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Abstract

Various reasons cause floods in cities. Not only
bank damages but also localized burst may
cause disasters in urban, especially people in
underground city. Proper actions such as clos-
ing floodwalls can prevent water to flow into
undergournds. It is hard to simulate both flood

flow and actions to them.

In this paper, we show a flood simulation based
on diffusion equation model and discussion us-
ing experiments data using heavy rainfall dis-

aster around Nagoya City.

1 WEE®IC

2= N FHERIC & B EK, W)l oLERIC & 2 ¥k el
Iz, ITHEFEGC &V Hio KR, 2B R T
L, R ZROMASH 728 1CimE L 23 k> Tn
5. ZORE, HiHERC KX giEE b 6 THE UK
ENFAEL T B[], BRICHEZ A 0K 2 0E
51289, &FEOW5 L 2 A THIERHENSENIC L 5t
KDY Ial—2 a BN TELHENUEN 5.
HAEHRINC K 2RI TOWEEY I 2V —Y a v DR
[10]%°, —HIHEBH20$e L @REKEDY I 2L —
VarvRRREBAF S TW B2, #iEB LOHT
Ze[l) % B O PR HA L TR S h 522l & L =7
e V&, EREAESTEIC B 281 otk
IC & B RN OWRENH 5 (3], HTZGHEED TKIGHRE
Tk AV VTR oK EHRE AFTE
5[4). HIHHPEOBUEHN T — % 2 FHL, HZAR%4HE
DOHUKT, 50 A— NIV PUTTHALOD FERE T HER D PR ]
NOLEIT L BHAES I 2l —2 a2 TBHY AT LH
KENTWB[5).

AL, HEKL Ehiah o kS F it
TERENEKTEY, RT7BE»PRL%S, FHETS
nE, WKFIISST ORI BT E R HEND 5,
ZD LI REHEUAKEY I 2L — 20T 2ERIFH %
DITicEET 5.

1. AEZoHAKWEF OIFE (B2, <> B—urs oKk,

KIEE D EZL).

2. KEE) (BETE, HkKRY 7 oRE) O,
3. WEEETE L.
PR 12 F 9 HITHREL 2 RSN O & 912, JLHHIC 8
EMREZ DD D (M 1). B, HAPLHERE ©
SEEIFFIC BT 5 RIS 2 21 & 2 ANHEA O E2
S DY I al— 7 OREEE ML T 56

AHSCCIE, MHULHEEREE T CRERL 72k I 2L —
¥ oa VRO FHI & B o FHRIF R R o #ic o
WCHRET 5.

Figure 1: WiBSEWIC &k 5 RKDFET

2 HKVIAL—HDOWE

Ry Ia2V—FREKREGY Ial—Yaryy AT b
(IDSS) DV T ¥ I a2l —& & L CHIFEL 72[7]. IDSS @
IV Ialb—FeLTHRET LI & TCLITORAERL £
HTXx5%.
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Figure 2: A7 Y =7 M LB EERIL R Z FRL =G

1. BRIV 31T & B 0H0LEE,

2. HHZERF — % (SSTD) IK &P T 2l —4
M OEHIAIC LB
o KKREMDKEY I 2l —¥ g DFEMER,
o TIRDPREAKDO T~V = hDFEERE L OFS.

WKY I 2V —¥ 3 VIZld CFD(Computational Fluid
Dynamics) ZEMBHNSN L. Zh 6 DF7ETIE, &Y
88 DIERFA 2 RET H0END 5, BiKEEDHEANR
v 7 D E R OFFK - R iEENE R 2 2 & ASNEET
B2 OREEND 5.

2.1 BFATSzIPMICLBEE

YRR IEE R k&SN /2y Ialb—Y a v e R
W 57012, ¥ 3 al —¥ g rigHsE KR X )
D, SR TFEEREKOF—2ETanxs 1L TbD
FTV =7 8 LTS, KoBENI LT oo

ENTTRENCHEI bD L T5.
8’[1)1',]‘ _ 82w¢j 82wi,j
ot ¢ ( Ox2 + Oy? ) 5 (1)

2T, o IR TH S, ED S, I FHKERTE, &
WHEKEFT %2 oRL, Z OMOBANE 0 D2 IS,

W;, R FAT V=7 b P iZBY 5o BEE -
Me KoM EZRYT (X2). w;, ; DETBOTIE, KL
ERAZ T AONES 5L DICEET S, B A X%
Y ORES (10m i) ST 2HIEY, HD wipq ;M
WKL TWTY, MR w,  \ICBWRS 57— 2%, 7
R Ay 772 JUBEC R AKEEIC & 0 BAKL Tz, ALK
FEATHBE VSV Ia b= g UAS[BEICR .

2.2 GIST—450DHE
DAY I 2V -2 a T, —HBotky I
V=¥ a VICRERER, WloT —2I12maT, Hik
ST O BT BICH T 25 — & L @Y oF — & D3N EIC
AR

RIS 2V, EEHEERER T o BUE RN 25000 12
HDEAYVAEE Ty ANCH LT —F L AIRL ERL

PIFTOZRETY I a2l —Y gy 170,

7=. (19 3) By >V TiE, FESEniEts —» &
[ERERC 2 5 & I HEIER S 77 — & &L 72[8).

-<l-— Ry valEE -

- <MeshuHyoko id="MH23111000001">

<Hyoko>0</Hyoko> / /Kl

- <point id="PM23111000001">

<CRS idref="JGD2000" />
<position>492645.0000 126123.0000</position>//

HERL, A

</point>
</MeshuHyoko>
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Figure 3: BUET — &2 & KL 7= KH X OEEE

3 WABESEWT—4%&DLE
WHSENOT -2 2o %, LEHEHOKAK & ¥t

K2 RICEDTEROY I 2L — g VHERZ2FML 7=,
.4 1C FER &AL
2R

1. A7 =%y FCABShTOLEEWRED 1 RFRkE
KER HBKRZRHT 59, APSh T bk
B (flAE, R RNEE 93mm) &2, ¥ a2l —
YarvATy TR FIHETIHEL T2 vk,

2. HIRAR Y 7 oA RIZAFEE (18m3/s) & My,
Wiy Iab—Yar A5y TiEE 8L -
% v 2(11].

3. “HZYIalb—yaryifgel, 100M% 1 A7y
T LT84 AT v T DFATL =, KFH AR, 1
VDI KA I 10012725 & D ITEEL 7=,
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Figure 4: BN I 2V —¥ 3 Y ORFIZEL (E2 5 step=0,432,864. WK EIRT. )

3.1 FHEER
WHSENIIBT 2WEOT— 22N 2V - a v
WoiHZ 17 5 [12].

3.1.1 XKHKX

KHAK (¥ 5.6kmx7.4km) % 75 x 100 D& FICHrE|
L 7.

Fk 1. HEARY 7 (Fkit $=-0.326) % (50,25) &
(50,50) @ 2 R, ZThPSoHsITIE, BRICk2
HokE (5=0.00258) ZFEL 72, 1 HD PC (Pen-
tium 4 (3GHz), 2GB *EV) Il kd¥Ialb—v g
> FATRERNE 674[sec] TH > 7z

Figure 5: WBSEWIC B 5 L iETTRK A X o #ERD

LRGN 2RO EG D 6 RO i 2 5% 1
Y. W5 IRT RAKISBY 5 Ko wE %,

12x14 DR FIRICHEIL TRABEQEGE 2D &
N 22%1c7 5, KA 0.5 mPL EoM FTRKEE
MREL 2§58, RRFHIBEART 24 IFHFEY
ey I ab—Y a URIRIE, UL S KR
RARBEIT AT 5 2R E RL T b,

SER 2: 2000 4E 9 H 11 Hic BT 2R AkEZ £ 21

R3], ZoF—F &b i, —HoFLMAkRE
—IRFRIARIC Bk R 2 L 72350 GRBEARRIZEL )
DY Ialb—Yarkirol. RAKIIBIT HRK
WEOEIGE, —H FEKREE W= GT 21.2
%, —WEjHEED REMAEZ O BT 244 % e
720 FEER 1 & EARFRRORAFEIRDIUCIT L 2 - 72,

Table 2: 2000 4F 9 H 11 H RO FEKE (mm)

(53] o] 1]2[3[4[5[]6]T7
PR |0 [ 5 [11]| 5 | 8 |23 3|3
[ 8 91011121314 15
BAE | 2 [0 | 35|79 10]16
WAl 1617181920 [ 21227 23
| FEKEL || 22 | 93| 48 | 74 | 25 | 18 | 45 | 37

Tk 3: BROENT-REM Z (AL T, WK D L OFEKEE)

2YLENEEN L. HEKRKRY T 2RO E



Table 1: Rl 7= Vi KoK E (S = 0.00258) IFFD KV ZEAL

AR IR
KAV 14 | 8 | 12 | 16 | 20 | 2«
0.1m Al 23.6% | 22.0% | 21.0% | 20.4% | 20.1% | 19.8%
0.1m LU E 0.5m K || 55.5% | 19.5% | 17.0% | 15.6% | 14.7% | 13.9%
0.5m LLE Im Kilj || 15.7% | 344% | 65% | 53% | 49% | 46%
1m PLE 52% | 241% | 55.5% | 58.6% | 60.3% | 61.7%

