with low frequency
and magnitude and might not effectively manage excessively
large or unpredictable disturbances, potentially leading to
unsafe maneuvers.
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Some works use learning-based methods for quadrotor tasks
like precision landing and perturbation handling [11], [12],
[13], but these methods require extensive data collection and
training. Additionally, unexpected conditions during operation
add complexity, necessitating further training. Meanwhile,
recent advancements, like Time Delay Estimation (TDE),
address state-dependent uncertainties but often rely on conser-
vative assumptions that may not fully capture their complexity
[14].

From this point of view, in this paper, we propose a novel
online adaptive trajectory planning approach that leverages
the principles of dynamic movement primitives (DMPs) as
established in [15]- [16], while integrating the most effective
aspects of these works to safely and accurately handle both
predictable and unpredictable disturbances during landing ma-
neuvers on stationary and moving platforms. We demonstrate
the effectiveness of our approach through simulations and
real-world experiments. In summary, this work provides the
following significant key contributions:

• A new approach is proposed for the robust precision
landing of an autonomous quadrotor for landing on
stationary and moving targets while handling predictable
and unpredictable disturbances in both simulation and the
real world.

• A novel online temporal scaling mechanism for DMPs is
introduced, aimed at reducing real-time error tracking and
simultaneously handling moving targets. This mechanism
has not been proposed by others [15]- [16].

II. PRELIMINARIES

A. Dynamic Movement Primitives (DMPs)
DMPs for encoding complex trajectories using motion prim-

itives were first proposed in [15] and described in detail
in [17], subsequently emerging as promising techniques for
generating robust and adaptive motion trajectories of a time-
independent system. DMPs are widely used in robotics and
effectively handle uncertainties and disturbances. They can
represent both discrete and rhythmic motion, adjustable in
space and time while preserving overall trajectory shape.
This enables reactive planning via sensory feedback, ensuring
robustness in unpredictable environments with wind, obstacles,
and disturbances.

The classical DMP formulation in [15] and [17] for the
discrete DMP consists of the transformation system shown
in (1) and (2) which encodes the trajectory in n degrees of
freedom (DoFs). All degrees of freedom are synchronized with
the canonical system (3) which controls the evolution of the
phase variable:

τ ż = αy(βy(g − y)− z) + diag(g − y0)f(s), (1)
τ ẏ = z, (2)
τ ṡ = −αxs, (3)

where y ∈ Rn is the position initialized at y0. z ∈ Rn is
the scaled velocity. g ∈ Rn is the goal position. diag(g −
y0) ∈ Rn×n is a diagonal matrix which controls the movement
amplitude. s ∈ R is a phase variable with an initial value equal

to 1. τ ∈ R is a temporal scaling term, normally equal to
the duration of the desired trajectory T . αy and βy are set as
constant parameters by αy = 4βy determining the dynamics of
the critically damped system. αx is chosen under the condition
that s ≈ 0 at y = g. The forcing term f(s) ∈ Rn determining
the shape of the trajectory uses a weighted combination of
Gaussian basis functions Ψi(s) as follows:

f(s) =

∑N
i=1 wiΨi(s)∑N
i=1 Ψi(s)

s, (4)

Ψi(s) = exp
(
−hi(s− ci)

2
)
, (5)

where wi ∈ Rn are the weights of N Gaussian basis functions.
ci are the centers of the kernel distributed along the phase of
the trajectory. hi are the widths of the kernel. The weights (wi)
are chosen using imitation learning, as described in [15], [17]
through the use of locally-weighted linear regression (LWR).
B. Dynamic Movement Primitives for Recovering from Dis-

turbances
In the case of disturbances, the approach first proposed in

[17] for recovering from disturbances and was improved in
[16] by suggesting the coupling term Ct and adapting the
temporal scaling term in real-time as follows:

et = (1− αe)(ys − y)− αeet−1, (6)
Ct = ktet, (7)

τa = τ + kce
2
t , (8)

where αe, kt, and kc are constant gain parameters. Equation
(6) is a low-pass filter of the tracking error (ys − y) and ys ∈
Rn is the system’s position. τa is an adaptive temporal scaling
term affecting the time constant of both transformation and
canonical systems. The significant tracking error slows down
the evolution of the phase variables s that control the state y
to prevent it from deviating too far from system state ys. Ct

in (7) is a spatial coupling term added to (1), forcing y to
converge to ys:

τaż = αy(βy(g − y)− z) + diag(g − y0)f(s) + Ct, (9)
τaẏ = z, (10)
τaṡ = −αxs. (11)

