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Abstract: Modeling the dynamics of surface vessels presents a multifaceted challenge, stemming
from intricate mechanical factors and hydrodynamic phenomena. The conventional identification
maneuvers often diverge significantly from standard operations, impacting both the quality of
the model and its learning process. This research is centered on delineating the dynamic model
of the Autonomous Surface Vehicle (ASV) AeroCat by employing standard operating maneuvers
and leveraging the Bat Algorithm (BA) as an optimizer. Through successive parametric
estimation stages, the efficacy of the models was evaluated, revealing a commendable grasp
of the ASV dynamics. The adoption of a multi-stage estimation approach led to a noteworthy
reduction in Mean Squared Error (MSE) by 40.48% compared to a single-stage method. This
preliminary investigation underscores the potential of standardized maneuvers in yielding high-
quality models, warranting further exploration due to their simplicity and promising outcomes.
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1. INTRODUCTION

Obtaining dynamic models is indispensable for designing
Autonomous Surface Vehicles (ASVs) (Sonnenburg and
Woolsey, 2013). These models (robust and accurate) are
vital for predicting dynamic behaviors (Neto et al., 2021),
crafting monitoring systems (Caccia et al., 2005), and,
subsequently, deploying control systems ensuring quality
and safety for ASV activities (da Silva et al., 2020).

However, modeling the dynamics of watercraft is inher-
ently intricate, involving various physical phenomena and
hydrodynamic characteristics (Fossen, 2011). Challenges
like nonlinearity, sensitivity to environmental conditions,
measurement errors, and parametric uncertainties hinder
this process. Moreover, classic modeling challenges arise
from parameterization choices, input signal specifications,
and parametric estimation methods (dos Santos Neto
et al., 2023).

In this context, adopting more suitable identification
strategies is pivotal to ensure the reliability of the resulting
model (Astrém and Wittenmark, 2013). The choice of
appropriate identification signals is crucial, as unaddressed
characteristics during identification experiments cannot be
adequately represented in the model (Souza et al., 2023).
Noteworthy signals with this characteristic include random
signals, Pseudo-Random Binary Sequences (PRBS), and
Amplitude-Modulated PRBS (A-PRBS) (Gringard and
Kroll, 2016).

To address this challenge, various approaches have been
proposed to design such signals (Nouri et al., 2018; Hondrio
et al., 2018; Schrangl et al., 2020). However, it’s observed
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that maneuvers generated by these signals often diverge
significantly from traditional operational movements. This
divergence emphasizes the learning of unnecessary charac-
teristics, neglecting more relevant aspects of everyday op-
erations. This observation is supported by the analysis of
(Santos Neto et al., 2023), showcasing random movements
that lack operational relevance.

Building on this insight, this study proposes to investi-
gate the identification of the dynamic model of the ASV
AeroCat, utilizing standard (well-behaved) maneuvers as
identification signals. The quality of the models identified
through multiple stages and a single parametric estimation
stage will be explored. Specifically, the computational in-
telligence technique based on the principle of Echolocation
was chosen for optimization and parameter determination
in the models (Yang et al., 2016).

In summary, the main contributions of this work are:

e Modeling of the small vessel named ASV AeroCat;

e Case study of ASV modeling using standard maneu-
vers;

e Parametric identification using Bat metaheuristic;

This work is organized as follows: Section 2 presents
the AeroCat vehicle and modeling of its dynamic model;
Section 3 describes the proposed study of parametric
identification with standard maneuvers; Section 4 presents
and discusses the results; Section 5 ends with a summary
of the results and their consequences.
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2. ASV AEROCAT MODELING

The ASV AeroCat is a mobile vehicle crafted in the
Robotic Systems Laboratory (SiRo) at CEFET-MG!
(Campus Leopoldina, MG). Engineered to be both afford-
able and compact, it serves as an ideal choice for educa-
tional and research endeavours concerning surface water
vehicles. Primarily tailored for studies involving modeling
and control system development, the AeroCat exemplifies
versatility and innovation in its design. Fig. 1 illustrates
the AeroCat while Table 1 provides its key specification
overview.

