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Abstract— Employing hybrid aerial-amphibious drones, for
activities in the marine environment, comes with a series of
challenges that concern managing the interaction between the
robot and the water surfaces, especially in the presence of
waves. This paper focuses on the take-off transition from water
to air, aiming to identify and predict those time windows in
which the drone has a close to zero roll and pitch (horizontal
attitude) and the propellers are the furthest from the water
surface, thus optimizing the take-off. The proposed solution
merges the measurement of the drone vertical displacement,
due to the wavefronts, with the attitude data, returning a
prediction signal that marks the best take-off windows in
the immediate future. The idea has been validated through
numerous simulated case studies.

I. INTRODUCTION

Hybrid aerial-amphibious drones, or unmanned aerial-
aquatic vehicles (UAAVs), are versatile robotic systems
capable of operating in both air and water, typically within
a fully integrated structure. These vehicles are increasingly
gaining attention for their potential to simplify and enhance
technical operations at sea [1], [2].

In marine biology, tasks such as mapping, monitoring,
and sampling aquatic environments are essential for research.
Currently, these activities are primarily performed by trained
scuba divers, requiring significant resources (e.g., fuel, boat
maintenance, and scuba equipment) while posing risks to
both human operators and marine ecosystems (e.g., water and
noise pollution). Equipped with specialized tools, UAAVs
deployed from the mainland can autonomously reach sites of
interest, executing these tasks with zero human risk, reduced
environmental impact, and improved cost efficiency. Addi-
tionally, UAAVs can expedite marine inspection operations
around offshore sites by being launched directly from them,
eliminating the need for specialized personnel or equipment.

Despite the advantages offered by this technology, several
challenges must be addressed, particularly concerning the
transition between air and water, which becomes increasingly
complex in non-calm sea conditions. This paper focuses
on the take-off transition in the presence of waves, where
oscillatory motion affects the UAAV’s attitude. If the take-
off command is issued at an arbitrary moment, the UAAV
may attempt take-off from a non-horizontal orientation (i.e.,
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Fig. 1: Diagram showing the six degrees of freedom of an
UAAV floating body.

when its attitude is not parallel to the water surface). This
misalignment can cause water contact with one or more
propellers, slowing them down or leading to mechanical
failures that jeopardize the operation. In the worst-case
scenario, this could result in a capsize.

This work explores a method to ensure that the take-off
command for an UAAV is issued only when its attitude is
nearly horizontal (i.e., with roll and pitch angles close to
zero) and when the propellers are maximally distanced from
the water surface. Empirical observations indicate that these
conditions are best met when the UAAV is at the crest of a
wave rather than in a trough between two wavefronts. To exe-
cute take-off at the optimal moment, it is crucial to anticipate
sea conditions in advance. Specifically, the UAAV’s position
relative to the wavefronts and its attitude in the immediate
future must be predicted. Notably, determining when the
drone is at the crest does not require a full estimation of
wave parameters. Instead, it suffices to measure the vertical
displacement, or heave motion (see Fig. 1), of the floating
body using acceleration data from a single onboard inertial
measurement unit (IMU). This approach is valid because
the UAAV’s compact size prevents its submerged hull from
acting as a low-pass filter for wave-induced motion [3],
making the ship-as-a-wave-buoy analogy applicable. As a
result, the difference between the wave height at the drone’s
center of mass and its altitude above sea level is negligible.
Once heave motion, roll, and pitch data are recorded over
a time interval, a fast Fourier transform (FFT) is applied to



predict the UAAV’s position relative to wave crests and the
instances when it achieves a level attitude. These predictions
are then combined to determine the best future take-off
windows. With this information, the flight controller can
calculate the optimal moment to issue the take-off command,
ensuring that rotor transients align with the most favorable
conditions for a successful water detachment.

The paper outline is organized as follows. Section II pro-
vides the state of the art dealing with the UAAVs water take-
off and IMU sensors usage. Section III contains the necessary
assumptions and all the mathematical steps to predict the
take-off windows. Section IV illustrates the results obtained
in different simulated scenarios, while Section V goes deeply
in discussing the results. Finally, Section VI draws the
conclusions and outlines potential future developments.