WKEFELTYIalb—vary®irokiiRkeRkaic
R B EREDS, KOE LSO EFTCHEA
Ry T FAEL /7R 2 10 BRBEENY 0.2 %
504 %NELIoTnS,

Table 3: HEAKR V7 EREAVE & KA X ZAKNIR

\m*ﬁyﬁ&EH—Eﬁﬂ%*%\ﬁ%ﬁmﬁm\
HEA L EL 21.2% 24.4 %
BEE AR AT 21.0 % 24.1 %

PIERY, AT =7 M kbHAkIIal—T g
VRIS, RS ST T AT —ZICITnEE, HiK
Ry T OREGAT OB & 5 B KEE 0K H % XeT
EHZ L EIRL T,

3.1.2 FHirX

KAKIZEERL [[L < BARMEEICH - 2F (§
4.0kmx4.0km) % 100 x 99 DI HEIL, HikR> 7
(8=-0.011) % (50,25) & (50,75) @ 2 fHFfIc, Zh Lo
HiRUEBEIC & 238K (S=0.00258) IS EL 7= ¥ I =
U — a y FATREIE 829[sec] TH 5. KHIX & [k k%
KEMECHEAHIX T I 2L —Y 3> 170, BKL 7=
Fro#GE R 4 1R,

WIFSENIC B 2 BHIX o #rEkdi %z X 6 12R97[14].
—HBgAK R, —HORFRIFBARREOEE H 7z b DhFRE
DHHEITITERD» L. M 70 EEHTER 2 o RFREK
HoRFMZRE, TRIC -HFEMAkR Y —HORFRM
KRS MRl ((x, y)=(14, 60)) FiZBT KD
AR R, B2 5, BKEITIEL TREME(LL Tnd
ZEebnb.

Table 4: FACHIXIZ B % KA 0.5m DL EEAWIROE
[RRWAR | HPEIRARH | SRR L |
| 501% | 236% | 21.0% |

Figure 6: B iBSEWIC BT 5 B HLX o #ERN
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Figure 7: B NWFHI BT RS ) Ok L > I 2
U —¥ a YK ORFRIZAL (— H PR AKR, Rk
Ki)



4 SRR L BEIR1E

F 7R & 218, 17 RIS BT 5ok o ime
WA KRB > TS, HFHOKET BT,
ZD & D RZENOBHE THNCIE S HITFED 6 o iR
WHNHEN S, Fo=0I21F, FERRDDD S 2RNE
PREL D, — /T, 2ffi TR koI, EE 5%
LizvIalb—yarzd i3, SrEzaoks s
ECTNTREND 5. Wz NS T 5%
WL, FERFRASREIC R 5. FHER 0% ik
572812, 1DSS RIZHUEAMIC & & UL E 175 72,

Table 5: FHUF DY & FATIRFR (F))
(1) &tkoH A X% &

| AR [ #rrAx] 1] 2] 4 |
BIX 100 x 74 | 452 | 363 | 327

(&, i) X 94 x 100 | 573 | 424 | 409

(&, HIl AR X 78 x 100 | 494 | 355 | 348
(&, I, PR PE) X | 61 x 100 | 417 | 342 | 321

(2) HuBNEl Sz A X% —E
[ I (tkoR 7y A 2) [ 1 (100) | 4 (200) |

X 452 1,159

(&, i) X 573 1,558
(&, W, ik X 494 1,334
(&, I, AR ) IX 417 1,253

ALy FNT BNLTEHN A =Y —Cld 1o PC
(Pentium4 3GHz, A€V 2GB) Z{#HHL THHT I
V=Y ay (NE=1,24) 2L =ROFRE R 5 1TRT.
25y 7 RE 3L B < 24 YT 864 25 v 7T,
EWHodl%z M 81RrT & I THIBN R E 175 7=,
MEFZ AU C O3S E § 5 72 M ILEEA S VEDC 22
LA ==~y RER e, NEE (n) ITIEL TR 51
B B

(1) DDV A X% —EDE £ THEREL HRL R,
FATRERNE L i hfish 5,

(2) HEIENZHIE DY A W38 (DhkDH A x5
BB HAAS 2) oFflE, FATRRIE nic k5720

HRHETH 205, NHUEORIIHA 5 b DDA —
N=y RERMTHTL MET TR E RS 1R TH 5.

5 i

1 FEME0 KRS 1 HREAREZ HOHEBEHOY I 2
V= gy & To7z. 1 BICHRRZERFIHD O b, (&
D HAKMERToIEE, BikiEEIe L CoHikRy 7 oEEx

257

45 &

6533

Figure 8: HushrEl & 2 pElRED L A MLEH

L7file RUz, ZhozBEx, HHmkEY I 2V —
v asilBnTg,

o RFTNZ2SEN L FET HKRNMND FHOBEG
WA TY =7 e ENHTENCLLHET, KR
A7 D 13 C RERD B IR DGR H > i e, R
YAy o BB DO FEIC & Y B KD FHRH B
HEIRL -,

o BV E ORFEL FHINT 5 70 o fREEL FHRIFR -
& P R, XY R & S 2l &1, Y 13km x
21km TH 5. ZoHis%E, KA XL TEY
PHTEADADE L T 10m ONRAETCY I 2L —
TarybLolcld, Sk b A —F - KE
VY 1300 x 2100 DA FH A XS EITI2 5.
WHREH2 2o Va6 B E TCoRF % 10 4,
FKEACHHL 23t EEERffdICT 5L, UT7L¥
A LTCEHET 20 TId2 L HicEBEL 882 T
WCHEMT /BB KTH 5.

L1513, FEEOKROMEITGERE 2T v FilEE M
MROFRERE Y Ial—Y aryofEolh Ricmz, Aot
CEYINOME L THRREFRET L2 LI k28R
DKDFAY I 2L — g 0015808 KR BiK
TV =Y MHHOEY N OB#TEI R I L2 HED
BKEFOY R 2V —Y 3 v OEHE M 5.

[1]  http://www.sonpo.or.jp/disaster/flood /flood_01_4.html

[2] http://www.ce.gunma-
u.ac.jp/regpln/katada/kataweb/atop.htm



FHZE— KR, H ERh, B BB, #iiAcE R oH T
ZERY DRI DT, EERE R KR SEPTAER, 3 47
5B, Pk 16 4 4 H

http://www.mlit.go.jp/river/IDC/index.html
http://www.jwa.or.jp/topics/2005kozui/index.html

oI, &A%, it Urban Flood Simulation as a component
of Integrated earthquake Disaster Simulation System,
Proc. 2005 IEEE Int. Workshop on Safety, Security and
Rescue Robotics, pp.248-252, 2005,

http://www.kedm.bosai.go.jp/

kg A, AR AR — 2B Bl o HEE
IKATik, MR 24 R2 1V-8 2005 3 H
http://www.pref.aichi.jp/kasen/
03_gekitoku/gekitoku_shinkawa/top_geki_sinkawa.html

http://www.cbr.mlit.go.jp/kisojyo/rootup/top.html

http://www.pref.aichi.jp/kensetsu-somu/owari-
kensetsu/kasen/nakae/ GEKITOKU.htm
http://www.city.nagoya.jp/kurashi/shoubou/bousai
/kaze /nagoyanokawa/gouu/nagoya00002599.html
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Learning of Soccer Player Agents Using Policy Gradient Methods
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Koji NAKAMURA(SIT), Harukazu IGARASHI(SIT), Seiji ISHIHARA (Kinki Univ.)

Abstract— RoboCup Simulation League is known to be
a test bed for research of multi-agent learning. As an
example of multi-agent learning in a soccer game, we
dealt with a learning problem between a kicker and a
receiver when a direct free-kick is awarded just outside
the opponent’s penalty area. To which point should the
kicker kick the ball in such a situation? We propose a
function that expresses heuristics on evaluating how the
target point is advantageous in sending/receiving a pass
safely and contributing to scoring. The evaluation
function makes it possible to handle a large space of
states consisting of positions of a kicker, a receiver and
the opponent’s players. A target point of a free kick is
selected by the kicker using Boltzmann selection with the
evaluation function. Parameters in the function can be
learned by a kind of reinforcement learning called
policy-gradient method. A point where a receiver should
run to receive the ball is simultaneously learned in the
same manner. Experiments with four teams that had
participated in the past RoboCup competitions showed
the effectiveness of our solution.

1. [FC®HIC

WHE, NTHREOSBH Cli~vLrFo—Txr MR
BEFIZ3BT 2 R TEI O 58 e S LTV A [1].
COMROEME L TRy by I — DS
T % RoboCup 232" STV 5 [2]. Z D RoboCup
OHDO—FEATHAHL I 2L — g UEETIE, E
RECTrARy N THL IO kInb Tz
D, R RITENCFDEREZ Y THI LN TE
53], —MkIZ, v NMFr—V = MEBEICIE, IREE
e O FEE I, RN E R, ReamiiE,
EREMUPESE D~ L F=—T = v N REFAD
N5 5 & STV B[1]. RoboCup H > 1 —3 2
2L—va T, INHOFTYH, TTFE IR
REZEM DR RE] DRI EEZND
AR TITZDOL I HD=—Y = FBA
W RFEIRICE FE VIREZEMNBRE DA T
L T AITEIEE OB EENE LTS,
A, ZO—fFlE LTA—=AFTHOT Y —F v 7D
LiEZERY BT, BRIy h—L L o—n
DZENZEN 1 ADHIT D/ SATEIZEBNT, v
N—=DIHNFETLHGEEFy —L L — R

HICFET LA OEREITo 7. WiiTEOE
WIE LB IEO—ETH 5 R AL L, REK
WX BRWHERFH L & iz,

2. 2)—FvoIZHITHHAT
21 2alb—3 ) —JIIBITBHRT

1 E TR DREEMOBEREE] i, &
—Vz v hOREHEFREICBITS=—V =2 B
D& DITEIOMAAEDENEL T E T, BmIIZITE
ITRTHET, N R & L TR VNS DI B
Bnolcl), AV A —NRN—LRolz T[T
b5, TR EZEM @Y, HoORE
FE, IRRBZEMOBEREZMA 5 Z LR TE D).

