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Abstract— Landing on a vertically oscillating platform poses
a significant challenge for multi-rotor unmanned aerial vehicle
(UAVs) due to the time-varying ground effect (GE). In this
work, we formulated a data-driven GE dynamic model that
accurately describes the complex interactions between UAVs
and both stationary and oscillating platforms. Integrating this
model with a feedforward controller effectively compensates for
GE, resulting in improved landing performance. The proposed
GE model elucidates the relationship between GE and factors
such as UAVs’ velocity, throttle magnitude, and the motion of
the landing platform. It highlights that the GE experienced
during the landing process of UAVs is not only contingent
on the current state but also related to past states. The
resulting GE model is parsimonious and suitable for onboard
computers with limited computational power, and its accuracy
has been confirmed through a series of flight experiments. To
demonstrate the effectiveness of the developed UAVs landing
scheme, we compared our approach with robust control and
internal model control methods. Experimental results indicate
that the proposed landing strategy achieves faster and smoother
landings, with at least a 22% improvement in smoothness and
a 25% reduction in landing time.

I. INTRODUCTION

UAVs play a crucial role in maritime missions, including
search and rescue [1], survey missions [2], and environmental
monitoring [3]. A key challenge in these scenarios is ensuring
safe and quick landings on vessels. The nonlinear dynamics
of UAVs, limited landing platform size, and the Ground Ef-
fect (GE), where rotor thrust increases near surfaces without
additional power input [4], complicate this task. Additionally,
landing on a vessel is further challenged by deck oscillations
due to ocean waves, winds, and currents [5], which amplify
the GE, potentially leading to instability or catastrophic
failure [6, chapt.4]. Overcoming the influence of GE on an
oscillating platform is thus vital for a smooth and fast UAV
landing.

Existing solutions for addressing Ground Effect Force
(GEF) fall into feedback and feedforward approaches. Feed-
back control (FBC) treats GEF as an external disturbance,
using error signals to counteract it [5], [7]-[10]. However,
this often results in delayed feedback [11] and challenges in
achieving smooth, fast UAV landings. Feedforward control
(FFC) predicts GEF using empirical formulas [12], [13] or
neural networks (NN) [11] and incorporates compensation
into pre-designed controllers. While effective, FFC relies
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heavily on the accuracy of GE prediction, which can be
limited in complex scenarios like oscillating platforms. Data-
driven models can account for additional factors but may
suffer from increased complexity, overfitting, and a lack of
interpretability. Moreover, existing GEF models typically do
not consider the time evolution of GEF and are often based
on stationary platform data, making them less accurate for
predicting GEF during landings on oscillating platforms.

In this work, we aim to develop an accurate, reliable,
and computationally efficient dynamic model of GEF for
UAV landings on oscillating platforms, considering the states
of both the UAV and the platform from the previous time
step. Existing techniques like the Koopman operator [14],
Dynamic Mode Decomposition (DMD) [15], and Sparse
Identification of Nonlinear Dynamics (SINDy) [16] have all
demonstrated certain success in identifying complex nonlin-
ear dynamic models. Among them, SINDy stands out for
its potential to achieve a fine balance between accuracy
and complexity, preventing overfitting [16]. Hence, SINDy
is chosen for this work as the core idea to derive our
dynamic model of GEF. To ensure the accuracy of the
GEF dynamic model developed through the SINDy methods,
the effectiveness of the data and the correctness of the
library functions are crucial. To achieve this, we establish
a GEF data collection (DC) system to measure real-time
GEF coupled with propeller thrust. Subsequently, we extract
physics-informed knowledge from empirical formulas, and
combine it with the higher-order terms and interaction terms
of relevant variables we discovered, to form the library.

Finally, by combining GEF dynamic model with a feed-
forward controller, we succeed in achieving smooth and fast
UAV landing on the vertically oscillating platform. A series
of experiments confirm the accuracy of our GEF dynamic
model, while our landing scheme for controlling UAV land-
ing on the vertically oscillating platform has demonstrated
superior smoothness and speed compared to using SSC and
internal model-based control (IMBC) [17]. Our approach
features two distinctive innovations: 1) The proposed GEF
dynamic model is accurate and encompasses GEF and the
state of both UAV and platform from previous time, facili-
tating UAV to achieve smooth and fast landing on vertically
oscillating platforms. 2) We establish a GEF DC system that
collects accurate data required for deriving GEF dynamic
model and the model is parsimonious, ensuring successful
implementation on UAV with limited computational power.
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Fig. 1: GEF experienced by UAVs while the platform is undergoing
oscillating at a speed of 0.08 m/s and 7" is set to 12 N.