C. Dynamic Movement Primitives for Moving Goals
The classical DMP can adapt to a new goal but only

works for stationary goals. Thus, [18] and [19] proposed
the modification of the classical DMP for moving goals by
modifying the transformation system (1) under the assumption
that the system knows the goal position and velocity online as
follows:

τ ż = (1− s)αy(βy(g − y) + τ(ġ − ẏ)) + Ω, (12)
Ω = diag(g − y0)f(s), (13)
τ ẏ = z. (14)

The weight selection process and other formulations in this
modified DMP framework are identical to the classical DMP
formulation. The additional term (1− s) is proposed by [18].
Its purpose is to prevent sudden changes in the acceleration
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target at the beginning of the movement, thus reducing the
potential for system damage.

The additional system (proposed by [19]) augments the
DMP system by introducing a temporal scaling adaptation
law (15). This ensures the system maintains the demonstrated
trajectory pattern while reaching a moving goal and avoids
generating high-velocity commands that exceed the robot’s
capacity.

τ̇ = −κτ (τ − τg) + τ̇g, (15)

τg =
∥g − y0

∥∥∥∥gd − y0,d
∥∥τd. (16)

κτ is a positive gain parameter controlling the adaptive rate
of the temporal scaling term. gd, y0,d, and τd represent the
goal position, initial position, and duration of the demonstrated
trajectory, respectively. To ensure convergence and reaching of
the moving goal, τg must be bounded by the maximum and
minimum distance between g(t) and y0.
D. Limitations of Existing DMPs

Existing DMPs have limitations in handling unexpected
disturbances and moving goals concurrently. The classical
DMP (II-A) performs well with stationary goals but strug-
gles with disturbances and moving targets. The disturbance
compensation-based DMP (II-B) handles disturbances but
cannot adapt to moving goals. The moving goal handling-
based DMP (II-C) scales the trajectory to a moving goal
but lacks disturbance handling. Therefore, a new adaptive
trajectory planning method is needed to address this issue
by combining the strengths of each DMP. Thus, this study
proposes an adaptive trajectory planning approach based on
DMP with online temporal scaling adaptation (DMP-OTSA)
that can effectively handle disturbances and moving goals
simultaneously.

III. SYSTEM OVERVIEW

As shown in Fig.2, our quadrotor control system consists
of two primary components: the proposed adaptive trajectory
planning system (DMP-OTSA, a high-level control system)
and a low-level control system. This section provides a detailed
explanation and description of these components.
A. High-level Control for Robust Precision Landing on Sta-

tionary and Moving Goals
Our high-level system is responsible for generating the real-

time desired position, velocity, acceleration, and yaw com-
mands of a quadrotor. To achieve a robust precision landing
maneuver, an adaptive high-level motion planner is required
to generalize both stationary and moving goals while being
robust against disturbances. We utilize DMPs to solve the task
due to their ability to scale and adapt to goals and unexpected
conditions online. We combine the advantage of each DMP,
described in Sections II-B and II-C by:

i) using the transformation system and the canonical system
to acquire the ability to scale the prescribed trajectory to follow

a moving goal, as the following term:

τ ż = (1− s)αy(βy(g − y) + τ(ġ − ẏ)) + Ω, (17)
Ω = diag(g − y0)f(s), (18)
τ ẏ = z, (19)
τ ṡ = −αxs, (20)

ii) learning the forcing term based on the LWR to imitate
the prescribed trajectory as explained in Section II-A,

iii) using the temporal scaling adaptation law from (15), and
modifying τg from (16), resulting in the following terms:

τ̇ = −κτ (τ − τg) + τ̇g, (21)

τg =

∥∥g − y0
∥∥∥∥gd − y0,d
∥∥τd + kce

2
t , (22)

et = (1− αe)
∣∣ys − y

∣∣− αeet−1. (23)

The online temporal scaling adaptation law (22) is proposed
here for the first time. This adaptation law addresses two
factors: time scaling by distance (first term) from the goal
g to the start point y0, and tracking errors (second term)
resulting from disturbances. These scaling terms are utilized
to prevent the generation of high-velocity commands when
following the goal and effectively respond to disturbances that
can lead to significant tracking errors. As a result, a quadrotor
is able to recover from disturbances and seamlessly continue
along the desired trajectory. The low-pass filter of the absolute
value of tracking error in (23) mitigates the negative effects of
disturbances that can cause frequent and rapid sign changes
in the tracking error. This improves the ability of the system
to preserve the significant tracking error state, facilitating
recovery from the position error. Due to space limitations,
further stability analysis of the control system can be found at
https://r-kongkiat.github.io/DMP OTSA/.
B. Prescribed Landing Trajectory