LML, DHEBNTHEET L7 L—Y =0T
HIVITHEH & OHFZE[A]D L 5 (/S AREZ B #% 5
ZEIIFRETH DA, MBI TIFEREE LT T
T LYEIRET D LRTEBEBRESIERE T L
RTW5D., DFY, wLTFz—Txr FFE T,
RIT/NE IR AT DR WY 2R BE 22 W] 2 3% &
TEXLELTHRERE LT D EREEHOIBEIEN
EEXTLENRLTV. LN T, REEZEM O FE
FEreTRL, REHKICILTICLVFZ—V = b
FENELRFELZRANDZENEET LN EEZD
ns.

2.2 FITHE

FEEGH)JAWEIR C B O 7 LV —Y —BNHEET D8
BONRAMBEIZBNT, REHICE B2 WTFEEH
WCHRITEIOESZIRE LIRS S OWFIEH R &
5[6]. 22 TiE, £T7 14— REEFIROR I
T DESIZKEI Y, passer [Z/b— L v F A T/I2
EHTEALERD TRAEZHT. & L/ VAN receiver
BT D, W EFRE T2 A LD %
EOTWE, I —FBMEO S NEIZ SRS
HLTWA,

ZOFEOREMRIT, EAOMEEEGFELTELE
FTEWDT, 74—V RIZBIFA7L—FY—0D
B OHA DR LW o 72 KR AR ZE [ A R T
HVENRNZETHD. LnL, ZoOM%E Tt
T —Y—OYMINENEE STV D I LI
ThO, M7 V—Y—OWMIALEN R 5 &8
EDFIH T & FEAMEITL.



2.3 AHARDAE

ARFIETIE, HERAWEIK TS50 7 L —Y —
DIFIET DA DN AREDO —> L LT, BRI
T—)VHITOT7 Y —F v 7 OFHERY BT 5. %
T, FATMHROR % wRT 272D, ITEHRE
(FR) 1B DRELB BN T L —F—0Dif
KRB 2 WA O TIE <, RE»DHEHE
SNHEN OOFEE (E=2—YRT 427 R) %
g,

FAEFEBRE LT, ZNETICF v I —DBRIIRA
SEDHEZRET DO ATV, Ly — %
o h—MbIERENEEAL~NEY Vo8
[ COFEEREIT- T, KFEHOHNNE % iR
TWA[9]. AlElE, Fvh—72FTidkel, Lyr—
NHFEEEE D, BRI, Sy h—i3325%0
A%, Ly— "L EVIATREOH S EZ N ZE
ST DT 5 KR AT 72,

3. REFE

3.1 ARBEE
AWFZECI3sfb B o —fTH 5 R Ak EE A
WCEE ZITH . FIRAENE &L, WO MFHE
WRIZ/2D X ONTTHRNRT A—F T H 558k
Thbd. ZDOLEDHRMEOFEE L THERM A
HEEHWS, BRI E#ERITI-oZ2 Y LTy,
I R, F2, FEEE LT if-then A
DN—R, KT ¥ ¥ )Vin & DOk % 72 BRI
TEXHDT, HFR~OMBRANKS THDH LN D
Efnd 5. uaiE, Williams 2L W iEREINT-F
LI TH DM, EH L LBMRESI—Y 77—
LA L, B E MR LTV A[7][8].
3.2 ITHRED-ODHERMLT AR

AKFETIX, WETHKRREZ 7V —F% v 7 OEDT=
WIZ, UTFD L9 7%% v h—ofTEikE RN A EE
T5. T, RO ARRTEEEZD. 74—
N % SCHER[B] & RIERICHE IR DR F L OHEAITIX
8%, v h—N2NE/L Kk ~N2AEHTEVSITE a,
DOAfEZ R D X 9 72 BROEI$c#£ 7.

E(ak;a)):_zi:a)i Ui(a,) 1)

ORI, SREDOENL K BRDL ETER L
BN REOHME (ta—U AT 47 &) Ui D
BIERTHD. 72720, BB E OE/hSn
2N, fTENE LCOMEREL 72D X O IZi%ed 5.

ZOHMBEEERWT, v b —IZRORLY <
VIERIC X B RERMN e TR E AN TR DRV K
BERETD.

e—E(ak;s)/T

ze—E(x;s)/T (2)

X

z(a,;s)=

ALY < BPUTIEERTA—H T 2 KEL<T5
ZET U BATEIEEIRT D L9127y, /&l

TOIEERBRENMIEDOITE 2RI L <72 5.

FRIZ, T— 0 CIIIREMMRITEINRE 0D, I,
SITEZOIRKEE (e, 27 L —Y—, R—/LONE)
EERLTND.

() TIIATHE[B) &£ &V, B L —Y — D=
B, Ly —"OMERE, TOHHEIZS L THEE
NSO Z HTITEOMEEZ R L Tk, 7L
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Abstract

The RoboCup 4-legged and Simulation leagues
offer good examples of the benefits that can be
achieved by using a standardized platform that
allows for an easy comparison of results and
concepts in robotics research. However, there
is a lack of a standard platform that provides
the flexibility of simulations in real robots at a
reasonable price. To address this, we introduce
a new setup based on a project sponsored by
CITIZEN Co. Japan. It allows for a huge va-
riety of different usages for a large number of
mini-robots in an augmented reality (AR) en-
vironment at quite inexpensive costs. The core
of the project is the CITIZEN Eco-Be! mini-
robot. It is built with cutting edge technology
in miniature robotics using high quality and
low-cost CITIZEN watch technology. Finally, a
new RoboCup league is proposed which should
allow RoboCuppers to face an assortment of
new interesting and challenging research issues,
all based on the presented setup.

1 Introduction

Generally speaking, doing research on robotics is an ex-
pensive task, and the RoboCup real-robot leagues are
no exception. Even in the most inexpensive real-robot
league participants would spend, on average, several
thousands of dollars in order to have a team. As for the
main reasons, one could surely account for the unavail-
ability of commercial platforms adequate for the games,
thus bringing the need for custom brew robots. More-
over, the strong competition force teams to challenge
themselves to come up with new design ideas which quite
often are translated into more complex and expensive
hardware. This last factor also implies that a wider spec-
trum of fields need to be covered for the complete design
of the machines, including technical issues which are not
always related to the research focus originally in mind.
Such difficulties may seem inherent to the research track

of some institutions, but they also prevent the partici-
pation of those who do not have the man-hour and the
money for the journey.

Another common problem in robotics which is fre-
quently overlooked is the lack of a standard platform
in which one could easily compare results of different
methodologies. The two-dimensional environment of
simulation league has already proven for years the advan-
tage of having such standardization: papers often show
comparative results using the standard environment and
playing against a provided adversary (usually the code of
a good team of the former years). To a minor degree the
four-legged league also share some of these advantages —
for instance, several teams use the same low level control
skills for controlling the gait of the robots.

CITIZEN Co. Japan, one of the biggest sponsors of
the RoboCup initiative [Kitano and Asada, 2000], is a
renowned company, especially in regard to miniature de-
vices. Currently the company is committed to the en-
deavor of developing a miniature-yet-affordable robotics
platform. This comes in opposition to the main stream
in robotics, which generally points toward costly solu-
tions. Instead, CITIZEN Co. Japan focused on versa-
tility and affordability, taking advantage of their well-
established watch technology for the development of in-
expensive miniature robots.

A new research project in Osaka University is about
to bring new flexibility in an endless number to possible
applications with the introduction of an augmented re-
ality (AR) environment to be used along with this new
robot. Huge improvements in versatility, flexibility, and
standardization are among the merits of such an AR en-
vironment.

This document proposes a new league (tentative name
"Mini League”) in which Eco-Be! would be used in a
standard and flexible environment for a variety of com-
petitions in a mixture of reality and simulation. The
presented AR setup brings new challenges in a variety of
areas which RoboCup has not yet fully involved so far.
Based on this we propose the conceptualization of a new
RoboCup league. This paper is composed of three major
parts: 1) Introduction of the new mini-robot currently
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Figure 1: An Eco-Be! prototype. In this robot the differ-
ential wheels are driven by two motors which are battery-
powered. Besides the PIC controller all other hard-
ware comes from devices originally designed for CITI-
ZEN watches.

under development by CITIZEN Co. Japan; 2) Descrip-
tion of the AR environment for these robots which is be-
ing developed in a joint project between CITIZEN Co.
Japan and Osaka University.; and 3) Proposal for a new
RoboCup league based on this new architecture.