II. PROBLEM STATEMENT

The dynamic model of the quadrotor considered in this
work is standard [18]:

p=v, mv=mg+ Rf, +{, (D
where p = [2q, Yg» 2] € R3 V= [Usg, Vyg Vig] €
R3 represent the global position and velocity of the UAV,
respectively. m is the mass of the UAV. g := [0, 0, g]T
is the gravity vector, where g denotes the acceleration of
gravity. R € SO(3) is attitude rotation matrix. f, :=
[0, 0, T]" denotes the total thrust from four propellers,
f,:= [0, 0, foer] € R? denotes the residual aerodynamic
force which is referred to as GEF!.

Empirical GE models? [19] offer valuable insights into GE
phenomena but are not accurate mainly due to their over-
simplification. These models capture only the relationship
between the current UAV state and the GEF, rather than the
dynamics of GEF, leading to inaccuracies [20]. Moreover,
they assume a stationary landing platform, making them un-
suitable for moving platform scenarios. As shown in Fig. 1,
it is evident that the GEF obtained from empirical formula
(2) differs significantly from the measured GEF, whereas
our proposed model achieves a more accurate estimation of
measured GEF.

Therefore, this work aims to develop a data-driven model

fGEF = f(fGEFaO-) Zavz,mvz,p) (3)
for accurate GEF prediction during UAV landings, where
throttle command o, relative height z, Z-axis velocity of
UAV v, 4 and Z-axis velocity of the platform v, , are con-
sidered. This model should retain the simplicity of empirical
models, ensuring it can be applied to UAVs with limited
computational power, unlike complex NN models.

INote, the force f, under consideration only accounts for its Z-axis
component, while disregarding the forces in the other two directions.
Because, although the platform may be oscillating vertically, the landing
platform itself is horizontal.

2

2
D
n(2)

2
()
where T' € R denotes the thrust generated by propellers in the absence
of GE, f&pp € R is the estimated GEF. 2z € R is the relative height

between the UAV and the platform. D is the rotor’s diameter. p is a constant
coefficient depending on the number and arrangement of propellers.

@

fg'EF =

III. MODELING AND LANDING SCHEME DESIGN

In this section, we detail the process of deriving a GEF
dynamics model through data-driven approaches, followed
by the design of a UAV landing scheme. The comprehensive
modeling and landing scheme are depicted in Fig. 2.

A. SINDy [16].
Consider a nonlinear dynamical system of the form:

7X= flx,u), =x(0) =z ()
with state x € R”, input u € R? and dynamics f(x,u) :
R™ x R? — R™.
Given [ snapshots of (4) measured over time, the system
in (4) can be rewritten as

X =0X,U)= (5)
where ©(X, U) is the candidate library that is composed of
linear and nonlinear functions of X = [z{,z9, -+ ,2;]"
and U = [u],uq, --,u]". B is expected to be

sparse by employing Sparse Relaxed Regularized Regression
(SR3) [21] to identify the sparse matrix signifying the fewest
nonlinearities in the library that result in a good model fit:

1« .2

&k :argmini HXk - ®(X7U)§kH2 +

&k , )
)\Hw||o+5||§k—w||§, k=1,..,1

where Xk is the k-th row of X, &k is the k-th row of =,
and A is the sparsity-promoting hyperparameter. || - || and
||-]lo represent the lo norm and the /o norm of the matrices or
vectors respectively. || - ||o promotes sparsity in the auxiliary
variable w which is forced to be close to ék corresponding
estimate of &g, although it is not convex. v is a relaxation
parameter that controls the gap between fk and w.

B. GEF DC System

To obtain precise UAV thrust data, we’ve developed a
GEF DC system, as shown in Fig.3, comprising a UAYV,
a six-axis force sensor, and a movable landing platform.
This setup enables direct real-time thrust measurement and
manipulation of the force (fgrr) between the UAV and
the platform. The structure of the GEF DC system can be
outlined as follows:

(1) UAV is fixed 0.75 m above the platform.

(2) The six-axis force sensor with a precision of 0.1 g
and a weighing range of up to 20 kg is installed at the
connection point between the UAV and the 2 degree-
of-freedom motion ring to measure the thrust data.

(3) Oscillating platform used to simulate a UAV landing
surface consists of a square plane with side length of 1.5
m and three electric actuators. The platform is capable
of operating smoothly without any impact with a load
of up to 100 kg.