II. STATE OF THE ART
The challenge of managing water-to-air transitions for

amphibious UAAVs has been addressed in the literature
through various approaches. In [4], fixed-wing amphibious
drones with tilting propellers are proposed for take-off from
calm lake conditions. A morphing structure for underwater
take-off is explored in [5], though adverse sea conditions
are not considered. In [6], an UAAV prototype equipped for
underwater sampling and inspection, similar to the reference
model used in this work, is introduced, highlighting the
challenges of achieving a safe takeoff from water in wave
conditions ranging from 0.10−0.50 m. Rough sea conditions
are primarily discussed in relation to landing on oscillating
platforms, such as ship decks, as examined in [7].

IMU sensors are commonly used for sea wave measure-
ment and monitoring. Various methods integrating IMUs
with other technologies to enhance measurement accuracy
are discussed in [8], [9]. Specifically, in [10], a method
for estimating wave height and period using a single low-
precision IMU sensor is presented, forming the basis for the
heave motion measurement approach adopted in this paper.

A. Contributions
To the best of the authors’ knowledge, the problem of

managing take-off in the presence of sea waves has not
yet been addressed in the literature. This work contributes
by (i) applying state-of-the-art methods to estimate, from a
single IMU sensor, the UAAV vertical displacement due to
wave motion; (ii) identifying the time windows in which
the UAAV’s attitude remains approximately horizontal and
utilizes a brief recording of IMU and attitude data to predict
the UAAV’s position relative to wave crests and determine
future time windows where its attitude remains leveled; and
(iii) combining these predictions, the proposed approach
provides the flight controller with optimal take-off windows,
minimizing the risks associated with water-propeller interac-
tion.

III. METHODOLOGY
Before discussing the mathematical details of how esti-

mations and predictions are obtained, it is necessary to state
some preliminary assumptions.

Fig. 2: PLaCE UAAV.

A. Wave modeling

The wave field at the surface sea level is modeled as a
summation of Gersnter waves [11]. Since take-off occurs
over a short time window, the stochastic nature of the sea
and uncertainties due to external factors can be reasonably
neglected and the sea state considered stationary. Define
a world inertial frame Σw. Let P be a point on the sea
surface, whose components in Σw are x, y, z ∈ R. Define
x =

[
x y

]T ∈ R2 as the horizontal components of P .
When undisturbed, the coordinates of P are denoted as x0

and z0 = 0. When the waves pass by, the displacement of
P is

x =x0 −
Nw∑
i=1

ki

ki
Ai sin(k

T
i x0 − ωit+ ϕi),

z =

Nw∑
i=1

Ai cos(k
T
i x0 − ωit+ ϕi),

(1)

where t ∈ R is the time variable, Nw ∈ N0 is the number
of component waves. For each one of them, Ai > 0 is the
amplitude, ki ∈ R2 is the wavevector, that is the horizontal
vector pointing the wave travel direction, with ∥ki∥ = ki,
ωi > 0 is the angular frequency, ϕi ∈ R is the wave
phase, and kAi determines the steepness of the component
wave. The wavevector ki is correlated to the wavenumber
through the following relation ki = 2π/λi, with λi > 0
the wavelength. The angular frequency and the wavenumber
are related through the deep water dispersion relation [12],
ω2
i = gki, where g > 0 is the gravity acceleration. The

properties of the wave components are derived from the
Pierson-Moskowitz spectrum sampling [13].

B. UAAV specification

The UAAV considered in this study is the PLaCE
drone [14], shown in Fig. 2, an amphibious hexacopter
with circular symmetry designed for both aerial sea sur-
face surveys and underwater environmental measurements,
achieved by landing on water and deploying the required
sensors. The main buoyant disk is located beneath the central
body, with six additional buoyant structures—one under each
propeller—for enhanced stability.