2 Eco-Be! The Robot

The Eco-be! is a robot of very small size (approximately
1.6 x 1.6 x 2.1 cm) which can be produced at relatively
low costs by using CITIZEN’s renowned knowhow in
miniature devices and their well established watch tech-
nology [Yoshikawa, 2002]. This allows the employment
of large number of robots in a rather reduced space with
a very low budget and amazing portability. For an illus-
tration of the early prototypes see figure 1.

The first RoboCup prototypes were presented to the
public in March 2006. These first prototypes include so-
phisticated control over the differential wheels through
an IR interface, and they are battery powered in order to
assure longevity and necessary performance of the mo-
tors. In Bremen even more sophisticated robots shall
appear for demonstrations, this time with considerable
improvements in the fine-grained controlling of trajecto-
ries and velocities. Following this pace, CITIZEN pro-
poses long term development of increasingly more sophis-
ticated Eco-Be! robots over the years. There is plenty of
room for improvement in what regards to modern watch
technology, including miniature devices for bluetooth,
camera, etc. — the robots would be updated accord-
ingly to the needs observed during the years. Further-
more, these robots may become part of CITIZEN’s line
of products, provided sufficient market acceptance and
robust development becomes apparent over the years.

3 Eco-Be! The AR Environment

The figure 2 illustrates the suggested setup (see cap-
tion for details). The idea for this setup came from
[Kazama et al., 2005]. The software architecture would
be borrowed from the current three-dimensional simula-
tion league, thus ensuring the agents would be individ-
ually programmed as isolated agents. Such setup brings

Figure 2: Setup for the Eco-Be! AR environment. The
several robots follow commands given by a central server
through an IR beam. The actual position and orienta-
tion of the agents is fedback to the server by a camera
located on the top. The environment along with its fea-
tures is projected onto the field by using a multimedia
projector or any sort of high definition TV screen in-
stalled bellow. Optionally the IR sensor on the top could
be substituted by a color sensor on the botton, allow-
ing more localized control of each individual by varying
beams of color under each robot.

huge flexibility for the simulation of sensors and actua-
tors not yet implemented in the real robots. This means
the mixture of reality and simulation allows for the use
of robots years ahead in design despite their current lim-
itations. At the same time this AR setup may guide the
development of new devices to be equipped in robots dur-
ing the years, gradually migrating towards fully stand-
alone robotic agents — which could still be optimized by
AR (there is always room for improvement).

In general this setup is also similar to the one used in
the small size (F180) league [Sma, 2006] or the ULeague
as proposed in [Anderson et al., 2003]. However, the
AR environment as described here allows for a lot more
flexibility, e.g., in different kinds of experiments that can
be performed conveniently. By using the suggested AR
setup, projections of environmental features surrounding
the robots can be used instead of real objects or arenas.
Among the main advantages of using this AR environ-
ment, one could mention:

e Great flexibility on the design of the task due to the
control of the parameters of virtual objects/features
(e.g. ball diameter and its dynamics can be easily
changed);

e Possibility for an enormous variety of creative ap-
plications that include, but are not limited to, soc-
cer. Among the numerous conceiveable applications
there would be some which are almost (or com-
pletely) impractical to do with real robots if not
for the aid of augmented reality (e.g. simulation of
force fields, artificial webs, laser beams);

e Environment becomes more visually appealing,
turning it interesting for the audience and for the



media. This also allows the display of a variety of
usually unseen features, making it also appealing for
applications on a variety of new fields such as swarm
intelligence (e.g. bug heat fields or ant trails can be
shown) and artificial life (food, preys and predators
can be simulated in big number and any shape).

e Robots would not be required to be equipped with
extra sensors and could still enjoy complex models
of the environment through the use of virtual sen-
sors and actuators (e.g. virtual camera, heat sen-
sors, kicking device, virtual grippers, etc.). Con-
troversial enough, this removes the need for expen-
sive/complex equipment to be installed in the robots
but actually extends the possibilities to the limit of
imagination.

e Standardization of both software and hardware,
making it possible to do benchmarks of different
techniques used by different people in a straight-
forward way.

e Portability, for the case of using a multimedia pro-
jector — 22 robots plus a projector could easily fit
into a briefcase.

4 Eco-Be! The Mini League

This document proposes a new league (tentative name
is "Mini League”) using the Eco-Be! robots!. Compe-
titions would be held initially in an autonomous soccer
environment similar to that of simulation league. A va-
riety of competitions and challenges would be gradually
included over the years covering a diverse range of fields
in reflex to the general interest and quorum of develop-
ment. Throughout this section several possible compe-
titions will be illustrated.

4.1 Mini League Autonomous Soccer Games

This is actually the first ongoing development applica-
tion of the Eco-Be! robots for use within RoboCup. It
would consist in an augmented reality realization of 3D
Simulation League games. A total of 22 Eco-Bels would
be disposed of a small arena on which the virtual field,
including a virtual ball, would be projected instead of
using an actual kicking device and real ball. In this
way the games would be made interesting for the spec-
tators. For implementing this, the RoboCup Simulation
League architecture is being taken as a starting point.
The current robot soccer simulator is designed with plu-
gin capabilities that allow extensions to be added with
certain ease. Simulation League games are the only ones
with 22 agents involved so far and they feature highly
developed strategies and teamplay. However, for spec-
tators, it is sometimes too difficult to understand what
is happening in the simulators. Also, the current visual-
izations sometimes lack attractive visual features. Using
real mini robots like the Eco-Be! for this purpose avoids
those shortcomings of the simulation. Given the small
size of the robots, they probably have a ”cuteness fac-
tor” that makes them fun to watch if they engage in
these kinds of soccer games.

"http://er04.ams.eng.osaka-u.ac. jp/ecobe-robocup/

4.2 Mini League Interactive Soccer Games

The proposal above could be extended to also allow in-
teraction of spectators with the ongoing game. While it
is fun to watch the robots playing soccer, it should be
even more exciting to be able to actively take part in the
game either controlling some of the players individually,
or even controlling a whole team at once by interacting
with its strategy online during the game. Kids are very
good at using game pad controllers in computer games,
so those would be the devices of choice for them to con-
trol individual robots. In contrast, here more skilled
adults could interact with the team formation and player
roles by sketching strategies directly on a screen of a
tablet PC. The AR field could be easily shown at the
screen of such a PC and the human could intuitively in-
teract with the team by the use of pen strokes. Team
strategy diagrams could be drawn in a way similar to the
ones human coaches use in soccer and basketball games.
Competition could be additionally held on the develop-
ment of the most intuitive method for recognizing the
intended orders of an untrained spectators. This would
foster research towards more friendly and intuitive hu-
man/machine interfaces.

The issues that would be interesting for research in
the proposed setup would include:

¢ Human-computer interaction issues
See for instance the research of professor Nishino in
the OZRP project [Nishino, 2005].

e Strategy acquisition
The agents in the users team should analyze the
movements of the human controlled robots and try
to learn from successfull moves. An example of this
(with logfiles instead of online, user controlled move-
ments) can be found in [Nii et al., 2005]).

¢ Teammate and opponent modeling
The agents of the team including the human players
could try to adapt to their human partners by learn-
ing and using a teammate model. The autonomous
agents of the other team could, on the other hand,
try to build an opponent model of the team includ-
ing the human players and adapt their strategy ac-
cordingly (see for instance [Riley and Veloso, 2001]).

e Adaptive skill learning
Based on the strategy and the control of the human
players, the autonous agents could try to adapt their
parameters according to their observations during
the game (see [Kawarabayashi et al., 2005] for an
example).

4.3 Mini League Rescue

Robot navigation and obstacle avoidance are among the
older fields of research on autonomous agents. More re-
cently, topics such as sensor fusion and intelligent (adap-
tive/learning) behavior became also topic of prominent
research. In near future, autonomous home robots have
to be able to merge all the information of the various
sensors for successfully navigating indoors, avoiding both
fixed obstacles (walls, doors, staircases), and mobile ob-
stacles (furniture, people). Other issues include limited
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battery power and eventual failure of small subsystems.
Robots have to deal with all these issues and still be able
to effectively conclude their goal task with satisfactory
performance and robustness. The arrival of the first per-
sonal robots in the near future points toward the strong
importance of allowing the employment of such home
robots for indoor first aid in case of disasters.

The Eco-Be! robots are two wheeled, differential
driven robots, which are the most popular configura-
tions for research autonomous wheeled robots. The dif-
ferentially driven axis adds a restriction constraining
movements in the direction of the axis of the wheels —
the so-called non-holonomic restriction (see for instance
[Kiihne and Walter F. Lages, 2005]). Most of the practi-
cal real-world vehicles are constrained by non-holonomic
restrictions and many other applications such as robot
manipulators also share non-holonomic restrictions. The
control of non-holonomic vehicles is not straight forward
because the relation of the rotation of the wheels to the
actual displacement of the robot is not linear. Naviga-
tion of non-holonomic vehicles in clustered environments
is a challenging topic of research, and when talking about
rescue robots, then performance is a must.