To ensure a smooth and stable landing for a quadrotor,
the reference landing trajectory to be imitated by the DMP
system is designed to allow the path in the z-axis to start
and converge to the final position after the paths in the x
and y axes, using the minimum jerk trajectory for a smooth
and continuous trajectory that starts and ends at zero velocity
and zero acceleration. The trajectory is given by the following
equations:

x(t) =

{
xi + (xf − xi) · q( t

Tm
) if 0 ≤ t ≤ Tm

xf if Tm < t ≤ T
, (24)

y(t) =

{
yi + (yf − yi) · q( t

Tm
) if 0 ≤ t ≤ Tm

yf if Tm < t ≤ T
, (25)

z(t) =

{
zi if 0 ≤ t < Ts

zi + (zf − zi) · q( t−Ts

T−Ts
) if Ts ≤ t ≤ T

, (26)

where:
xi, yi, zi: the initial position,
xf , yf , zf : the final position,
Tm: the intermediate time at which the x and y axes converge,
Ts: the start time for the z-axis,
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Fig. 2: The diagram shows an overview of our system. The high-level control system (purple box) utilizes the online temporal scaling adaptation of DMP to
generate the desired state command. This command is then passed to the low-level control system (green box) responsible for computing motor speeds to the
quadrotor (white box). In real system implementation, both the high-level and low-level controllers receive feedback on the quadrotor and goal states from
the motion capture system (OptiTrack, blue box).

T : the total time for the trajectory (T > Tm > Ts),
q(u): a function that generates the minimum jerk trajectory,
defined as:

q(u) = 10u3 − 15u4 + 6u5. (27)

Note that Tm must be greater than Ts to ensure the trajectory’s
smoothness; otherwise, the generated path will lack continuity.
Tm is crucial for generating a trajectory that combines horizon-
tal tracking and vertical descent simultaneously. This results
in a more time-efficient path compared to a trajectory that
first achieves horizontal tracking and then descends vertically
(which can be represented by the Ts > Tm case). A recom-
mended approach for selecting Tm, Ts, and T is presented in
Section IV-B.
C. Low-level Controller

The low-level controller runs on ArduPilot firmware [20]
and consists of position and attitude sub-controllers. It receives
the desired trajectories from high-level control and computes
the desired collective thrust and torque before finally convert-
ing it into the motor speed command to the rotors.

IV. PHYSICAL SIMULATION

In this section, we demonstrate the generality and robustness
of our proposed trajectory planning approach described in Sec-
tion III-A by testing it in multiple situations. First, we evaluate
the quadrotor’s robustness when landing on a stationary goal
in Section IV-B and the generality when landing on a moving
goal in Section IV-C.
A. Simulation Setup

Our algorithm is first implemented with the ArduPilot SITL
as a low-level flight controller for a simulated quadrotor in
Gazebo. It communicates with the low-level controller via a
supported bridge between the Robot Operating System (ROS)
and the MAVLink protocol (MAVROS).
B. Stationary Goal

In this experiment, we evaluate the robustness of our
proposed approach when the quadrotor lands on a station-
ary goal. We train the DMP using a given trajectory as
described in Section III-B. A prescribed landing trajectory
can be obtained for the DMP through imitation learning by

imitating a landing trajectory that starts at the initial position
of y0,d = [0.0, 0.0, 0.0]T and ends at the final position of
gd = [1.0, 1.0, 1.0]T . The total duration of the path (T = τd =

4.83), is estimated by ∥|gd−y0,d∥
Vmax

. The x and y axes converge
to the final position at Tm = τd/2, while the z-axis starts at
Ts = τd/10. The parameters utilized in our DMP setup are
outlined in Table I, with particular attention given to the low-
pass parameter αe. This parameter is empirically adjusted to
ensure that minor tracking errors do not significantly impact
the overall flight duration, and the trajectory is determined in
3D Cartesian coordinates. The initial duration of the trajectory
is determined by τ = ∥g−y0∥

∥gd−y0,d∥τd.
To test our system, we allow the drone to follow the landing

trajectory provided by the DMP at 100 Hz, starting to hover
from y0 = [0.0, 0.0, 2.0]T , and landing on the stationary goal
at g = [−2.0, 2.0, 0.0]T . The goal position and velocity are
updated at every iteration of the DMP system. During the
landing maneuver, we utilize the phase variable s to trigger
the application of an external force as a disturbance to the
quadrotor at s = 0.2 and terminate the landing maneuver
at s = 0.01. The external force is an impulsive one with
F = [−1.0, 1.0, 0.0]T applied to the quadrotor for 3 s.