C. Problem statement

Consider a UAAV that must take off from the water
surface in the presence of sea waves, which could potentially
jeopardize the water-air transition. Using onboard IMU data,
attitude measurements, and propellers transient dynamics,
the objective is to predict and identify future safe take-off
time windows, ensuring that the drone maintains a horizontal
attitude and avoids wave impact during the transition.

D. Heave measurement

Define a body frame Σb attached to the UAAV and a
reference frame Σr, which shares the same origin as Σb

but has its axes always aligned with those of Σw. As stated
in [10], to utilize the IMU data the measured acceleration
must be expressed in Σr. Defining γ, θ, φ ∈ R as the roll,
pitch, and yaw angles, respectively, representing the attitude
of Σb in Σw and Σr, the IMU acceleration ab ∈ R3 in Σb

can be expressed in Σr through ar ∈ R3 as

ar =

cθcφ sγsθcφ− cγsφ cγsθcφ+ sγsφ
cθsφ sγsθsφ+ cγsφ cγsθsφ− sγcφ
−sθ sγcθ cγcθ

ab, (2)

where cx = cosx and sx = sinx.
To compute the UAAV heave motion, the third component

of ar is of interest and it is denoted as az ∈ R. To isolate the
wave perturbation effect from gravity, az must be modified
as

āz = − sin θa0,x+sin γ cos θa0,y +cos γ sin θa0,z − g. (3)

To compute the heave motion, that is the displacement along
the vertical axis of Σr, it is necessary to integrate twice the
acceleration signal. However, its integration with classic nu-
merical methods would lead to error accumulation. To avoid
this issue, the process will be done in the frequency domain
using the FFT. Since the signal is sampled, the discrete
Fourier transform (DFT) algorithm will be applied [15]

Āz(k) =

N−1∑
n=0

āz(n)e
−j2πkn/N , (4)

where Āz(k) denotes the entire DFT, N ∈ N0 is the number
of points sampled in the time interval T > 0, k ≤ N − 1,
and n ≤ N − 1. Before proceeding to integration, note that
it is not necessary to consider the 0 Hz component of Āz:
experimentally, it is possible to verify that āz has a negligible
mean value, thus the 0 Hz component can be ignored in the
transformed signal. The heave motion can now be expressed
in the frequency domain as [10]

H(k) =
Āz(k)

(j2πfk)2
, ∀k | fk ̸= 0, (5)

where fk > 0 is the frequency associated to the k-th
harmonic component, j is the imaginary unit. By computing
the inverse discrete Fourier transform (IDFT), the heave
motion signal h(tn), over the time interval T and with tn as
the n-th time sample, is successfully retrieved.
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Fig. 3: Example of UAAV heave motion.

E. Identifying flat attitude windows

To deal with the prediction of the take-off windows, it
is required to identify the intervals of time, in which the
UAAV has a horizontal configuration, that is when |γ| < ε
and |θ| < ε, with ε > 0 as given tolerance representing
the boundaries in which it is considered horizontal. From
the horizontal configuration condition, the following square
wave signal is obtained

fa(tn) =

{
1 if |γ(tn)| < ε ∧ |θ(tn)| < ε,

0 otherwise.
(6)

This signal has its high value when the drone is in the
boundaries of its horizontal attitude, zero otherwise. Further
processing of fa(tn) is required to ensure that, when the
UAAV achieves the desired attitude, the distance between
the propellers and the water surface is maximized. As stated
in Section I, this condition occurs when the UAAV is at
the wave crest, where the heave reaches its maximum value,
indicating the drone has undergone its maximum vertical
displacement. Running simulations (whose details are given
in the next Section) with different wave parameters, it is
possible to confirm that the heave maximum is always
positive, while the minimum is always negative (see Fig. 3).
Hence, a new square wave can be defined as

f̄a(tn) =

{
1 if fa(tn) = 1 ∧ h(tn) > 0,

0 otherwhise.
(7)

F. Prediction of take-off windows

Let Tr be the data recording time frame, āz(tr) and
fa(tr), with tr ∈ Tr the acceleration and square wave,
computed in (3) and (6), respectively, and recorded in Tr.
Define Tp > 0 as the prediction time frame in which the
take-off windows must be identified. Suppose that both time
frames have equal length and are contiguous in time. The
objective is to predict the UAAV heave motion hp(tp) and
the horizontal attitude fap(tp) in Tp, with tp ∈ Tp.