An indoor environment can be topologically repre-
sented by projecting features into the field. The AR
field allows for realistically animated representation of
features such as:

e Floor, walls, doors, windows, staircases. The robot
could be equipped with simulated actuators (e.g.
grippers) for opening doors, or simulated ”steering
wheels” for going upstairs. The whole scenario can
be easily changed to show a different floor level.

e Mobile furniture such as chairs, tables, TV, shelfs,
etc. The furniture can be represented with realistic
physics, allowing the robot to eventually drag some
of the objects in order to gain access to some area.

e People, both walking and lying down. Scared people
running around, or even injured unconscious people
laying around wainting for help can be simulated.

e Explosions, fire, water, or even earthquakes can be
realistically simulated. Because besides the robots,
all other objects are simulated, they can catch on
fire, or even walls can be destroyed by explosions.

The Eco-Be! robots can be equipped with any sort
of local simulated sensors, among which one could in-
clude: fire or heat detectors, cameras, resonance distance
sensors, compass, GPS, range finders, microphone, etc.
These sensors can be simulated in a way such as to avoid
the burden of actually designing sensor controllers for
parsing raw data, thus allowing teams to concentrate on
more high level strategic planning and navigation issues
instead. For example, in a realistic scenario, a camera
may return a label identifying the object seen with more
certainty than a laser range finder can do, but the later
has more accuracy on measuring distances. Addition-
ally, microphones can automatically ”recognize speech”,
and so on. This allows the research on a realistic but
years beyond in a futuristic scenario. Obviously noise
and eventual failure of individual subsystems should be

simulated as well.

4.4 Mini League Emergency Traffic Control

In a more macro level, the traffic of big urban centres
is an issue when talking about big disasters such as ty-
phoons, earthquakes and tsunamis. At the same time,
the traffic flow should allow constant evacuation of ve-
hicles from dangerous areas at a reasonable rate, but
should also allow the rescue team to reach the rescue
spots as quickly as possible.

Considering such a scenario, a small portion of a city
can be represented in the field. The simulated city would
be represented by topological roads scaled in such a way
for a number of Eco-Be! robots to be the vehicles. A
small quantity of Eco-Be!s would represent rescue vehi-
cles while the other big majority (maybe dozens) would
represent the ordinary traffic. In contrast to the previ-
ously mentioned application, here the vehicles are not
directly steered by the teams. The teams should rather
concentrate their development on the elaboration of ade-
quate traffic control by using traffic lights and simulated
human agents that can go onboard some rescue vehicle.
These rescue vehicles would drive into some region, de-
ploy people for aiding in the traffic control on demand
and also deploy people for first-aid, firefighting, etc. Ad-
ditionally, the teams would have the task to plan the
quickest route for rescue vehicles to get into some tar-
get position, and also decide what target positions to
reach (priority, timing, etc.) Remaining ordinary vehi-
cles would be centrally controlled, with inclusion of sim-
ulated stress factors, such as traffic accidents, erratic be-
havior, and histerical runaway of some vehicles. Accord-
ing to their role (police, fire truck, etc.), the Eco-Bel’s
could be colored either by using paint or through projec-
tion of the respective colors onto the robots. The move-
ments of the robots in the virtual environment should
then be much easier to track (and more fun to watch)
than it is possible now on the big screens.

4.5 Mini League Al

Swarm intelligence and Artificial Life are perhaps the
most specialized applications in which Eco-Be! can fit
amazingly well and most other platforms can not. As
for the reasons, there is:

e Low-cost hardware — Eco-Be! can probably be pro-
duced at a very low cost, and even lower cost if mass
produced by CITIZEN. This means a researcher
should be able to buy, let’s say, a hundred of Eco-
Be! robots for research for less than one thousand
US dollars.

e Projective Augmented Reality adds flexibility —
Multimedia Projectors are not as expensive as they
used to be. Video cameras, capture cards and PC
computers are also getting more and more afford-
able as years pass. This means the scientist has ac-
cess to an affordable platform for controlling a huge
number of robots in a virtually uncountable number
of swarm intelligence [Bonabeau et al., 1999] or ar-
tificial life [Langton, 1997] experiments. Moreover,



while for soccer games or rescue operations the aug-
mented reality has some appealing factor, in swarm
experiments the flexibility of the augmented envi-
ronment becomes a real aid for visualizing usually
unseen factors such a heat, pheromones, etc.

e Small size — Eco-Be! robots are small enough for al-
lowing a huge quantity of robots to fit into the small
rectangle defined by the projected environment. Be-
cause the robots are so small and the projector can
be turned off, this means the whole system can be
easily transported to a different place and hundreds
of robots carried into a single briefcase.

Competitions could be held on the application classic
swarm intelligence problems such as ant-like pheromone
trailing, heat seeking bugs, and artificial life subjects such
as dominance and role assignment, foraging, genetic evo-
lution, prey/predator equilibria, etc. Applications range
from very theoretical computational problems (e.g. trav-
eling salesman) to very specific biological models for evo-
lution, disease dissemination to cite a few.

4.6 Mini League Education

The Eco-Be! robots shall be produced for a relatively low
price which makes it an attractive platform for schools
and research institutions with smaller budgets. Also, the
scalable complexity that augmented reality brings to the
robots makes them suitable as a diadatic tool for educa-
tion in a variety of undergraduation subjects. Thus the
Eco-Be! robots could be used to bridge the currently ex-
isting gap between the RoboCup Junior league (which is
for high school students), and the more advanced leagues
in which mostly master and PhD course students are in-
volved.

Among the subjects of undergraduation that could be
faced we could cite:

e Programming (both structured and object-
oriented);

e Control Theory (feedback control, non-holonomic
systems);

e Multiagent programming (non-Markovian pro-
cesses, cooperation, competition);

e Foraging and Ecosystems (ecologic equilibria, dom-
inance);

o Artificial-life and genetic algorithms (evolution and
adaptation to environment);

e Swarm intelligence (ants pheromones, flocks behav-
ior, etc.);

e Reinforcement Learning (grid world, sarsa, tile cod-
ing, etc.);

e Computer Graphics and Augmented Reality

e Human-Machine interface;

The forementioned augmented reality architecture and
a few dozen of Eco-Be! robots should be affordable and
and the setup reproducible by the majority of colleges,
universities and high level technical schools around the
world. Eco-Be!’s AR setup could spam all levels of edu-
cation from elementary school teaching to graduate re-
search, provided the adequate application design. If ad-
equately exploited, such application has enough appeal

to become an standard platform for education and re-
search on some/all of above listed fields. The advan-
tage of having a standard platform and shared develop-
ment of applications is enormous. Just for instance, this
could provide an standard platform allowing results to
be easily compared and reproduced among different in-
stitutions during conferences and workshops (reproduc-
ing and comparing results is usually a big problem in
robotic research).

5 Discussion

This paper presented the Eco-Be! robot and described
an AR environment. This architecture was then pro-
posed as a standard for making a new versatile and af-
fordable real-robot RoboCup league, here called “Mini
League”. As already mentioned, development has al-
ready begun on the robots themselves, on the AR setup
and on the first demonstration of autonomous soccer ap-
plication using the whole environment. The entire archi-
tecture is supposed to be ready for being displayed al-
ready in Bremen this year. If well accepted by RoboCup
Federation the new league shall be ready for its first steps
during RoboCup of 2007.
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Abstract

This paper presents a RoboCup soccer sim-
ulation introductory development kit OZED.
The OZED system contains a novel and user
friendly agent decision rule system; Konohen-
fuzzy reasoning system which is denoted by in-
tuitive regional propositions. We discuss about
the OZED system and the behavior represen-

tation ability of Konohen-fuzzy reasoning.
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Abstract

This paper proposes a framework for acquiring
a low-level behavior of a soccer agent. The task
of a learning agent is to mimic the behavior of a
target agent with a well-trained behavior. Neu-
ral networks are used to represent the behavior
of the target agent. In order to obtain a set
of training data, we convert game logs of the
target agent into a set of input-output pairs for
the neural networks. We show the effectiveness
of the proposed framework through the compu-

tational experiments.

1 0odn

RoboCupO0OO0OOOOOOOODOOOOOOODOOO
oobooOoooooooboooobooooboooon
goboooboboooooooooooooooooboon
00000000000 RoboCup0OOOOODOOODO
oobobOooboooooooooooooobooooon
coooOoDOoOoooOoboOoOoobooooooQoOooOo
ooboboooooboboooooboooboobgo
000000 [00,2003] 0000000000000

000000000 [Nakashima, 2004 00000000

OO0OLukeO [Luke, 1996 D0 OO0ODOOO0O0OOO0OOO
J0000o00o0o0oo0oooooooooooooooo
00000000000000000000000000
0000000000000000000000O0ooo
0oo00o00ooooooo

goboboooboooboooobboobboobooo

bhooooboooobobOoocbooboooboooboan
ooooboooooooooboooooooooooon
gob0oooooobO NNODODOoOooboooooooo
gobobooooboooboooobooooboooooon

25

o0bD0oO0DOoO000O00oOo0oOobDO NNOOOODOO
gbobooboobobooooobooo.