We compare our adaptive trajectory planning method (DMP-
OTSA) with the pre-planning trajectory, which is an offline
process with fixed movement duration and lacks online adapt-
ability; the pre-planning trajectory can be interpreted as DMP
without temporal error adaptation (described as DMP-NOA).
Figure 3 illustrates a comparison of the performance of DMP-
OTSA (red line) and DMP-NOA (blue line). When the quadro-
tor experiences disturbances (highlighted in the gray region
and the yellow arrow), DMP-OTSA automatically adjusts the
τ value, associated with the tracking error (Fig. 3d), to slow
down the system evolution and velocity command, aiding
in quadrotor recovery before continuing along the trajectory.
Consequently, this adjustment prolongs the flight duration, as
depicted in Fig. 3c, but proves valuable in minimizing the final
landing position error. The results in Fig. 3a show that DMP-
NOA fails to compensate for disturbances, resulting in a larger
end-of-maneuver error (17.55 cm) compared to DMP-OTSA,
which achieves better performance with a smaller error (3.48
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(a) The 3D path of the quadrotor while following the landing trajectory
(dashed black line) under the presence of disturbance (indicated by the yellow
arrow)
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Fig. 3: The simulation results for the stationary goal when it was affected by
disturbances (highlighted in the gray region) for the cases: the DMP-NOA
(blue line) and the DMP-OTSA (red line).

cm).
Additionally, we also evaluate the robustness of our ap-

proach when landing on a stationary goal with wind distur-
bance. The setup is the same as for the previous experiment,
but the disturbances are applied throughout the flight. Detail
of the wind disturbances are provided in Appendix A. The
performance of each approach is compared with varying wind
speeds (vmag). To select the wind speeds, the wind speed is
selected according to the average force output per weight of the
quadrotor ( F

mg ) which should range from 0 to 1 in increments
of 0.2. In addition, the wind direction (ϕmean) is randomly set
in each test. The parameters used for wind simulation are also
shown in Table I. Both approaches are repeated five times
for each specified wind speed. Fig.4 shows the comparative
results of the experiment. The DMP-OTSA can keep the lowest
precision through varying wind speed or force.
C. Moving Goal

In this experiment, we evaluate the robustness and general-
ization of our approach by transitioning from a stationary to

0 20 40 60 80 100
Perturbation (Force/Weight percentage)

5

10

15

20
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30

Av
er

ag
e 

er
ro

r (
cm

)
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DMP-NOA

Fig. 4: The simulation results from the robustness test on wind disturbance,
varying wind speed, display the average error at touchdown and precision
of the quadrotor from five repeated experiments. The DMP-NOA method is
indicated by a blue line, and the DMP-OTSA is represented by a red line.

TABLE I: The DMP system (left) and the wind simulation parameters (right)

Parameters Value
αy 25
βy 6.25
αx 4.6052
N 300
κτ 10
kc 150
αe 0.98

τg,max 8.0
τg,min 1.732

Parameters Value
m 1.5 kg
Cf 1
Av 0.1
Aϕ 30 degree
T 30 s

moving goal. The DMP system is trained and parameterized
in the same manner as described in Section IV-B. The moving
goal position is initialized at g0 = [−1.0,−3.0, 0.0]T , moving
at a constant velocity of ġ = [0, 0.4, 0]T . The quadrotor begins
by hovering at y0 = [0.0, 0.0, 2.0]T . As soon as the goal
approaches (in this case, we provide external information to
trigger when the goal reaches g = [−1.0, 0.0, 0.0]T ), the DMP
is executed to provide a landing trajectory at a frequency of
100 Hz for the quadrotor low-level controller from y0 to g.
The goal position and velocity are also updated in every itera-
tion of the DMP. During the landing maneuver, a disturbance
is applied to the quadrotor at s = 0.05. The disturbance is
also applied as an impulsive force with F = [2.0, 0.0, 0.0]T

for 2 s. The landing maneuver is terminated at s = 0.01.
The experiment demonstrates that the DMP-OTSA enables

