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Identification modeling based on deep convolutional neural
network for AUV 6-DOF motion

LI Chenyu', MEI Bin', BAI Xiang'en’, ZHANG Jie', WANG Heng'
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2. Merchant Marine College, Shanghai Maritime University, Shanghai 201306, China)

Abstract: To address the challenges in dynamic modeling of Autonomous Underwater Vehicle ( AUV) , this paper proposes
a black-box identification method for nonlinear systems based on deep convolutional neural networks, taking into account
the nonlinear characteristics of the AUV's six-degree-of-freedom (6-DOF) motion. First, the frequency corresponding to
the maximum amplitude of the rudder signal is extracted and used as a threshold for Variational Mode Decomposition
(VMD) denoising. This reduces noise in the experimental data of the AUV model and resolves the issue of difficult
parameter tuning in VMD decomposition. Then, a black-box model for the nonlinear system is constructed using
Bidirectional Long Short-Term Memory ( BiLSTM) and Attention mechanisms, with the Adam optimization algorithm
employed to solve the AUV 6-DOF motion model. Finally, the AUV model data are used for model training and predictive
validation, and the results are compared with modeling methods such as CNN-LSTM, CNN-BiLSTM, and CNN-LSTM-
Attention to analyze the velocity, Euler angles, and trajectory of AUV motion. Experimental results show that, compared to
the CNN-LSTM model, the proposed method improves the Root Mean Square Error ( RMSE ), the coefficient of
determination (R*), and the Symmetric Mean Absolute Percentage Error (SMAPE) by 79.29% , 3.84% , and 74.41% ,
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respectively, validating the feasibility and effectiveness of the proposed dynamic modeling approach. This method provides

an alternative strategy for precise obstacle avoidance and autonomous navigation of underwater vehicles.

Key words: Adaptive VMD; BiLSTM; Attention mechanism; AUV Model experiments
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Fig.2 VMD decomposition and spectrum of vertical rudder angle and sway velocity noise signal
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Tab.5 Data error results
RMSE R SMAPE
NI RE AR AT L
u v r P q w u r P q w u v r P q w
1 CNN-LSTM ~ 0.017 0.037 0.008 0.018 0.029 0.016 0.960 0.988 0.996 0.981 0.989 0.955 0.783 11.49 6.937 24.94 20.20 15.18
2 CNN-BiLSTM 0.014 0.023 0.007 0.017 0.015 0.008 0.984 0.996 0.997 0.984 0.971 0.990 1.089 8.856 5.582 17.75 15.11 11.26
CNN-LSTM-
3 0.008 0.013 0.004 0.006 0.006 0.002 0.982 0.998 0.997 0.997 0.995 0.999 0.965 6.032 4.791 8.323 7.553 8.976
Hi Attention
il WA
4 0.004 0.010 0.003 0.004 0.003 0.001 0.999 0.999 0.999 0.999 0.999 0.999 0.193 5.978 2.646 4.192 3.052 1.812
% FUESY e
4 A1 EER 79.29% 3.84% 74.41%
4 KL 2 R 70. 86% 1.24% 65.32%
4 KL 3 R 33.08% 0.39% 39.96%
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Tab.6 The kinematic parameters of turning circle in validation data
15°J5e ] JE LG ERE CNN-LSTM CNN-BiLSTM CNN-LSTM-Attention T 2 X 2%
WHE/m 215.83 230.62 230.36 205.75 223.83
1R/ % - 6.85 6.73 5.02 3.70
FE#E/m 131.55 127.44 127.59 129. 62 130.35
IRIER/ % - -3.12 -3.09 -1.46 -0.91
WA BHZ/m 281.93 292.04 288. 87 274.83 278.04
TRZR/ % - 3.67 2.46 -1.45 -1.38
wRAEmIA/(°) 353.21 333.18 339.39 344.36 345.75
RZEZR/ % - -5.67 -3.92 -2.50 -2.11
TEREGRME MG IS IER B, & 3, U E m P R AE . FeRl R TESFfT AUV

BRI I 265 BEAT SR BOK N LA T 4% 3 3l 1 R Ak 1]
T, I AU RS 3k 6 45 A1E 1] S e o A )3 3 B4 A

TR ) NE s S E‘Jﬁ“ﬂﬁlﬂﬂn‘ﬁf#ﬂ’ﬂﬁ%’*
gy, DRI B 22 I 4 A5 B BG4 412 O 20 ik



BIRT A R TR L AUV X A th B8 ZhHE R 45

AR S AR, S IBOCHERRAE ) il T A 3
VMD FRARMAR IR e | IR A B 22 R 2% fiE
P AUV AR LR, A DR S A0 500 A 5 ) R
I, ZAETUALREXS AUV 14328 Sl HEA T ERf 11 o
[ 7 ) P00, 30 e B 1 R G 2 AL g