Figure 1. ASV AeroCat in testing field

Table 1. ASV AeroCat: Components/features

Components/features Specification

Dimensions 50 x 60 [cm]

Total weight 3.26 [kg]

Distance between the propellers | 45 [cm]

Propellers EMax CF2822 - 12000kV
Controller board APM 2.5

2.1 Mathematical Model

The AeroCat dynamic model is traditionally expressed by
the following equations of motion (Fossen, 1994):

m(i —vr — zgr?) = X
m(v+ur +xz,7) =Y
Li+muag(v+ur) =N

: (1)

where m represents the ASV total mass, I, is the inertial
moment related to z-axis, x4 is the coordinate of the center

of mass in the z-axis, and [u v 7] are the velocities on the
rigid-body frame? illustrated in Fig. 2.

Still in Equation (1), it is important to note that [X YV
N]T represents the external forces® and moments* that

I Federal Center for Technological Education of Minas Gerais

2 u: frontal velocity, v: lateral velocity, : the guidance velocity
related to z-axis.

3 X and Y: force applied on the x-axis and y-axis, respectively.

4 N: moment applied on the z-axis.
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Figure 2. ASV AeroCat: Rigid-body

act on the rigid body, which are expressed mathematically
by (Fossen, 1994; Fedyaevsky and Sobolev, 1963):

X Xt + Xyu+ Xy |ulu Frp +Fgr
Y|=—| Yoo+ Y0+ Yl |+ 0 ,
z Ny + Ny + Ny |r|r )l

where the first part of the equation represents the hydro-
dynamic® forces/moments related to the physical contact
between the fluid (water) and the vessel’s hull; the second
portion represents the action of the propulsion system
determined by the forces F; and Fg, or left and right
thrusters, respectively, considering that L is the distance
between the propellers and the ASV’s center.

Moreover, to finalize the propulsion system modeling, it
is necessary to model individually the propellers that
produce the thrust force. The thrust force (F, or Fr) can
be expressed by (Blanke, 1981):

F(n, k1,k2,k3) = kin|n| + kon + ks, (3)

with n being the control signal, and k; being the constants
related to the phenomenon physical characteristics.

In summary, mathematically it is possible to synthesize
Equations (1)-(3) into a single equation summarizing the
vessel parametric model, which is:

v=M(,ng,ng), (4)

where M(-) represents the nonlinear parametric model of
the vessel, v = [u,v,7], I € R!® is the model parame-
ters®, ny and ng are the left and right control actions,
respectively.

5 X, Xu, Xulu> Yo, Yo, Yy|vs Ny Np, Njpjp- are the hydrodynamic
parameters. More information about the modeling is found in (Fos-
sen, 1994)

6 I'= [m, Iz, Ig,Xu, Y,,'), N7'“7XU7X|U\U7 YU, Y’\v\v: Nr, N|7“\'r"7 kl, k?, k3}
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3. IDENTIFICATION BASED ON STANDARDS
MANEUVERS

The parametric identification procedure involves obtaining
I' € R from Equation (4). This process entails designing
(choosing) identification signals, crafting the experiment,
and estimating the parameters using the selected Opti-
mization Method. Fig. 3 provides a schematic representa-
tion of the estimation process:

Desinging
Signals

Apply the
' Signals in ASV

< @ Parametric Estimation
with Optmization Method

Start —p»|

End

Figure 3. Parametric estimation schematic

In this study, the identification strategy revolves around
utilizing standard maneuvers to construct the identifi-
cation signals, represented as [np,ng]. These maneuvers
are carefully designed to elicit specific dynamics of the
vessel for subsequent parameter estimation. To achieve this
objective, experimental data from three maneuvers were
employed: straight-line movement, zig-zag movement, and
eight-motion. The incorporation of the first two maneuvers
aims to encompass all aspects of ASV dynamics, while
the third experiment serves as a validation tool for the
model. Further elaboration on the utilization of these ma-
neuvers will be provided in section 3.1, where a compre-
hensive analysis of multi-step and single-step estimation
approaches will be conducted.