the quadrotor to successfully recover from disturbances and
reach a moving target, as depicted in Fig. 5a. This success
is due to our adaptation of the temporal scaling term in (22),
considering both the tracking error and the relative distance
from the goal g to the initial position y0 simultaneously. Fig. 5c
illustrates the modification of the temporal scaling term when
the quadrotor encounters a disturbance (highlighted in the
gray region) and the moving target throughout the maneuver.
This leads to the adaptive velocity command shown in Fig.
5b, which slows down in the case of disturbance and finally
converges to the target position and velocity. In contrast, the
conventional DMP-NOA [19] depicted in Fig. 6a only takes
into account the relative distance, generating the trajectory
command to converge to the target’s position and velocity, as
can be observed in Figs. 6b and 6c. However, since the tracking
error is not considered, this approach results in the quadrotor
failing to achieve the maneuver and missing the target.
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(a) 3D path of the quadrotor (red line) while following the reference trajectory
(dashed black line) toward a moving goal under the presence of disturbance
(indicated by yellow arrow).
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(b) The reference velocity generated by the DMP-OTSA and the goal velocity.
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Fig. 5: The simulation results for the moving goal when affected by distur-
bance (highlighted in the gray region) for the DMP-OTSA.

V. REAL-WORLD EVALUATION

This section evaluates the proposed approach in real-world
conditions by performing the landing maneuver under distur-
bances such as a windy environment and external force for
both stationary and moving goal cases.
A. Quadrotor Platform

An autonomous drone is developed in this work (depicted
in Fig.7). Based on the 500 mm PCB multi-rotor air frame
(S500). The key components of the drone consist of 1) Pix-
hawk (low-level flight controller) running ArduPilot (an open-
source low-level flight controller), 2) an onboard computer
(Odroid XU4) that utilizes ROS for the implementation of
high-level control and communication with both Pixhawk and
a motion capture system (OptiTrack). The interface between
the onboard computer and the flight controller is established
through MAVROS, which is the same protocol mentioned in
Section IV-A.

(a) 3D path of the quadrotor (blue line) while following the reference trajectory
(dashed black line) toward a moving goal under the presence of disturbance
(indicated by yellow arrow).
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(b) The reference velocity generated by the DMP-NOA and the goal velocity.
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Fig. 6: The simulation results for the moving goal when affected by distur-
bance (highlighted in the gray region) for the DMP-NOA.

B. Moving Landing Platform
TurtleBot3 serves as a vehicle for dragging a cart, with an

acrylic pad (60×90 cm) performing as a moving landing plat-
form (Fig.7). The maximum speed of the platform is 0.2 m/s.
During the experiments, the moving platform (TurtleBot3) is
controlled manually with a joystick.

Fig. 7: The quadrotor platform and the TurtleBot-based moving landing
platform for real-world experiments.
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C. Indoor Localization
The motion capture system (9 x motion capture OptiTrack

Prime 17W) is utilized to provide the poses of the quadrotor
and the moving landing platform at a frequency of 100
Hz. The quadrotor pose is directly passed to the low-level
controller state estimator unit. To estimate the state of the
moving landing platform (position and velocity), a linear
Kalman Filter [21] is employed to filter and smooth the noise
in the measurements, using a constant velocity model.

(a) DMP-OTSA (b) DMP-NOA

Fig. 8: The real evaluation of the quadrotor under wind disturbance (indicated
by yellow arrows).

(a) DMP-OTSA (b) DMP-NOA

Fig. 9: The real evaluation conducted on the quadrotor with impulsive force
disturbances (indicated by red arrows) for two cases. The disturbances are
generated by a demonstrator who randomly pulls a rope to produce the force.

D. Stationary Goal
For the stationary goal, two different disturbance conditions

(wind and impulsive force) are used to evaluate the DMP-
OTSA and the DMP-NOA, with the DMP system being trained
and parameterized in the same way as described in Section
IV-B. The experiments begin by hovering the quadrotor at
y0 = [0.0, 0.0, 2.0]T , then following the path provided by
the DMP at 100 Hz to land on the stationary goal at
g = [0, 1.05, 0]T , updating the goal position and velocity in
every iteration to the DMP. The maneuver is also terminated
at s = 0.01.