2 Dooooobobod

00000000000 NNOOOOODOOOOOODO
00000000000000000000000000
0000000000000000000000000
0000000000oo0o0o00000000000000
0000 [Rumelhart, 1986 OO0 NNOOOODOO. O
00000000000000NNOOOOOOOOOD
0ooooooo

0000000000000000000000000
0000000000000 00000000o0o0o0o0on
00000000000000000000000000
00000 NNOODDOOOOOODODOOOOO NNDO
00000000000000000000000000
O0ONNOOOODOOOODOOODOOOOOOooOo
00000000 NNOODOODODOODOOOOO0OO0D
00000000000000000000000000
000ONNOOOOOOODOOODOOO0O0O0OoOooooon
0ooooOoooooo

21 0OO0OO0OO0OO0OOO

gbooooobooooboobOoobooooboobon
obooboooboboooboobooooooboboon
0000O00D0O0oO0O0o0Og200400 RoboCupO OO0
O0000O0OO0OO0OoOoOo STEPOO0OOOONNDOOO
oo0o0OSTEPOOOOOOOOOODOODOOODOOO
oo0ooooOoooOoooooOSTEPOOOOODODOO
goboooooobooobooboboooobooboooogoo
goboOooooboooooooooooobooOooooon
oboboooooboooboobobooobooboooogon
NNOODOOoOooboooboo—-gooobooooboooo
gbooooboobooboobooooboobooa



gbooooobooooono

Step 1: 00000000000 OOOOOOOOOO
uboooooobooboocoooboo

gooboooooooboooboooooonod
gboooooobooooooa

goooobooooboooooooooobobooo
gboboooboooboooooobobooboaoo
gbobooooooobooooobooooboboon
goboboooooooo

Step 2:

Step 3:

22 000O00OO0OOOOOO

OO00O0O0OFigue 100000000000000
0000000000000, O0D00000 x,
(Tp1, Tp2, s Tpn), p=1,2,.., NONNOOOODOODO
0000000000000000000000000
ooooo

00000y =p;,  i=1,2,..

(1)

» 1

00000y = f(nety), =12, ..

ny
nety,; = E W;;0p; + 9j
=1

O0000o0p, = f(netpr), k=1,2,...,n3

na
netpr = E WijOpj + Ok
=1

ooooNODODOOO0OD0OO0OO0OO0OmOnOns 0OODO
ooooooooooooooooo0ddw;dwg; O

oooONNOOOOOooooooooooooDbDoo
gbgbdobgbobobdobobobobobooaon
gbooNNOODOOOOooOobbooobooooogo

n3

E:iEP:iZ

(7)
p=1 p=1k=1

(tpr — Opk)2
2

o000t 00000000000000NNOOOOO
gbobgoooboboboboboobooobooboaon
gobogoooon

23 ODOONNOODOOOODOOOOOODOO

Figure 2O ODOOO NNOOOOODDOODOODODOODO
obobooobooooooboooboobooooboboo
gooooobbobooooboooobooobbodg NNDO
o0bD0oO0NNOOOOOOOOooOoooOooooo
o0D0o0DO0o00O0oOoDOoOO0booOOoO0DONNDOO
oooooooooobOobOOoboo NNODOOooOoo
gooooboboooNNDOOOOoDOOOoooooDo
goooo
gooboooooboooooobobooooooooon
gbobooooboooooboboooobooooooon
gooooooobbooooboooboooboooooo, o
oo0bDoO0oDOoOoooOoNNDOOODOOOOOOoDOO
gbooboooobooooboboooboooboon
obooooboobobooboooo

OO0O00NNOOOOOODOOOOoODoOoooo

boooooooooo g0, 000000000000

00000000 f(x)000000000O0O00O0O0OO
googo

B 1
C1l4e

0000 f(z) (6)

Figure 1: 000000000 DOOOOODO

26

Step 1: 00000000000
Step2: 000 NNODOOOOOOOOOOOOOOOD
ooo
Step 3: 0000000000000 0000000000
OONNOOODOOOOOOO. 0000000
00000000000000000NNOOO
00000000
Step4: 00000000000000000000O00
000000000Step 30000
AR NN HiH
———
|
—‘(I
2 A—UNN ‘9—‘/’&?-‘;575@
=
B Ay aNN ‘s«"f/:o)x‘éé
~—

WRITIECTEIR

Figure 2. OO0ODO0 NNOOO



Table 1: OO0 00O

goooog gpoooo

gboooobooboboooboo ooooi3

ooo gbobooboooobooboooobooboo oooga3o
gbooo30ooboboooooboon ooooO0oNNOODO

gboboooboobooooobooobooon ooo0o24

oono gboooboboooooboooocoboobon ooogeo

obooobO1000b02000000000000000O oooor

24 O000ONNOOOODOOOODOOOODOO

Figure 30000 NNOOOOOOOODODOOOOOOO
NNOOOoOooooooooooooobooooooo
oboooobobooobooboooobooooon
obobooobooooobo NNODOOooooobgoo
ub.0bo0000boobooobooooooooooon
oobobOoooobooooobooooobooooobooooo
oboooobooboooooboooooooboboon
gooobooboooobooboooooobobooogooboo
bobooobobooooboooobobooban
ooooobooobooobooobobobooooooon
goooboooooon

AR NN HA7EH)
5 ‘ﬁﬁw%ﬁ(aﬂm)
v . -
R—IL ]
2 ‘ KU JLNN
% ‘9—%11—)75@
1%
#
"f“ﬁ/:n.a)x%é

Figure 3: O0O0O0O NNOOO

3 0OO0OOg

3.1 0OO0O0OO

gbhoboooooboooobooboobobooooban
ocOooOooOooOooNNODODODOOOODOOo01O
oooooobooboboboobooobooobooon
gboboobooboooobooooooboooon
OO0 Table 100000000000000O0O0O0O00OO
obobOobooooboooobooobobooboaon
obobobooobooboooobobobobooboon
ooooboooboooboooobooobooooooon
oobobOooooooobooooboooooobooooon
obooooboooboooooobobooooban
gooooonhobooooboobooobobooooo
good

21

3.2 OJOONNOOODODOOOODOOOODOO

UooboooooooDobDOo  NNOOOOOUO Figure 4
gobbooobooooboobooooboooooboooobo
uboboooboooboooooooobooobooo
gooboooboobooooboobooooboooboon
O00udbDDDFigurebO00OO0OOOO0OOODODOOOOO
O0000000D0Figure 50 000000000000
obooooooboooooooboo

80 L I Ll I Ll

7

BE

EBS

100000 200000
EREICIE
Figure 4: OO0 NNOOOODO

0 300000

Figure 5 00000000000 OO0DOO



3.3 J0ODNNOOODOODOODOOOoOoooo

0000000000 NNOOOO00O Figwre60O0O0ODO

oboooobooboooooobobobooboo
obooOobooooooooooooboboobooooo
OO00000DO0O0000OFigure 700000 NNOO
OOoooooO0ooDooOooooOoOoDo STEPODOO
ooooooooooOoOobOObOObOOO0O0Figure 70000
OoooOo0oO0oOoOoOoog SsSTEpOOODOODOOCOCOO

4 DOO0OO0OoOobObObOOoodn

oooooONNDOOOOODOODOOOOOoOoooooooo
gboobooobooboooobooboobooobooboon
oboooboooooboob0obOo0ob0O0ONNODOODOo
gbooooboobooobooboooobobooooan
gbooboooboooooobooboboooboboon
ooOoooOoSsTEPOOODOOOOOOOOOOOOOO
gboooobooobooboooboooooboobbooboon

oooooogooooood O0000000000000000000000000

gboooobooboooobooooobobooobooon
oboobooobooooooboooboooooboobooon
gooboooboboooooboooooobooobooon
ooooooooOoONNDDOOODODODOOOoOoooo
gbooooog

2000

¥

. 1900

=]
=3

H o

1800 5 UOo0oO0d

ooooooNNOOOOODOOOOOoOoooooooo
gooooog

NNOODODOooooooooooooooooboooo
goboooobooobooooboboooboooooon
O0oo0oOooog STEpOOOOOOOCOCOCODODRDOO
gobooobobooooooobooooboooooon
gobooooooboooboobooogooooooogoo
gboobooobobooooboooooboobooboooboon
gboboooboooobooooooooooboooooon
gobooooboooooooboboobobooooooo
ooboooooooooooNNODOODDOODODOO
gbooooboooon

20000 40000 60000
FH R
Figure 6: OO O NNOODOO

80000

goon

[Rumelhart, 1986] Rumelhart D. E., McClelland J. L.
and the PDP Research Group: Parallel Distributed
Processing(1), pp. 318-364, MIT Press, 1986.

[Luke, 1996] S. Luke and L. Spector: Evolving Team-
work and Coordination with Genetic Programming,
Proc. of the First Annual Conference on Genetic

Programming, pp. 150-156, 1996.

[00,2003] OOOOOOOOOOOOOO: 000OQ
000000000000000000000000

—I 00000000000 Vol. 15, No. 6, pp. 702-707,
-ﬂ! -+
STEP

Figure 7: STEPO OO0 0000000 OOO

[Nakashima, 2004] T. Nakashima, M. Takatani, M. Udo
and H. Ishibuchi: An Evolutionary Approach for
Strategies Learning in RoboCup Soccer, Proc. of
2004 IEEE International Conference on Systems,
Man and Cybernetics, pp. 2023-2028, 2004.

