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(# 2) : http://www.kirin.co.jp/products/list/nutrition/softdrink/

NY



ﬁ*ﬂ(:l—t—\ £}b7$)

sixe-Z

P i
pbuﬂ
f/\.wa

BT v F—

-2

ﬂi;f?kzaﬁw? (X

Ea—E—
E?b/b

Jtnmﬁm/ INSFA—

@ fﬂniﬂg?frJ NoFv5 AN ST
WS 71—
PAZELLANAFOFN=F

i e A b b k]

1—97 —77» v
Al
yiaDh

-2

X 2. BLEET FVER ORI (2—/322)

FMELOBLEN D, EA B TV D 2
ENPERTE D, EANCET-, ARl &ﬂm 7 HiE
L. fELO R THIFEMELOB A D 2 DI BEL
TW5, FAKROBENT, B, ACEIOJFR B
ELTHA, REELLICHLEEND O RAf
T LTS, TNHOREREY, 3 —2
2 THERR L7277 MAVZERICIE. JFAEI O BT
VARIZE R = DAV /N2 S o ﬁk*ﬂr@
XAZZEELRWSENTE TSI EDHERT
=7,

5. N7 hVZER OFHE

HESE Loy A2 E 2 T AR Y v 7 LTz th,

K27 T AZ N THEGERBR 2TV T hLZER D
FHiE 35, 7 7 AX U 721X k-means & F
B 7T AXEITEA 04 558, BENT 53R DD
TAVEEEBRL 30 &7 5,

51 BNBEFT MEBDOISREZY T
Y RNVERNZ Y T A2 2~30 T k-means %
BWHL., UTOLEETZEOEETHRT D,

DO FZAZ Y TORER, METHPRLEZEE
NDTTAXEREAD Y T AK | FEEPEN
b GEND T T AXERWEEID 7 T R
2 LT,

@2 DD 7 T AKX O /1, Nz R,
MZTHKT TARICEENDFHE A, RIEHE
DT —HENOEARERBLE Y TAXTD
TALZ R OEE L T 5, f&iFE 5 %ﬁﬁ“ﬁ
JITAXRNOEERERIZ I T AXKITLIC
20 BT T AR T EKLEFDOEE LT3,

TI—/NRA 1 XY MVERTOY T A5 T
RE X 3 IZRT, it\%%m\ﬁézﬁmi
"R L7 A X 4,5,6 12T, TLF DK
%%ﬁﬂ\ﬁ%%ﬁ§<ﬁihéim3o@7§
AL DREHE, 2T LT D, FEMK
ﬂﬁaihéiﬁ37?%ﬁ’ifﬁ@3é fn
HARNEGEEND A3 7 T A X @3@
%ﬂu%iféf7m/hbfwé H%

AV S/ L) WT®77X&)/7F%%I
712, 2 ot B AL L= K%K 8,9,10 (2R,

2 3456 7 8 9 1011121314 1516 17 18 19 20 21 22 23 24 25 26 27 28 29 30

—— RIS HBAS K

X 3. a—/R 11X WNVERIFZARZY) T

X 4. 22—/ 17 NVERO 2 525 2 7 #kK=10)



::::::

[ 6. =—s52 12 MZERID S 5 25 ) v 7 T E=30)

1
09
08
0.7
0.6
0.5
04
03
02
01

0
2 3 45 6 7 8 9 101112 13 141516 17 18 19 20 21 22 23 24 25 26 27 28 29 30

95 X8%K

I
ﬁ

F o

- GEASERASE  —a—mREREEEE —e=flEFEEE

4

X 7. a3—/SRA2XJ NVERM I FGAZY T

D

8. :—-J/\“x 2 «“} M/%EF'EEJ?M 524 y&“ﬂ%ﬁﬂ:(kﬂm

LRy

[0 9. 2—/"% 2~y MLEHO Y T 25 Y v 7 EAEKR=20)

e

10.:¥/€7\ 2 m“% MVZERID 7 F A2 Y v 7 a4k (k=10)

X3, X7OEERD L, 77 AXEEHESS
T EICRERRL Y T A2 OREAELEF R, i
A T AZOMETEHENREA L, HioHE
RN L TN D, 7 T AZ AT 2
ET, LMD WERETHIEINTY 7 A B
MEEN DTG et RTE Lz D, X3 T
BT Y BEEEETWDEED, 7T AZEND
TR WERBEIZ B W T E R BN, 7 T AR HE
T EK 4 OFEICKRE BRI hoT2, 2
Wit vy N TIE, 7 T AXZEOEIMFENT
— X OGP RENCHEGR X b, o, a—
NA A, B EXBIL TWA 7D, 33—
A2IZHARTT =X OGP/ ESL, 7T AZR
a7 MZEEEH-TND,

52 75 A2 NELERS

RS LT X7 R IVZEIZ k=30 T k-means % fifi
L. &7 7 AZNTOELGEMRKE Z21T 5, FELE
OFHI I IZ=— 27 U » NEE#fE(E-dist) & =2 %A
P (C-disyEHW D, R 121ICa3—Z 1,2, X
7 MVERIZET S 23] DETDHIZ TAXN
ToO T3] OFEGEMREREZ T, FERIC,
F£34TlEa—"R 1,27 MLZERICEBT AT
o EH—F 100%Y 2 — A7 L—7| OELIFER G
RAERT, Rix. 3V A EBUE 2l EBE )
FWIEIZW TS, 2—27 U v RS FEN
HDONEFITITR T L TWDS, E4E2BEL NS
OFERTIX, WEEEEEHZ BV T, LRI E D
X2 ho Tz,