The results of the quadrotor trajectory for the DMP-OTSA
and the DMP-NOA are shown in Figs. 8 and 9. Figure 8 shows

the case of the wind disturbance produced by a fan with wind
speeds ranging from 1.8 to 2.3 m/s, measured by a digital
anemometer and Figure 9 shows the case of the impulsive
force disturbance, with a rope being attached to the quadrotor
and randomly pulled by a demonstrator. The impulse pulling
force is in a range of 15 − 25 N for 2 s (measured by a
digital force gauge attached to the rope). The results show
that the proposed DMP-OTSA can deal with the disturbances
better than the DMP-NOA. In the experimental evaluation of
the wind case, a small deviation of 3.09 cm is produced using
our approach, with the DMP-NOA exhibiting a large deviation
of 11.62 cm. Similarly, in the impulsive force case, a small
deviation of 1.66 cm is achieved with our method, while the
DMP-NOA exhibits a large deviation of 42.05 cm.
E. Moving Goal

To demonstrate the moving goal case, we test the DMP-
OTSA on the quadrotor to land on the landing platform
with and without disturbances. The DMP-OTSA is used to
generate the following trajectory to the quadrotor, relying
on the position and velocity feedback to the DMP and the
quadrotor. The DMP system is trained and parameterized in the
same way as described in Section IV-B. The landing platform
moves in a straight line at a maximum velocity of 0.2 m/s.
The quadrotor starts by hovering at y0 = [1.5, 1.0, 2.0]T ,
waiting for the landing platform to move closer, and then starts
to follow the path generated from the DMP at 100 Hz to
land on the landing platform at s = 0.01. In this experiment,
the rope is fastened to the quadrotor and randomly pulled by
a demonstrator to generate an impulse force disturbance, as
described in Section V-D.

Figures. 1 and 10 illustrate the trajectory of the quadrotor
while landing on the platform with and without disturbances,
respectively. The figures depict the ability of the quadrotor
to successfully perform the landing maneuver even in the
presence of disturbances. A video demonstrating all real
experiments can be seen at https://www.manoonpong.com/
DMP-OTSA/video.mp4.

Fig. 10: The real evaluation of the quadrotor driven by the DMP-OTSA when
performing a landing maneuver on the moving platform without disturbance.

VI. DISCUSSION AND CONCLUSION

In this study, an online adaptation algorithm for planning
the landing trajectory of a quadrotor is presented. The algo-
rithm brings together the best aspects of previously modified

3136



dynamic movement primitives from [18], [19], and [16].
The modified DMP with online temporal scaling adaptation
allows the system to adapt the prescribed landing trajectory
to moving targets and deal with disturbances by utilizing the
current position and velocity of the goal and tracking errors
as feedback. The adaptation slows down the evolution of
the DMP system, preventing the generation of high-velocity
commands and controlling the command within a reasonable
range of the quadrotor states. This makes it possible for the
quadrotor to perform autonomous landing maneuvers on sta-
tionary or moving targets with greater resilience to unexpected
disturbances. This approach reduces tracking errors, enhances
both accuracy and precision and improves overall safety during
the landing procedure, as demonstrated by the results evaluated
in physical simulation and real-world conditions.

Various methods, such as those proposed in [8] - [14], have
been developed for quadrotors to handle disturbances during
landing using trajectory planning and control algorithms in
different ways. However, some methods struggle with strong,
unpredictable disturbances, which can make the landing un-
safe. Furthermore, some approaches, which require extensive
data collection and intensive training, or rely on conservative
assumptions, add additional workload and become impractical.
In contrast, our method eliminates the need for these while
successfully enabling precision landing on both static and
moving targets under unexpected conditions.

Despite this, our approach has limitations in perception, as
it relies solely on external position feedback from a motion
capture system and lacks the ability to detect fast-moving
targets. Future enhancements will include integrating advanced
perception systems, such as depth and/or event-based cameras,
to enable fully autonomous flying and landing in real-world
outdoor applications.
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APPENDIX

A. Wind Disturbance
The wind velocity vector vw is formed by selecting the mag-

nitude of the velocity vmag and direction ϕmean as follows:

vw(t) =
(
vmag +Avvmag sin(

2πt

T
)
)cos(ϕ)sin(ϕ)

0

 , (28)

ϕ(t) = ϕmean +Aϕ sin(
2πt

T
). (29)

The uncertainty of the wind velocity and direction is mod-
eled by introducing the sine wave function in both (28) and
(29) at the period T . Aϕ represents the amplitude of the
oscillating direction, while Av represents the amplitude of the
oscillation, which is the percentage of magnitude (vmag).

The force acting on the quadrotor from the effect of the
wind is simply modeled similarly to the drag force equation:

F = mCf (vw − vobj), (30)

where m is the mass of an object, Cf is the force coefficient,
and vobj is the velocity of an object.
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