4 HZFRE

ARSCERXT AUV 8t 55 Bcdls D R A 52 i 5 24
PR R, 42t — P 5L T B & W VMD 2 M i 5
JEG: BRI 22 0 45 RO ) SR T 0, 8 MR 1Y
AUV FERCECE A5, e W% 07 k2 A BT AT Y, OF
BT AUV 2028 ST 2RO i e
PR AT LG LA R 258

1) FIF EGE R VMD [EMRT7 3% BERER AUV %X
Parb MR, B B RS S o0 i R R R R
KAH,

2) TEREMETEEEE B9 3L B, R BILSTM Al
Attention AL il 45 o 45 T (1% T K BE, ifk ke A 2k
AUV 12 gl 5 TRl L

3) IKEAR RN, SRR L AUV HER
HEEIS , G\ il R AR 1R 25 LU AT /0N UERTZ T 5 R
A EBEETT o

ARSCHITSE A, TR BE A R 28 W 28 g 7K R AT
fris sh P — R A R . A A SR Y
SARR I AR BRIk 3 g S B AT A R, {H
IR PRAT R RORG BE R o R ORORE fif By FRAT B 2L i
FASBEI SR R e 2t PRAR AR R (A 1l (W)
7RI T AUV IS 3hHEH R e e i
RIEERAET7 AT 2 — 2

2 £ X M

[1] CHENS, LIU F. Multi-objective shape optimization of
underwater vehicles based on an adaptive sampling
algorithm [ J ]. Applied Ocean Research, 2024, 146
1-18.

(2] At T BT I A4 A 0 8 N0 gl IR P A A6
[D]. K% K&K, 2020.

MEI B. Grey box identification modeling for ship
manoeuvring motion based on free running test [ D ].
Dalian ; Dalian Maritime University, 2020. (in Chinese)

[3] WANG N, ER M J, HAM M. Large tanker motion
model identification using generalized ellipsoidal basis
function-based fuzzy neural IEEE
Transactions on Cybernetics, 2015,45(12) ;2732-2743.

[4] XU H, SOARES C G. Vector field path following for

networks [ J ].

surface marine vessel and parameter identification based

(10]

[11]

(12]

[13]

[14]

on LS-SVM [ ] ].
151-161.
WANG Z, ZOU Z, SOARES C G. Identification of ship

2016, 113:

Ocean Engineering,

manoeuvring motion based on nu-support vector machine
[J]. Ocean Engineering, 2019 ,183:270-281.

XUE Y, LIU Y, JI C, et al. Hydrodynamic parameter
identification for ship manoeuvring mathematical models
using a Bayesian approach [ J]. Ocean Engineering,
2020,195:.1-11.

WANG Z, XU H, XIIA L, et al. Kernel-based support
vector regression for nonparametric modeling of ship
maneuvering motion [ J]. Ocean Engineering, 2020,
216:1-12.

SHEN W, YAO J, HU X, et al. Ship dynamics model
identification based on Semblance least square support
vector machine [ J |. Ocean Engineering, 2023, 287
1-10.

JIANG Y, HOU X R, WANG X G, et al. Identification
modeling and prediction of ship maneuvering motion
based on LSTM deep neural network [ J]. Journal of
Marine Science and Technology, 2022,27(1) :125-137.
Wt BT Kane gl Jp 27 i+ e R R 9K AUV 4
BEGTE[T]. K FIRARGE A, 2023,31(6) :885-
890.

YANG K. Modeling and simulation of cross-rudder
underactuated AUV based on Kane dynamics [ J].
Journal of Underwater Unmanned Systems, 2023, 31
(6) :885-890. (in Chinese)

G, ERME. AERDRLFHEARATE AUV K3 125
BERAPRINT LT ] AR AR, 2021,43(21) :90-
95.

ZHOU Y, WANG J X. Application of adaptive particle
swarm optimization algorithm in AUV hydrodynamic
parameter identification [ J ]. Ship Science and
Technology, 2021,43(21) :90-95. (in Chinese)
Feak e, KERE) AUV 7K 3l 1 S 80900 F R B s ol 3
EWIFELD ] MR IRTE IR TR R, 2021

JIANG Z L. Research on hydrodynamic parameter
identification and tracking control  algorithm  of
underactuated AUV [ D]. Harbin; Harbin Engineering
University, 2021. (in Chinese)

SN, BRIAE, RER, . KT AV ]
skt SR ] MR R EOR, 2021, 43
(HEP) 1) .22-26.