Regarding the estimation procedure, the optimizer is
tasked with determining the model parameters, employing
the Bat algorithm in this study. This optimization process
aims to minimize the Mean Squared Error (MSE) between
the real experimental data and the model parameterized
by M(I',nz,ng). The following equation succinctly encap-
sulates the essence of the estimation problem:

fo = Minirmize (R(np,nr) — M(T,np,ng)), (5)

where R(nr,ng) represents the real data states v when
the vessel is excited by [n,ng], and M(T,np,ng) the
states of the model parameterized by I'. More information
about the tuning of the optimizer algorithm used in this
work is described in Section 3.2.

3.1 Multi-Step and Single-Step Estimation

The multi-step parametric approach operates under the
assumption that the problem can be tackled incrementally,
breaking it down into manageable parts. In the context of
ASVs, this solution is divided into three distinct stages, as
outlined by previous studies (Wirtensohn et al., 2013; Li
and Bachmayer, 2014; Blaich et al., 2013):
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(1) Surge parameters [X;, X,,X|,,]: In this initial
phase, information from the straight-line maneuver is
utilized to estimate surge parameters. This maneuver
allows the neglect of oscillation speed and yaw rate,
simplifying the model to:

(m— Xq)— Xyu — Xjypu-lulu = Fr, + Fr.  (6)

This simplification, acceptable due to focusing
solely on the ASV deceleration period, leverages
knowledge of m and sets X; = —0.05m7. Subse-
quently, parameters X, and X|,,, can be determined,
for instance, through the Least Squares Method
(LSM).

(2) Propellers parameters [k1,ks,ks]): In the second
stage, propeller parameters are estimated, building
upon the results of the previous phase and utilizing
additional information from the straight-line maneu-
ver. Equation (6) is still employed, and the estimation
is facilitated by LSM;

(3) Steering parameters: The final stage involves using
maneuvers to stimulate steering movements. The zig-
zag maneuver is employed for this purpose. Notably,
previously determined parameters are held constant
in this optimization stage. Furthermore, the vessel
model utilized is the complete one described in Equa-
tion (1), rather than the simplified version.

Contrastingly, the Single-Step Fstimation necessitates
careful selection of maneuvers capable of adequately stim-
ulating the system. Unlike the multi-step approach, this
method requires maneuvers possessing sufficient elements
to elicit all necessary dynamic characteristics. Conse-
quently, this enables the optimizer to comprehend the
dynamics comprehensively and define all parameters of
Equation (1).

3.2 Optimizer: Bat Algorithm

The Bat algorithm, a metaheuristic inspired by the prin-
ciple of bat echolocation, has been developed for global
optimization. Its selection in this context stems from its
notable adaptability, efficiency, and robustness in seeking
optimal solutions (Gonzélez et al., 2008).

In accordance with the problem outlined at the beginning
of Section 3, the application of this algorithm entails each
individual in the bat population representing a set of
ASV model parameters to be estimated. These individuals
evolve iteratively, dynamically adjusting the frequency and
volume of emitted signals. While exploration occurs ran-
domly, it is guided by information gleaned from the best
solutions uncovered thus far (Gonzdlez et al., 2008). It’s
worth noting that each individual or solution found, un-
dergoes evaluation based on the MSE of the model states.
This ensures a thorough assessment of the optimization
process, gauging the proximity of each solution to the
desired outcome.

1 N

J = [(ug = ur")? + (wi" = v") + (i = 72)?]

- N
k=1
(7)

7 According to literature (Fossen, 1994)
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where k is the experimental data index, [uff, vf, rf] are

the real data, while [ul, v, rM] are the results obtained

from the candidate solution I'p, and thus M(T'p,nr,nR).

For an in-depth understanding of the metaheuristic, it’s
advisable to consult (Yang et al., 2016).