Applying the DFT to āz(tr) and fa(tr), Āz(k) and
FA(k) are obtained, respectively, whose magnitudes and
phases are given by |Āz(k)|, |FA(k)|, ∠Āz(k) and ∠FA(k),
respectively. Using these components, the acceleration and



Fig. 4: Example of simulation with PLaCE mockup landed
on the water surface.

square wave in Tp can be predicted as

āz,p(tp) =

N−1∑
k=0

|Āz(k)|
N

cos(2πfktp + ∠Āz(k)),

fap(tp) =

N−1∑
k=0

|FA(k)|
N

cos(2πfktp + ∠FA(k)).

(8)

Applying (4) and (5) to āz,p(tp), the heave motion hp(tp)
is retrieved. Finally, combining hp(tn) and fap(tp), in the
same manner of (7), yields the square wave signal f̄ap(tp).
This identifies the future time window in which the UAAV
maintains a horizontal attitude while being at the wave crests.

As a final step, each identified take-off time window must
be assessed for acceptability based on the UAAV rotor’s
transient. A time window is deemed acceptable if its duration
exceeds the time required for the UAAV to fully detach from
the water after initiating take-off. It is important to note that
the lift-off (defined as the moment the UAAV begins its
ascent, which occurs only after the propellers have reached
the required thrust level) does not coincide with the moment
the flight controller issues the take-off signal, due to the
transient effects of the rotors.

IV. SIMULATIONS
A. Simulation set up

The simulations have been performed on a standard per-
sonal computer with an Intel Core i7 (11th generation)
processor and 32 GB of RAM, running Ubuntu 22.04 as
operative system.

The marine environment was simulated using the Virtual
RobotX (VRX) simulation environment [16] running on
Gazebo Garden v 7.9.0 (see Fig. 4), with modifications
applied to account for the shape of the UAAV floating
components and the dampening effect in the drone-water
interactions [17]. Without the latter, the buoyant force would
have behaved like an elastic force, causing the UAAV to
exhibit a continuous oscillatory behavior upon contact with
the sea surface. The flight dynamic of the UAAV has been
simulated using the PX4 Autopilot [18] firmware with the
software in the loop (SITL) mode. As a simplyfing assump-
tion, UAAV sensors measurements are considered noise-free.

ROS 2 Humble was used to process and collect all IMU and
attitude data, with a 10 Hz sampling frequency. MATLAB
was used for applying the DFT and prediction algorithm to
the recorded data.

In the presented case studies, the attitude threshold was set
to ε = 4◦. The time windows, Tr and Tp were both set to
20 s, selected through a trial-and-error approach to minimize
prediction error. The first prediction is obtained 20 s after the
algorithm starts, with subsequent predictions generated at the
same time intervals. The minimum duration for a valid take-
off window was set to 1.5 s. The VRX simulator models the
wave field following the formulation in (1), allowing the user
to modify the parameters and include up to three component
waves. The following case studies differ based on: wave
period T , wave median amplitude A, angular direction of
the wavevector d, number of component waves N , angle
between component waves α, and the presence of additive
white Gaussian noise on IMU measurements. Details are
in Table I.

Case study T A d N α noise
Case 1) 5 s 0.5 m 0.7 rad 2 0.4 rad no
Case 2) 10 s 1 m 1.2 rad 2 1.2 rad no
Case 3) 3 s 0.2 m 0.7 rad 2 0.6 rad no
Case 4) 10 s 2.5 m 1.2 rad 3 0.1 rad no
Case 5) 5 s 0.5 m 0.7 rad 2 0.4 rad yes

TABLE I: Simulation parameters in the different case studies.

