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Summary

Autonomous Underwater Vehicles (AUVs) are attractive tools for maintenance of underwater structures and ocean-
ography, however, there are a lot of problems to be solved such as motion control, acquisition of sensor data, deci-
sion-making, navigation without collision, self-localization and so on. In order to realize useful and practical robots,
underwater vehicles should take their action by judging the changing condition from their own sensors and actuators,
and are desirable to make their behavior, to adapt to the working environment. We have been investigated the applica-
tion of brain-inspired technologies such as Neural Networks (NNs), Self-Organizing Map (SOM), etc, into AUVs.

The motion of AUV is represented by complicated non-linear dynamics in six degrees of freedom with added-mass
and hydrodynamic forces, and control systems should be adaptive and robust. In our previous adaptive control method
using NN, a time series of state variables and control signals should be fed into the control system in order to adapt
the change of dynamic property and environment, therefore, the obtained information in the previous adaptation is
getting less gradually. If the environment of the robot is rapidly changed, the previous control system takes time to
adapt new environment and former environmental information does not remain correctly. Therefore, a new method,
which keeps the information of initial state or previous environment and adapts to new environment, should be devel-
oped to improve the efficiency of the learning and reduce the learning cost with the use of the former environmental
information which the robot had already learned. A new self-organizing decision making system for AUVs using
modular network Self-Organizing Map (mnSOM) proposed by Tokunaga et. al. is discussed in this paper. The pro-
posed decision making system is developed using recurrent NN type mnSOM. The efficiency of the system is investi-
gated through the simulations.
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2. mnSOM (modular network SOM)
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Fig. 2 Adaptation Process

3.mnSOM ZHA W -BCHEBMNITHES AT A

ARG TIL, BEC A v b OBREOEKICE L TH D
FRRAIC 2R Y D OITEIZ ST 5V AT LOB% & B iR
ELTWD. KL TIHEDOF R E LT, BiftEoZ b
VST D HIE S AT OB EAT S . RAF e HIEMERE 4 15
DITIE, BRI 2 IR R CBTE U, ARl 2 386 b A 12 38
LTV BERDHD. mR Y ORI IV THR S HH#IE,
MRINF—Z THEDTEY 2— /LI MLP D—>Th5B Y
L MO =2—F 1%y hU—2 (RNN: Recurrent
Neural Network) # V5. 28703 X AL, Blodk~
72 MLP % mnSOM O 7 /L =F ) XA LR LU THSH. RNN H
mnSOM % W T, IRBE & & BERICBET Dk« R AT
—HEEFESELZLICLY, v Ry bOERMEE RIS LA
No, Bl oW A R T 5 Y2 — A A A TEICELE
LT . KRIFFETIRET L~ 27 A%, Fig3 IZRT
o, e Ry OB ERRTH 7+ V- RET L~y
TROAZHISHE LTEay ba—F <72 B RNN 2
DI STV 5.

RNN & mnSOM % AW 7ol ST o 2 7 A%, 747
— RET A2y TOEK, 2 ba—F< v 7OMER KO
Ry Milf~DOER D3 2D 7 = — R SN TW5 . 4%
7 x—RIZBAL T FICk~ 5.

3 IAT—FETILIY TDER

ERE O AP DES), 77 F 2 =— X ORFPEZE
(Lol 240, g, EMICLVEHIIL, REE L BEE
OB DT —F2 7 T AL, T 5. Fig3@l
BT, HOWRMEERRT DRERSIT —4F S(x)ILHEAT

RIS H35

2006476 H

(a) Phase 1:

Building a Forward Model Map
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(b) Phase 2:
Adaptation of a Controller Map using the Forward Model Map.
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(c) Phase 3:

Implementation of the Control Map to Robot Control and On-line
Adaptation using the Forward Model Map and the Controller Map.

Fig.3 Learning Processes of an Adaptive Controller System
using RNN-mnSOM
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Table 1 Coefficient M and C for Limit Cycle Motion
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Fig.4 The Network Structure of a Forward Model Module and a Controller Module
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Fig. 5 A Forward Model Map Obtained from the Time Series
of Limit Cycle Simulation Data.
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Fig. 6 Forward Model Map Evaluation in M-C Space by
the Least Square Method.
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Table 2 Best Matching Module for each Data Class
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Fig.7 Acceleration-Velocity Relationship Obtained from
Limit Cycle Simulation with FMMs
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Fig.8 Controller Map: Controller Network Modules are

adjusted using corresponding Forward Model Modules.
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Fig.9 Transition of Evaluation Values. Solid lines are obtained from the proposed system and dot-lines are from the reference system.
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