(4) Data acquisition card serves as the data acquisition
unit for the system and transmits real-time thrust data
to the PC via WiFi at a frequency of 100 Hz.
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Fig. 2: UAV landing block diagram, including modeling of GEF and the design of the landing scheme. The part within the blue box
represents the construction of the GEF dynamics model using SINDy. The part within the orange box illustrates the UAV landing on a

vertically oscillating platform under the proposed landing scheme.
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Fig. 3: Schematic of the GEF DC System

C. Modeling of Throttle-Thrust and fcpr

a) Throttle-Thrust Model: For the extraction of fopr
from the total thrust data, first, a throttle-thrust model is es-
sential. In view of a fundamental observation in [22, ch.6.1],
the thrust dynamic formula can be derived as follows:

; coo +c1 — Ty

Ty = T (7
we denote the square root of T" as Ty, € R, and ¢y, c1,T),
are the constants. In (7), the SINDy library’s variables were
defined, but empirical formulas typically neglect higher-order
and interaction terms. Through iterative selection, an opti-
mized library was identified to enhance the SINDy model’s
predictive accuracy.

Or :={1,Ty, 0,0 T2

ST eXp(_Tsr)O'v Sin(Tsr)a}

Following a procedure similar to Section III-A, we employed
sparse regression to identify a small subset of active terms
from the library . In this way, the model 7 (-) that relates

throttle to thrust can be written in the following form:

Ty = T(Tsr7 U) = OrET 3
where TST € R represents the estimated T,.. Er is the
expected sparse matrix of coefficients identified by employ-
ing SR3. This throttle-thrust model can achieve a real-time
estimation of 7', the given initial thrust value and o.

b) GEF Model: With the estimation of thrust, we can
extract the real-time fggp from the measured thrust data
obtained from the GEF DC system. In Eq. (2), the relation-
ship between fgrr, T, and z is established for a stationary
platform. Yet, our focus on UAV landings on oscillating
platforms presents new complexities. The varying relative
distance and velocity between the UAV and platform lead
to a fluctuating GEF that a static equation cannot accurately
represent. A dynamic GEF model is necessary to address

these challenges. Inspired by above observations, the SINDy

library ®gEr is selected as follows:

— 2 2 .2 2
GGEF = {17 fGEF7 0,2,Vz,qyVz,p,0 , 2, vz,qa Uz,p

Following a procedure similar to (8), the GEF dynamic
model admits the following form

feer = F(faer,0,2,05 4,05p) = OgeErEger (9)
where Eggr is expected sparse matrix of coefficients. The
point to be explained here is that v, ; = a4t + vo;,4, In
which a, 4 = (fu+ fo —mg)/m € R and vy, 4, € R denotes
the given initial velocity of UAV in Z-axis direction. v, j, is
calculated by subtracting v, from v, 4.

D. UAV Landing Control Method Based on GEF Model

The paper’s objective is to enhance UAV landing per-
formance via feedforward the estimation the GEF into a
nonlinear feedback control method [11]. Define the position
tracking error p := p—pgy with the desired position pq € R?,
and a composite variable s € R3,

s=p+Tp=p—v,
where T is a positive definite matrix and v, € R? is the ref-
erence velocity. It is worth noting that when s exponentially
converges to a region around 0 € R3, p will exponentially
converge to the vicinity of the desired trajectory pq(t) [23].
The proposed controller can be formulated as:

£, = mv, —Kps—Kj/sdt—mg—fa (10)

YVith positi\ie constants K p and K, and feedforward term
fa = [07 07 fGE'F}T-

Substituting Eq. (10) into Eq. (1), the closed-loop dynam-
ics is rewritten as ms + Kps + Klfsdt = €, with the
estimated error € := f, — f, € R3. Consequently, p(t) will
converge globally and exponentially to a bounded residual
region with respect to ||e|| [24].

IV. EXPERIMENTAL RESULTS

To affirm the proposed landing scheme’s viability, we
conducted four experiments: real-time throttle-thrust and
GEF model estimation, and autonomous UAV landings on
both ground and oscillating platforms. The second and third
experiments highlight the models’ and scheme’s efficiency
for swift and stable landings in various conditions.

In our experiments, we used a quadcopter UAV weighing
1.37 kg with a Jetson Xavier NX onboard Linux computer.
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Communication with PX4 was established via Robot Oper-
ating System (ROS) using MAVROS messages over WiFi at
a frequency of 100 Hz. To achieve more precise landings, we
also employed AprilTag for localization in the XY plane.

A. Data Collecting and Modeling

To derive the throttle-thrust model, we controlled the UAV
using various throttle signals, i.e. five sets of ramp signals
with different slopes within the range of 0.2 to 0.8, as well
as five sets of sine signals with an amplitude of 0.8 and
different frequencies.