B. Case study 1)

In Fig. 5, the heave motion prediction and the cor-
responding prediction error are shown from 20 s up to
80 s. The prediction algorithm’s performance is acceptable,
with the largest error occurring at the points of maximum
and minimum displacement. However, the heave sign is
preserved, ensuring the correct distinction between the flat
attitude windows, as described in Sections III-E and III-F.
The predicted flat take-off windows are displayed in Fig. 6
along with the associated prediction error, which takes a
value of 1 if the predicted window is delayed and −1 if
it is early. The green-highlighted windows have a duration
of at least 1.5 s and are therefore acceptable for take-
off. The prediction exhibits minor delays or anticipations,
averaging approximately 0.2 ≈ 0.3 s, which is negligible.
These errors stem from both the errors in the square wave
prediction and the heave prediction, used in (7) for the
final processing. Overall, the prediction performance can be
considered acceptable.

C. Case study 2)

In this scenario, the period and median amplitude are dou-
bled compared to the previous case. Figures 7 and 8 illustrate
the prediction performance for both heave motion and take-
off windows. Throughout this simulation, the attitude of the
UAAV always remains within the prescribed boundaries at
all times. Consequently, the errors in the predicted take-off
windows stem solely from the heave prediction error. Despite
larger waves, the prediction performance remains comparable
to that of case study 1).
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(a) Predicted heave motion (blue) and reference (orange).
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(b) Prediction error.

Fig. 5: Heave motion prediction in case study 1).

D. Case study 3)

In this simulation, the wave period and amplitude have
been reduced, resulting in smaller but faster waves that
generate stronger accelerations on the UAAV body. The
prediction results and corresponding errors are shown in
Fig.s 9 and 10. Under these conditions, it is evident that the
algorithm does not perform well. Although some take-off
windows are deemed acceptable, they are completely out of
phase with the reference and then the take-off is unsuitable.

E. Case study 4)

This case study shares similar parameters with case study
2), but includes an additional third component wave. As a
result, the UAAV experiences increased perturbations and
higher acceleration. However, the time required to traverse
a single wave is longer compared to all previous simula-
tions. Figure 11 presents the heave prediction alongside its
corresponding error. Despite the presence of the third wave,
the prediction performance remains acceptable. As shown
in Fig. 12, despite the irregular motion of the UAAV, the
only two acceptable take-off windows are identified, both
exhibiting a slight anticipation with respect to the reference.

F. Case study 5)

A final case study assesses the impact of additive white
Gaussian noise with a signal-to-noise ratio (SNR) of 5
dB on IMU measurements by re-evaluating prediction per-
formance in case study 1). Figures 13 and 14 show the
results for this case study. The combined use of FFT with
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(a) Predicted take-off windows (blue) and reference (dashed
orange), highlighted in green the feasible windows.
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(b) Prediction error.

Fig. 6: Flat take-off window prediction in case study 1).

high-frequency filtering and double integration [19] results
in only a slight degradation of heave prediction, which
is still satisfactory. However, noise in the roll and pitch
measurements significantly compromises the square wave
computation in (6), causing unreliable threshold detection
(see Fig. 14). Although not shown for brevity, provided that
no more than two wave components are present, simulations
confirm that take-off window detection remains acceptable
when the SNR is equal or above 10 dB.

V. DISCUSSION

The results presented in Section IV require a careful
analysis of multiple aspects, highlighting both the strengths
of the algorithm and potential areas for improvement.

The choice of the recording window duration plays a
crucial role in ensuring accurate predictions. In four out of
five simulations, the prediction window length is a multiple
of the wave period. However, in case study 3), where this
condition is not met, the prediction performance deteriorates,
increasing the risk of an incorrect take-off.

Another critical factor influencing the prediction and inte-
gration algorithms is the signal sampling frequency and the
number of samples collected within the recording window.
These parameters directly affect the Nyquist frequency and
the resolution in the frequency domain. The sampling fre-
quency is constrained by the minimum measurement rate of
the onboard sensors, in this case, the IMU. Meanwhile, the
number of collected samples is also limited by the desired
algorithm speed, which directly impacts the lengths of the
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(a) Predicted heave motion (blue) and reference (orange).
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(b) Prediction error.