Regarding the implementation of the echolocation algo-
rithm, the configuration was set as follows:

e Local Search: ranging from 70% and 130% according
to the iteration and random number;

e Number of individuals in the population: parameter
of the study during the test 3 ;

e Rate of decreasing the sound wave amplitude: 0.9;

e Rate of increasing the sound wave pulse emission:
0.01;

e Minimum frequency of emission: 0 [Hz];

e Maximum frequency of emission: 0.25 [Hz];

4. IDENTIFICATION RESULTS

This section is dedicated to presenting the results obtained
from the multiple or single-step estimation strategies im-
plemented using standard vessel maneuvers. Notably, the
Bat algorithm was employed for parameter estimation.
The algorithm was configured to investigate the number of
individuals in the population ranging from 5 to 40. Each
unique population configuration was simulated 10 times,
with the number of iterations set at 100. This meticulous
approach was adopted to identify the most stable and
accurate configuration of the optimization algorithm for
parameter estimation.

4.1 Multiple-step Estimation

According to Multi-step estimation, the first step consists
of obtaining the damping parameters of the straight-line
experiment. In this case, as it is known that m = 3.26 [kg],
then X; = —0.815 [kg]. Table 2 shows the Parametric
Estimation (PE) results evaluated by MSE, while the
experiment and models are shown in Fig. 4.

Table 2. Damping Estimation: 15¢ stage

pop Xu Xlulu MSE
05 —0.1576 | —1.3174 | 0.0131
10 —0.0593 | —1.4816 | 0.0106
20 —0.0507 | —1.4965 | 0.0106
40 —0.0529 | —1.4935 | 0.0106

The obtained estimates for all population configurations
yield an MSE of approximately 0.01, indicating highly
satisfactory results. This consistency aligns well with the
observed behavior of the models depicted in Fig. 4.

Following this, Table 3 presents the outcomes of estimating
the propeller parameters. Once more, the results reveal an
MSE of approximately 0.01 across all population configu-
rations. The depicted behaviors closely resemble real data,
as illustrated in Fig. 5. Notably, the consistency observed
doesn’t significantly vary in terms of optimizer adjustment
but rather reflects the coherence of the selected model.

8 See next section
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Figure 4. Damping estimation

Table 3. Propellers estimation: 2"¢ stage

pop k1 ko k3 MSE
05 4.2466 | 0.1746 | —0.0229 | 0.0107
10 4.6887 | 0.0365 | —0.0171 | 0.0104
20 4.4089 | 0.1802 | —0.0289 | 0.0098
40 4.4000 | 0.1841 | —0.0290 | 0.0099
1t
popsS
0.8+ popld i
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Figure 5. Propellers estimation: 2"? stage

Finally, the last step involves the estimation of parameters
associated with steering movements, as depicted in Fig. 6
and detailed in Table 4.

The results presented in Table 4 underscore the coherence
of the estimated models. Notably, the population with 10
individuals stood out, achieving a reduction of 33.38%
compared to the population with 5 individuals.

Table 4. Steering estimation: 3"¢ stage

- Pop.

r 05 10 20 40

Yy —2.9781 | —3.0741 | —2.7498 | —3.9476

Y, —8.1262 | —7.1270 | —7.1556 | —7.1123
Yjylv | —0.0063 | —0.0034 | —0.0041 | —0.0031

N;. —0.3030 | —0.4922 | —0.5006 | —0.4094

Ny —0.2680 | —0.3239 | —0.3272 | —0.3282
Njpr | —0.0006 | —0.0008 | —0.0009 | —0.0009

I, 0.5295 —0.3033 0.2949 —0.3616
MSE 0.2750 0.1832 0.2345 0.2297

4.2 Single-step FEstimation

Carrying out the estimation in a single step, the following
results were obtained and presented in Table 5.