Za—[-RkyJi

28



#HEEAN ATAEEES
Japanese Society for
Artificial Intelligence

ATHEEFERARSEH
JSAI Technical Report
SIG-Challenge-0623-6 (5/4)

ad-hocUU0D0O0O0OODODOO0ODDOOODODDODOOUODODDODOODDOOOOO

Measurement of Distance Between Nodes in Ad-hoc Network by Acoustic Wave

oo o
Wataru UEMURA
ooooooon
Ryukoku University
wataru@rins.ryukoku.ac.jp

Abstract

On ad-hoc network, distance information be-
tween nodes is needed for making routing ta-
bles. Usually we get information of a wireless
signal power from a wireless network card be-
cause there is a relationship between the wire-
less signal power and distance between nodes.
But some network cards do not provide us a
wireless signal power or such information. In
this paper, we provide a novel distance mea-
surement method using acoustic wave. Sine
wave is not a monotone decreasing because it
has ‘nodes’ which amplitude are always zero per
wavelength. So it is too hard for us to get dis-
tance information from a wave signal power.
In this paper, we propose the distance mea-
surement method with the two or more acous-
tic waves. And experiments show its imple-

mentability.
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Figure 1: a 4-legged robot.
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Figure 2: a frequency analyze at 440Hz(distance = 1m).
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Abstract

We have already developed Multiple Omnidi-
rectional VIsion System (MOVIS) with three
omnidirectional cameras and its calculation
method for the measurement of the object posi-
tion and the self-localization in an autonomous
mobile robot. In this research, we propose
the efficient recognition method for multi-
ple objects and high-precision self-localization
method in an autonomous mobile robot with
MOVIS. In this paper, we also report some ex-
perimental results to confirm the efficiency of
our proposed method by using a RoboCup soc-

cer robot.
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Abstract

Recognition of other agent intention in a multi-
agent environment is a very important issue
to realize social activities, for example, imita-
tion learning, understanding intention, cooper-
ative/competitive behavior, and so on. Con-
ventional approaches to infer the other agent
intention need a precise trajectory in Carte-
sian or joint space that is sometimes hard to
measure from the viewpoint of an observer. It
is also difficult to estimate a same intention
but with different realizations because they try
to match just a certain trajectory during the
trial. 'We propose a novel method of infer-
ence of other agent’s intention based on state
value estimation. The method does not need
a precise world model or coordination transfor-
mation system to deal with view dependency.
This paper shows an observer can infer an in-
tention of other not by precise object trajectory
in Cartesian space but by estimated state value
transition during the observed behavior.

1 Introduction

Inference of others’ intentions what they like to do is one
of the most formidable issues in multi-agent systems in
which actions appropriate for the others’ intentions are
needed to accomplish the cooperative tasks. For exam-
ple Schaal et al. [4] proposed a motor learning method
through imitation of teacher’s behaviors. They assume
that a learner can observe all state variables and their
trajectories in Cartesian coordinate system of the envi-
ronment or the joint space of the others and the learner
imitates manipulative tasks or gestures. Doya et al. [2]
proposed to estimate intention of other agent for imi-
tation learning and/or cooperative behavior acquisition
based on multi-module learning system. Takahashi et al.
[6] proposed a method that interprets instruction given
by a coach and divides the given complicated task to a
number of simple sub-tasks each of which can be learned
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with a simple behavior learning module with limited ca-
pability. Most existing approaches assume the detailed
knowledge of the task, the environment, and the others
(their body structure and sensor/actuator configuration)
based on which they can transform the observed sensory
data of the others’ behaviors into the Cartesian coordi-
nate system of the environment or the joint space of the
others to infer their intentions. However, such an as-
sumption seems unrealistic in the real world and brittle
to the sensor/actuator noise(s) or any possible changes
in the parameters. In other words, it is very difficult
to infer others’ intentions based only on these geometric
parameters.

On the other hand, another approach that estimates
behavior of others through observer’s viewpoint with-
out any coordination conversion has been proposed, too.
Ledezma et al. [3] proposed to make a classifier to label
other agent’s behavior based on observation and use this
classifier to label the behavior. Their method, however,
needs a full teaching data of a set of labels and sequence
observation in order to model the other agent actions
and cannot handle the change the sequence of the other
agent’s actions even if it does the same task. Takahashi
et al. [5] presented an approach that constructs a set of
state transition models for the opponent behaviors from
a viewpoint of observer and selects an appropriate behav-
ior for observer according to a current situation in which
one of the models matches. The observer can choose one
model according to the other agent’s behavior, however,
it cannot infer the intention of the other agent.

Recently, reinforcement learning has been studied well
for motor skill learning and robot behavior acquisition.
It generates not only an appropriate policy (map from
states to actions) to achieve a given task but also an
estimated discounted sum of reward value that will be
received in future while the robot is taking the optimal
policy. We call this estimated discounted sum of reward
“state value.” This state value roughly indicates close-
ness to a goal state of the given task, that is, if the agent
is getting closer to the goal, the state value becomes
higher. This suggests that the observer may understand
which goal the agent likes to achieve if the state value of



the corresponding task is going higher.

The relationship between an agent and objects such
that the agent gets close to the object or the agent faces
to a direction is much easier to understand from the
observation, and therefore such qualitative information
should be utilized to infer what the observed agent likes
to do. The information might be far from precise ones,
however, it keeps topological information and we can
acquire good estimation of temporal difference of state
value with this method.

Then, we propose a novel method to apply the above
idea to infer the others’ intentions supposing that the ob-
server has already estimated the state values of all kinds
of tasks the observed agent can do. The method does not
need a precise world model or an accurate coordination
transformation system to cope with the problem of view
dependency. We apply the method to a simple RoboCup
situation where the agent has kinds of tasks such as nav-
igation, shooting a ball into a goal, passing a ball to a
teammate, and so on, and the observer judges which task
the agent is now achieving from the observation with es-
timated state values. The preliminary experiments are
shown and future issues are discussed.

2 Intention Inference by State Value

Estimation

In this section, a rough description of state value func-
tion and behavior inference is described. We assume that
the observer has already acquired a number of behaviors
based on a reinforcement learning method. Each behav-
ior module can estimate state value at arbitrary time
t to accomplish the specified task. Then, the observer
watches the performer’s behavior and maps the sensory
information from an observer viewpoint to the agent’s
one with a mapping of state variables. The behavior
modules estimate the state value of the observed behav-
ior and the system selects ones that matches estimation
of state value.

2.1 State Value Function

environment

|

action ac

Figure 1: A basic model of agent-environment interac-
tion

Fig.1 shows a basic model of reinforcement learning.
An agent can discriminate a set S of distinct world
states. The world is modeled as a Markov process, mak-
ing stochastic transitions based on its current state and
the action taken by the agent based on a policy w. The
agent receives reward r; at each step ¢. State Value V'™,
discounted sum of the reward received over time under
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Figure 2: Sketch of state value propagation
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Figure 3: Sketch of a state value function

execution of policy 7, will be calculated as follows:

inf

V(s) = thn .

t=0

(1)

Figs.2 and 3 show sketches of a state value function
where a robot receives a positive reward when it stays at
a specified goal while zero reward else. The state value
will be highest at the state where the agent receives a
reward and discounted value is propagated to the neigh-
bors states (Fig.2). As a result, the state value function
seems to be a mountain as shown in Fig.3. The state
value becomes bigger and bigger if the agent follows the
policy .

2.2 Basic Idea of Intention Recognition

goal state
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Figure 4: Sketch of different behaviors in a grid world

Fig.4 shows an example task of navigation in a grid
world. There is a goal state at the top center of the
world. An agent can move one of the neighbor grids
every one-step. It receives a positive reward only when it
stays at the goal state while zero else. There are various
optimal policies for this task as shown in Fig.4. If one
tries to match the action that the agent took and the
one based on a certain policy in order to infer the agent’s
intention, you have to maintain various optimal policies
and evaluate all of them in the worst case.

On the other hand, if the agent follows an optimal
policy, the state value is going up even if the agent takes



Figure 5: Inferring intention by the change of state value

an arbitrary policy from the optimal ones. Fig.5h shows
that the state value becomes larger even if the agent
takes different paths. We can regard that the agent takes
an action based on one policy when the state value is
going up even if it follows various kind of policies.

This indicates a possibility of robust intention recog-
nition even if they would be several optimal policies for
the current task. An agent tends to acquire various poli-
cies depending on the experience during learning. The
observer cannot practically estimate the agent’s experi-
ence beforehand, therefore, it needs a robust intention
recognition method provided by the estimation of state
values.

2.3 Modular Learning System

>
reward r

B3
BM2

BM1 )

environment

action a

Figure 6: Modular Learning System

e

15 behavior
E A ~ candicate
_§ 3 Vv Lselector) b
23 v
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estimation

controller

Figure 7: Behavior inference diagram

In order to evaluate a number of behaviors simulta-
neously, we adopt a modular learning system. Jacobs
and Jordan [1] proposed a mixture of experts, in which
a set of the expert modules learn and the gating system
weights the output of each expert module for the final
system output. Fig.6 shows a sketch of such a modu-
lar learning system. We prepare a number of behavior
modules each of which acquired a state value function
for one goal-oriented behavior. A learning module has a
controller that calculates an optimal policy based on the
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state value function. Gating module selects one output
from a module according to the agent’s intention.

2.4 Intention Inference under Multiple
Candidates

At intention inference stage, the system uses same be-
havior modules as shown in Fig.7. While an observer
watches an behavior of a performer, the system esti-
mates the relationship between the agent and objects
such as rough direction and distance of the objects from
the agent. Then, each behavior module estimates the
state value based on the rough estimated state of the
agent and sends it to the selector. The selector watches
the sequence of the state values and selects a set of possi-
ble behavior modules of which state values are going up
as the performer is taking the behavior. As mentioned
in 2.1, if the state value goes up during a behavior, it
means the module seems valid for explaining the execut-
ing behavior execution. The goal state/reward model
of this behavior module represents the intention of the
agent.