Fig. 7: Heave motion prediction in case study 2).
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(a) Predicted take-off windows (blue) and reference (dashed
orange), highlighted in green the feasible windows.
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(b) Prediction error.

Fig. 8: Flat take-off window prediction in case study 2).

recording and prediction windows.
Closely related to the sampling frequency and the number

of collected samples is the number of harmonic components
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(a) Predicted heave motion (blue) and reference (orange)
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(b) Prediction error

Fig. 9: Heave motion prediction in case study 3)
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(a) Predicted take-off windows (blue) and reference (dashed
orange), highlighted in green the feasible windows.
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Fig. 10: Flat take-off window prediction in case study 3)

considered during the prediction and integration processes.
Through a trial-and-error approach, it has been verified
that for optimal square wave prediction performance, all
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(a) Predicted heave motion (blue) and reference (orange)
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(b) Prediction error

Fig. 11: Heave motion prediction in case study 4)
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(a) Predicted take-off windows (blue) and reference (dashed or-
ange), highlighted in green the feasible windows.
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Fig. 12: Flat take-off window prediction in case study 4)

harmonic components from 0 to N−1 must be considered in
(8). However, this is not the case for acceleration prediction
and integration, where finer tuning is required. In case studies
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(a) Predicted heave motion (blue) and reference (orange)
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(b) Prediction error

Fig. 13: Heave motion prediction in case study 5)
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(a) Predicted take-off windows (blue) and reference (dashed
orange), highlighted in green the feasible windows.
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Fig. 14: Flat take-off window prediction in case study 5)

1) and 2), the best results were obtained by using the first
20 ≈ 30 harmonic components for acceleration prediction
within Tp and no more than the first 4 components for the
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Fig. 15: Predicted heave motion (blue) and reference (orange)
in case study 3) with different parameters.

integration step. In case study 4), the number of components
used for prediction was increased to 50, while the integration
step utilized up to 10 components. Exceeding these limits
during integration, without increasing the number of samples,
significantly worsens performance. Figure 15 illustrates the
heave motion prediction results for case study 3), with
Tr = Tp = 60 s, considering the first 50 harmonics for
prediction and up to 20 harmonics for integration. The per-
formance shows significant improvement. Although omitted
for brevity, it can be easily demonstrated that increasing the
recording window to a thousand samples further enhances
the performance of case study 3).

Another key factor in performance analysis is the re-
lationship between wavelength, wave period, and the ac-
celeration acting on the UAAV. The case studies show
that prediction accuracy decreases with stronger external
forces, but improves when the wave period—and thus
wavelength—increases, as the UAAV traverses waves more
smoothly, reducing dynamic disturbances.

Lastly, in the presence of noise on IMU measurements,
while the heave prediction still demonstrates promising per-
formance, it is advisable to robustify the approach used for
square wave prediction (see next section for possible ways
of improvement).

VI. CONCLUSION AND FUTURE WORK

This paper proposes a new approach to the water-air
transition during UAAV take-off in presence of sea waves.
The primary objective is to ensure a safe detachment from
the water surface avoiding wave impact on the propellers,
that could slow them down or cause malfunctions or, in
the worst-case scenario, capsizing the drone. The proposed
solution consists of an FFT-based algorithm that predicts,
in the immediate future, the UAAV position and attitude
relative to the wave field, enabling optimized take-off timing.
Simulations confirmed the goodness of this new approach.

This work can be further extended by accelerating the
prediction process by reducing the time window duration,
developing an auto-tuning method for the prediction and
integration parameters, and explicitly addressing the presence
of noise on IMU measurements. The robustness of the
square wave prediction could be improved by exploring

alternative computation methods for (6), such as directly
predicting the roll and pitch signals before calculating the
attitude-based square wave. Ultimately, this study establishes
a foundation for future advancements in marine operations
involving hybrid aerial-amphibious drones.
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