These thrust data are considered sufficient to derive the
model as they encompass the complete range of throttle
signals that the UAVs may encounter in diverse scenarios.

Additionally, to establish an accurate model, it is essential
to have reliable, and low-noise data. Therefore, we first
conducted enough repeated trials to collect valid data, and we
applied a Savitzky-Golay filter with an appropriate window
length to smooth the data, ensuring that the trend was
preserved without altering the data’s width. Based on the
processed data, the throttle-thrust model was derived utilizing
SINDy method as follows:

Ty, = 0.215 — 0.6507%, + 13.8820
+11.81502 — 0.12373 — 12.8250°

—16.647exp(—T,)o — 1.457sin(T, )o

Then, the estimated thrust 7" can be calculated from 7' = Tfr.
By subtracting the real-time measured thrust from T, the
real-time fopp at each moment can be obtained. Addi-
tionally, to establish a universal GEF dynamic model, three
scenarios were designed to collect more comprehensive data.

(1)

(1) o remains constant while the platform is undergoing
oscillating at a speed of 0.08 m/s.

(2) o is set to a sinusoidal signal while the platform
remains stationary.

(3) o is set to a sinusoidal signal while the platform is
undergoing oscillating at a speed of 0.08 m/s.

Similar to process (11), GEF dynamic model is derived:
fopr = 0.804 — 0.088 fapr — 3.9120
+0.5862 + 1.051v, , — 1.049v, ,
+ 4.8540° + 1.103v, v, 4 — 2.5042>
—0.53507 , — 0.56207

12)

B. Validation of Throttle-thrust and GEF Dynamic Model

1) Validation of throttle-thrust model In the experiment,
we validated the accuracy of the throttle-thrust model (11).
Initially, we set o to increase gradually from 0.2 to 0.3.
Subsequently, after achieving thrust stability, we adjust o
according to o = 0.1(¢ — 10). We observed real-time 7" and
T, along with the corresponding estimated error, as depicted
in Fig. 4(a) and (b).

Then, we set the throttle o from 0.2 to 0.3 initially and
then started to perform a sinusoidal motion o = sin(0.8(¢ —
10)). The result is displayed in Fig. 4(c) and (d). Those
results show that within a certain range of throttle variations

Throttle-Ramp [N] Error |[N]
15 1 05
a b
5 @y os ®
0 10 20 30 0 10 20 30
Throttle-Sin [N] Error [N]
15 1 05
10 0.5 0
C
5 Gy 05 @
0 10 20 30 0 10 20 30
t [s] t[s]

Fig. 4: Experimental results of throttle-thrust model estimation
when o is set to (a) a ramp signal and (c) a sinusoidal signal. (b)((})
show the corresponding estimate errors of (a)(c) between 7" and 7.
The blue solid and dotted lines denote the real-time 7" and T’
respectively, and orange solid line denotes the o. These figures
demonstrate that the trottle-thrust model is sufficiently accurate.

o, our model consistently achieves a precise thrust estimation
with small deviations.

2) Validation of GEF dynamic model In this part, we
conducted two sets of experiments where the platform moves
in two modes: gradually approaching the UAV and oscillating
at a speed of 0.08 m/s. Additionally, both experiments
comprised six individual trials, each lasting 30 seconds.

In each trial, UAV is set to generate an initial thrust of
10N, 11N, 12N, 13N, 14N, 15N, and 16N respectively,
while remaining the throttle command unchanged. These
experiments are conducted to demonstrate the effectiveness
of the GEF model (12) in various scenarios.

Fig. 5(a)(b) depicts the curves of real-time fopprp and
fG gr for both experiments. According to Fig. 5(a), we can
conclude that as the platform gradually approaches the UAYV,
our GEF mode (12) exhibits small errors and quickly tracks
the actual fepp. In Fig. 5(b), compared to the previous
experiment, the average error and variance have increased,
indicating that (12) experiences some errors when there is a
fast change in the relative distance between the UAV and the
platform. However, the mean absolute errors across different
thrust levels remain within 0.2V and have minimal impact
on the landing.

C. Comparative Experiments of UAV Landing on Ground

In this subsection, we evaluate three landing schemes
for UAV ground landing to showcase the effectiveness of
our approach. Method I utilizes nonlinear feedback control.
Method II enhances this with a feedforward component
derived from an empirical GEF formula. Method III, our
method, introduces a control law (10) for improved landing
performance.