Here we define reliability g that indicates how much
the intention inference would be reasonable for the ob-
server as follow:

g+ 08 ifV(s)—V(si—1)>0and g <1
g=<y9 if Vi(sg) = V(sg—1) =0
g—0 iV(s))=V(si—1)<0and g >0

where (8 is an update parameter, which is 0.1 in this
paper. This equation indicates that the reliability g will
become large if the estimated state value rises up and
it will become low when the estimated state value goes
down. We put another condition in order to keep g value
from 0 to 1.

3 Task and Environment

Figure 8: Environment

Figure 9: A real robot

Fig.8 shows a situation the agents are supposed to en-
counter. An agent shows a behavior and the observer
estimates the behavior using a set of behavior modules
of its own. Fig.9 shows a mobile robot we have designed
and built. Fig.10 shows the viewer of our simulator for
our robots and the environment. The robot has a nor-
mal perspective camera in front of its body. It has an
omni-directional camera, however, it doesn’t use it, here.
A simple color image processing is applied to detect the
ball, the interceptor, and the receivers on the image in



Table 1: Prepared Modules and their state variables

Module State variables

GoToBall ball position y on the image of perspective camera

GoToYellow yellow goal position y on the image of perspective camera

GoToBlue blue goal position y on the image of perspective camera

ShootYellow ball position y, yellow goal position y, and angle between them 6 on the image
ShootBlue ball position y, blue goal position y, and angle between them 6 on the image
PassToTeammatel | ball position y, teammate 1 position y, and angle between them 6 on the image
PassToTeammate2 | ball position y, teammate 2 position y, and angle between them 6 on the image

blue goal

0 1)

teammatel teammate2

(=

o

perspective
vision

performer

omni

VI1S10n

observer

yellow goal

Figure 10: Viewer of simulator

real-time (every 33ms). The left of Fig.10 shows a sit-
uation the agent encounters while the top right images
show the simulated ones of the normal and the bottom
right omni vision systems. The mobile platform is an
omni-directional vehicle (any translation and rotation
on the plane). Table 1 shows a list of prepared behav-
ior modules and their state variables. The observer has
learned the behaviors and its state value estimator based
on a reinforcement learning method beforehand.

3.1 State Variables and Estimation

goal teammate

Figure 11: State variables representing distances to the
objects

goal

ball

A

Figure 12: A state variable 0 representing the positional
relationship between the objects
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goal

Figure 13: A state variable § when one of the objects is
out of sight

We use the distances of the ball, goal, and player from
the agent and their relative angles between them on the
image of the frontal camera on the robot. Figs.11 and 12
show examples of those state variables. We divide this
state space into a set of region to obtain state id. The
space of position value is quantized into 6 subspaces and
the space of relative angle between objects into 5 spaces
here. Behavior modules define their policy and state
value function in this state space.

performer

J

goal

di

ball

Figure 14: Estimated state variables representing dis-
tances

performer

6

goal

ball

Figure 15: An estimated state variable 6 representing
the position relation among objects

When an observer infers an intention of the performer,
it has to estimate its state. Here, we introduce a sim-
ple method of state estimation of the performer. Fig.14
shows the estimated distances from the agent and the
objects. Fig.15 shows the estimated angle between the
objects. The observer uses these estimated state for es-
timation of state value instead of its own state shown in
Figs.11 and 12. These estimated states with this method



are far from precise ones, however, it keeps topological
information and we can acquire good estimation of tem-
poral difference of state value with this method.

4 Experiments

The observer has learned a number of behaviors shown in
Table 1 before it tried to infer the performer’s intention.
We gave the observer many experiences enough to cover
all exploration space in state space.

4.1 Same behavior demonstration

teammate?

observer

State value V;

~-+-- GoToBall —=— ShootYellowGoal
---x--- GoToBlueGoal o PassToTeammatel
GoToYellowGoal PassToTeammate2

---&--- ShootBlueGoal

(b) State value V; of each behavior module
1.0

0.8 -

0.6 -
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T[sec]
GoToBall ShootYellowGoal
GoToBlueGoal PassToTeammatel

GoToYellowGoal PassToTeammate2

ShootBlueGoal

(c) Reliability g; of each behavior module

Figure 16: Inferring intention of a performer trying to
shoot a ball to the blue goal

After the behavior acquisition, we let the performer
play one of the behaviors from Table 1 and the observer
infers which behavior the other is taking. Fig.16 shows
an example behavior performed by another agent. The
performer showed exactly same behavior that the ob-
server acquired in behavior learning stage, here. The
bottom right agent shows ” ShootBlue” behavior and the
top left observer watches the behavior. The observer
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(a) An overview of the behavior
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(b) State value V; of each behavior module
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(c) Reliability g; of each behavior module

Figure 17: Inferring intention of the performer trying to
shoot ball to the blue goal in a real robot experiment

tries to keep the performer in own perspective during
the behavior. Fig.16 (a) shows the sequence of the be-
havior. Fig.16 (b) and (c) show sequences of estimated
state value and reliability of the inferred intentions of
the agent, respectively. The green line indicates the be-
havior of shooting a ball into a blue goal and goes up
during the trial. The observer successfully inferred the
intention of the performer.

Figure 17 shows a result of inferring intention of the
performer trying to shoot ball to the blue goal in a real
robot experiment. The situation and the result are sim-
ilar to the simulation and it shows successfully infer the
intention of the performer.

Fig.18 shows an example passing behavior performed
by an agent, a sequence of estimated state value of each
modules, and a sequence of reliability of inferred inten-
tion, respectively. These figures show that the observer
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Figure 18: Inferring intention of a performer trying to
pass a ball to teammatel

can infer the performer’s passing behavior (purple line),
too. The orange line indicates the reliability of going to
a ball behavior and it also goes up during the trial be-
cause the agent is continuously approaching to the ball
during the trial to pass it to the teammate.

4.2 Different behavior demonstration

The observer cannot assume that the performer will take
exactly same behavior even if its intention is same. We
prepare other different behaviors for the demonstration
of the performer. Fig.19 (a) shows an example of the dif-
ferent shooting behavior demonstrated by the performer.
The learned behavior by the observer is a zippy motion as
shown in Fig.16. On the other hand, the demonstrated
behavior is a more smooth motion. Therefore, the state
transition probability will be different from each other.
Figs.19 (b) and 19 (c) show sequences of estimated state
value of each modules and a sequence of reliability of
inferred intention, respectively. These figures show that
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Figure 19: Inferring intention of a performer trying to
shoot a ball to the blue goal with different manner

the observer can infer the performer’s intention of shoot-
ing (green line).

4.3 Comparison with System based on
Coordination Translation

In this section, we compare performances between our
proposed method and the one based on state estima-
tion using coordinate transformation system and tracing
state transition probability that is proposed by others,
for example [2]. In order to estimate the state value of
a behavior module through the observation of the per-
former, there must be a rough coordinate transformation
matrix beforehand. Figs.20 and 21 show a rough sketch
of the transformation system. In order to estimate y
position on the performer’s view image, the observer as-
sumes there are tiles on the floor, maps the positions of
an object and the performer, estimates rough distance
between them, and maps the distance to the y position
on the image of the observer’s view. Fig.21 shows a
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Figure 20: Estimation of y position of the performer’s
image

estimated
agent's
view
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observer's view image

Figure 21: Estimation of direction from a performer to
an object

sketch of estimation of direction from the performer to
an object. The lower right rectangle shows an exam-
ple image from the perspective camera and it captures
the performer, a ball, and a goal. We assume that it
can detect a direction of the performer on the image un-
der a vision system. We put a potential image plane
in front of the agent and estimate rough x positions of
the objects on the image of the performer’s view. Fig.21
shows that the ball is mapped to the left side on the
image and the goal to an area of lost to the right side
from the camera image. Table 2 shows the success rate

Table 2: Inferring intention performances of the pro-
posed method and the one with coordination transfor-
mation system

5 Future work

This basic idea can be applied for not only intention in-
ference but also cooperative behavior acquisition. How
to define a reward function for cooperative behavior ac-
quisition in multi-agent system is one of the most inter-
esting issues. The proposed method can infer other’s in-
tention and estimate the reward/state value of the agent
for each step. This indicates that the observer can ex-
plore some actions and evaluate how much they will con-
tribute to the other efficiently. Then, it can learn coop-
erative behavior based on a certain reinforcement learn-
ing approach without any heuristic/hand-coded reward
function by which it evaluates a reward of itself based
on the estimated reward/state value of the other agent.
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ShootBlueGoall 84% 24%
ShootBlueGoal2 78% 11%
ShootYellowGoal 86% 20%
PassToTeammatel 76% 34%

of intention inference of the proposed method and the
one with the coordination transformation system. The
proposed method shows much better results over the be-
haviors than the one with the coordination transforma-
tion system. ”ShootBlueGoall” indicates a case of in-
ference of shooting behavior identical to the observer’s
one. ”ShootBlueGoal2” indicates a case of inference of
shooting behavior but different from the observer’s one.
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