At this juncture, the results have elucidated the superiority
of the population comprising 40 individuals. Additionally,
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Figure 6. Steering estimation: 3¢ stage

Table 5. Single-step estimation

- Pop.
T 05 10 20 40
Xu —0.6925 | —0.3098 | —0.4369 | —0.5457
Xlulu | —0.6348 | —0.5396 | —0.7506 | —0.4102
k1 2.5500 +1.6559 2.2449 +1.8658
ko 0.3890 +0.4625 0.4782 +0.5110
k3 —0.0040 | 40.0068 | —0.0168 | 40.0117
Yy —1.4002 | —0.4461 | —0.2824 | —0.5358
Yy —4.9500 | —6.9532 | —7.2228 | —7.2379
Yoo 1.0047 —0.3394 0.0087 —0.6313
N —0.3276 | —0.2004 | —0.2390 | —0.2791
Ny —0.2028 | —0.1640 | —0.1943 | —0.1813
Nirr —0.0441 | —0.0394 | —0.0493 | —0.0403
I, +0.4988 | +0.2454 | +0.3288 | +0.2210
MSE 0.4802 0.1658 0.1718 0.1615

Fig. 7 illustrates the outcome of the estimation alongside
its comparison with the experimental data.
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Figure 7. Single-step estimation
4.8 Model validation and discussion results

A careful examination of the results from the preceding
sections, as summarized in Table 6, reveals several key
observations:

(i) The optimal performance in multi-stage estimation was
achieved with 10 individuals. (ii) Conversely, the most
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favorable single-step estimate was obtained with 40 indi-
viduals. (iii) Notably, the single-step estimation strategy
exhibited superior efficiency compared to the alternative
methodology for populations exceeding 5 individuals.

Table 6. Comparing results

pop | Multiple step | Single-step
05 0.2750 0.4802
10 0.1832 0.1658
20 0.2345 0.1718
40 0.2297 0.1615

To further analyze the optimal methodologies configura-
tions, they were subjected to a new scenario encompassing
straight-line movements, zig-zags, and turns, as depicted
in Fig. 8. Table 7 compares the models’ parameters in this
new scenario.

Table 7. Best parameters estimation

T Multiple-step | Single-Step
m 3.26 3.26
Xu —0.8150 —0.5457
Xu —0.0593 —0.5457
Xufu —1.4816 —0.4102
k1 4.6887 +1.8658
ko 0.0365 +0.5110
k3 —0.0171 +0.0117
Yy —3.0741 —0.5358
Yy —7.1270 —7.2379
Yiolw 0.0034 —0.6313
Ny —0.4922 —0.2791
Ny —0.3239 —0.1813
Nirr —0.008 —0.0403
I, —0.3033 +0.2210
|— gle-step Multiple-step Expcrirr'cml
Eif ]
0 / i i i i i i i
0 10 20 3 40 50 80 70 80 %0

r [mis]

0 10 20 30 40 50 &0 70 80 a0
Time [s]

Figure 8. Validation maneuver with the best parameters
of multiple-step and single-step methods.

Analyzing Fig. 8, it’s evident that both methodologies
effectively captured the behavior of the ASV across the 3
Degrees of Freedom (DoF). Particularly noteworthy is the
superiority demonstrated by the multi-step methodology,
achieving an MSE of 0.9477. This signifies a reduction
of 40.48% from the MSE obtained by the single-step
methodology. Consequently, the model estimated through
multiple steps emerges as the most accurate for the ASV
AeroCat.
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5. CONCLUSIONS AND FUTURE WORK

The paper investigates ASV AeroCat modeling utilizing
standard maneuvers as identification signals and bat meta-
heuristics as an optimizer. In summary, the following in-
sights and contributions are drawn from this work:

(1) Identification of ASVs using Standard Maneuvers:
the results indicate that the use of standard maneu-
vers in ASVs is promising, deserving greater attention
and research from the community given the simplicity
and naturalness of the proposed experiments;

(2) Performance of multi-stage estimation approach: the
results suggest that the use of multi-stage identifi-
cation is a valid alternative for small ASVs. It even
proved to be superior to the single stage, creating
high-quality models by breaking down the stage esti-
mation problem;

(3) Small ASV performance: presents a small ASV with
aerial propulsion similar to quadcopters, presenting
satisfactory maneuverability. This makes it a valuable
tool for the academic development or research of
ASV, particularly in educational environments;

As future work, enhancements to the ASV could include
optimizations in modeling and identification, such as pa-
rameter reduction and optimal excitation for more effi-
cient experiments. Additionally, the development of con-
trol strategies based on this model represents another
avenue for exploration.
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