In all our experiments, we set the same controller param-
eters: K, is set to 4, K7 to 0.01, and I' to 2. The UAV
begins its descent from a certain height above the platform.
Taking into account the height of the landing gear, the UAV
is considered to have landed when it reaches a height of 0.1
m above the ground. The reference trajectory z,.(t) for the
UAV is given by

2 (t) == e Y1 4 Ct)(zinit — ha) + ha (13)
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Fig. 5: Our GEF dynamic model accurately estimates fgzr when the platform (a) gradually approaches UAV (b) continues to oscillate.
Errors in (b) increase compared to (a), but it remains within a small range. Colors solid and dotted lines represent the real-time fcEF
and fger calculated by GEF model respectively. (c) Z-axis trajectory of UAV landing on the ground with three different methods.
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Fig. 6: The successive stages of UAV landing on (a) ground (b) the vertically oscillating platform. In both cases, UAV all successfully
achieved fast and smooth landing. These illustrations confirm the efficacy of our landing scheme.

where C' = 0.1 is related to the landing velocity, z;,;: = 0.8
and hy refer to the initial height and desired height of the
UAV relative to the landing platform, respectively. In this
experiment and the experiment in IV-D, we require the UAV
to complete the landing, thus setting /4 to 0.0 m.

In Fig. 5(c), experiments show the UAV hovers about
15 cm above the ground without compensation, taking an
average of 7.1 s to land using empirical GEF formulas.
Our proposed scheme significantly reduces landing time to
an average of 5.1 s over 5 trials, offering a faster and
smoother landing. The detailed landing process is illustrated
in Fig. 6(a).

D. Comparative Experiments of UAV Landing on the Vertical
Oscillating Platform

In this part, the vertically oscillating platform moves in a
sinusoidal motion mode with an amplitude of 0.05 meters
and a frequency of 0.5 Hz.

Three control methods were employed for comparative
experiments: internal model-based control (IMBC) [17],
smooth sliding control (SSC) [5], and our method (10). Each
control method should perform the UAV landing on the
vertically oscillating platform experiment five times, starting
from z;,,;; = 0.5 m, to ensure the validity of the experimental
results.

Experimental data were collected and analyzed based on
the landing time 77, the landing velocity V7, which is the
relative velocity between the UAV and the landing platform
at the landing point, and the total variation Sy, of the landing
trajectory L. The formula for calculating the total variation
is as follows:

S(L) = / i) de

where L(t) is the velocity of the landing trajectory L(t) at
time instant ¢. Sy (L) represents the smoothness of L, with
smaller values indicating smoother curves.

Table I presents the average values of the three metrics
mentioned above. From the table, it is evident that our
method control the UAV to land in the shortest time, com-
pleting the descent approximately 25% faster than the other
two methods. The landing speed at the touchdown point
is also the lowest, being only around 50% of the speeds
associated with the other two methods. Moreover, the descent
curve is the smoothest, being 78% of the smoothness of the
SSC method and 54% of the IMBC method. These results
demonstrate the effectiveness of the proposed modeling and
landing scheme. From Fig. 6(b) and Fig. 7, it is also evident
that the proposed landing scheme enables fast and smooth
UAV landings on the vertically oscillating platform.
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Z-axis relative height Rz[m] and velocity Rvz[m/s’
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Fig. 7: Z-axis relative height and relative velocity between UAV
and the vertically oscillating platform. Blue, orange and yellow
pentagram denote the velocity of the UAV relative to the platform
at the final stage of landing.

TABLE I: Performance Metrics of UAV Landing on the
Vertical Oscillating Platform

Method ‘ TL [S] ‘ VL [m/s] ‘ SL
IMBC 7.46 0.086 23.69
SSC 7.69 0.084 16.52
Our method 5.38 0.036 12.89

V. CONCLUSION

This paper introduces an efficient and precise GEF dy-
namic model using the SINDy method, integrated as a
feedforward term into a nonlinear feedback control strategy
for UAV landing on vertically oscillating platforms. A GEF
data collection platform is also developed to obtain real-time
thrust data, aiding in the modeling of throttle-thrust and GEF,
with the latter extracted from the measured data in real-time.
The GEF model is notable for its sparsity and interpretability,
facilitating stability analysis with various control methods
and suitable for UAVs with limited computational resources.
Extensive real-world experiments confirm the proposed land-
ing scheme’s effectiveness, including UAV landings on both
the ground and oscillating platforms, and validate the model’s
accuracy. Looking ahead, we plan to refine the GEF model
with advanced SINDy techniques to account for additional
platform states like tilt angles and terrain. We also aim to
integrate this model with more specialized control schemes
to further enhance UAV landing performance on oscillating
platforms.
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