NIE W B, QIAN Z Q, WU M, et al. Design and
simulation of horizontal maneuvering motion prediction
for the underwater vehicle [ J ]. Ship Science and

Technology, 2021,43( Suppl. 1) :22-26. (in Chinese)
VI, RESTAR, . R PSO Al SVM 7K T il



46

O M T

55 48 55 4 )

[15]

[16]

[17]

(18]

[19]

[20]

(21]

(22]

TromBAaaE s [ ], ma /R Tolk R4k, 2019,51
(10) :55-82.

BIAN J W, KOU L W, XIANG J. Black-box modeling
based on PSO and SVM for underwater vehicles [ J].
Journal of Harbin Institute of Technology, 2019, 51
(10) :55-82. (in Chinese)

ZHANG X, ZOU Z. Application of wavelet denoising in
the modeling of ship manoeuvring motion[ J]. Journal of
Ship Mechanics, 2011,15(6) ;:616-622.

HUANG N E, SHEN Z, LONG S R, et al. The
empirical mode decomposition and the Hilbert spectrum
for nonlinear and non-stationary time series analysis[ J].
Proceedings of the Royal Society of London Series A,
1998 ,454:903-995.

WU Z, HUANG N E. Ensemble empirical mode
decomposition: a noise-assisted data analysis method
Adv[J]. Advances in Adaptive Data Analysis, 2009, 1
(1),141.

DRAGOMIRETSKIY K, ZOSSO D. Variational mode
decomposition [ J ]. IEEE Transactions on Signal
Processing, 2014 ,62(3) .531-544.

RS, EhEIE. ZRAUA AL S W 0 i T I AR B)
R R R 2 W R D). 7 5 Sl R A
i, 2015,49(5) :73-81.

TANG G J, WANG X L. Parameter optimized variational
mode decomposition method with application to incipient
fault diagnosis of rolling bearing[ J]. Journal of Xi’an
Jiaotong University, 2015,49(5) :73-81. (in Chinese)
PANG B, ZHANG H, CHENG T, et al. Spectral
variational mode extraction and its application in fault
detection of rolling bearing [ J ]. Structural Health
Monitoring, 2023,22(1) :449-471.

Bt vk Lo e 052 0 B B R K R AT 4 6-DOF
BEFE D], Kt KR, 2014

FANG P P. 6-DOF motion simulation of autonomous
underwater vehicles considering the influence of lateral
flow [ D ]. 2014. (in
Chinese)

SAGATUN S I, FOSSEN T I. Lagrangian formulation of
[ C ]//Conference

Tianjin; Tianjin University,

underwater  vehicles’  dynamics

[23]

[24]

(25]

[26]

(27]

[28]

[29]

(30]

(31]

Proceedings 1991 IEEE International Conference on
Systems, Man, and Cybernetics. New York: IEEE,
1991.1029-1034.

PR TR AR INA 7 ~J 1Y i A 4R A0z Sl B A
BEID]. Kifk . RifEd Ry, 2018.

BAI W W. Identification modeling for ship manoeuvering
motion based on locally weighted learning[ D ]. Dalian:
Dalian Maritime University, 2018. (in Chinese)

KA. T AR Z RO I A B s Bl B IR R
[D]. Ri%: KR, 2024.

ZHANG Z. methods  for  ship
modeling [ D ].
Dalian ; Dalian Maritime University, 2024. (in Chinese)
. LT IR T AR S BRI R (D]
RIE K& R, 2023.

LI W Z. Ship motion identification and prediction based

Non-parametric

maneuvering motion identification

on deep learning [ D ]. Dalian; Dalian Maritime
University, 2023. (in Chinese)

FOSSEN T I. Handbook of marine craft hydrodynamics
and motion control[ M]. Chichester; John Wiley, 2011.
VIGNESH D, ASOKAN T, VIJAYAKUMAR R.
Performance analysis of a caudal fin in open water and
its coupled interaction with a hiomimetic AUV [ J].
Ocean Engineering, 2024, 291 .1-16.

WANG N, KONG X J, REN B Y, et al. SeaBil: self-
attention-weighted  ultrashort-term

deep  learning

prediction of ship maneuvering motion [ J ]. Ocean
Engineering, 2023, 287:19.

WEI'Y Y, CHEN Z Z, ZHAO C, et al. A BiLSTM
hybrid model for ship roll multi-step forecasting based on
decomposition and hyperparameter optimization [ J ].
Ocean Engineering, 2023, 242 .1-11.

LEI D, WANG H D, LOU J K. An attention mechanism
model based on positional encoding for the prediction of
ship maneuvering motion in real sea state[ J]. Journal of
Marine Science and Technology, 2024 ,29(1) :136-152.
XU D X, YIN J C. An enhanced hybrid scheme for ship

roll prediction using support vector regression and TVF-

EMD[J]. Ocean Engineering, 2024, 307 1-12.