Bhh (2= 32 1) T, FEOHLE N E VD
DE LT, KEESLERLWSTZELLISMNT, H
VAR, Vr—_Ry hEL WV omESLEEL
TWDHZ ENERTE D, EALSHESMNZHE T
7T ABZNIMBEART ) VEANE L TV,
B (23— 3R 2) TiE, EHEELFRLZ 7 AXICX
4 OOFHBOHFENE L, A B S B A &
LOERATE TV D,

Bl (a—s321) | 100%Y 22— AT L—7D
HUERNE WL L LT, LT L—7REER
g TETWb, Efr5HLSMNTIE, 7L RR
DOREFEHE, REKELSINCE b~ FY 2 —2R
72 EDVE LTz, BB (= — SR 2) Tl FEUE
D N7 5 ELIAMT S 7 L— T RO R EZHCEANE U
77 AL/ LT\,



# 1. [FEHE) BEGEERER (2—21)

HEE C-dist E-dist
KE DA 110985 1| 1.308
FER 210893 21974
MY v I 310849 |3 |2314
Ty —~y h 410779 | 412749
a—tb—t— 510.758 | 5| 3.144

(C-dist: =¥ HEPUE, E-dist. =—27 U v FIEAE,
FREfEME 0O 22N & 5 T B IZJARUEENE 4 237, LA T [HD)

2. I3 BPEEESE (2—322)

HAGE C-dist E-dist
KE I 110960 [ 1] 1.268
ESSN 210901 |2 1.905
FEE 310.895 | 3| 2.040
a—t—F— 410.787 | 4 | 3.013
#£3. [100%Y =2—A7 L—7"] FALGERGER (2—/21)

BEE C-dist E-dist
raev 10027 L—>7 1099 | 1] 0317
INA =100 7 L— 210995 | 2|0.347
RUA NTL—T 310914 | 3| 1.564
ayva— K7L —F 410.866 | 4| 2.428
v AHy T L—TF 51086152436

#£4. T100%Y 2 —RA 7 L—"7 | FEFEMRER (2—1322)

HGE C-dist E-dist
FrEH—F1007L—7 | 1]0.99 | 1] 0.306
NAX—100 7 L—"T 210995 |2 0.346
RUA N T L—T 310914 |3 |1.536
aya—RJ7L—>7 410.859 | 612535
~Ay N L—=T 510898 | 7|2.584

53 BMHEEERS MHEE

word2vec TIXFNENDOHEL SBHEHR L L
TRY ML L TWA =6, HEEMTHONRT L
HEENARE L 72D, X7 MVIEREOF L LTI,
King] - Man] + Woman] = [Queen] ® X5
2725, BEEORT MVEENG, X7 K LVZEfH]
DO ZITH, ZZ TlX 3 2OHEZAL, =
A HERE, 2—27 U v REEBEC XV 4 HEE
ZHERT 5 e A AT O RS R 2 K 5.6
W9, RSIE, (7477727 1774
THh7 =77 PHROEKBO LW 2 A
DLiRTH D, £6lx HEI7V—4] m—
Nr—=x%] [HEFaza] ZANLERBRTHS,
P B ik — XA | THERR L7227 b V22
e, B & FRERIS, A R A dh
PUERBEWIAIZIERTWVWD,

# 5 TIL ACBHHEE CO B 24T > T\ 5,
RO —b — LD 3 — b — RO A
ASE LT t2 o BTN DAL NI T 5,
aY A VHEMEORRE R, ST T 40—,
TRAF Ly VT 4 — W T ORA TS T
X ARk — 2 U REEBEORERIZB W T,
IHE DR DEGF CE 7o, Fo, MEBEGEEZ

oA BAL 5 HFER, 4 HEEIXFE UHEEN RS
T&7,

F#6 TIX.ETHIEBECOHRBEELZIT> TV 5,
HLIEMELE ENNSEN D E T ORRE AT
L, WhE LTFa aRoELRHEGT
x5, RARDL AT g azflios-HmH1 NG
T&7z, £, WG COME BT 5 HREH,
3 HREILRE UHGENRG CE -, Aifins 7 A4
PELGEM R R L AT, 30 ke ke
MIZBWT, =—72 U v NHEEEROAF M R
T&7,

#£560EoIC, BTITYNTORY MLEE
IR LR RS D Z N TE N, B &K
BHHEFEAZ BB WNERY MAERZ1T O & W5 L5
HIIB LN oTm, ZHUTIE, B, BN
A SEDEMEBIOREN R D7D TH D, #Hlz
ELE E WD MEHE, BTl L THRLS
NaR, EFTlHLrE U R cREEhs 2R
2\, BT FVETORY MUVERZAREICT S
123, BEWOEREZEOWDNER L, H—T D4
ERHBEEZLND,

(7 AT T [ T7 AT H 7277

= [P OMAEBO LWVEE] . 2
5. X7 MVEERER 1
HEE C-dist
BRI N T 4 — | 1]0.739
PR DAL 210724 |8
WKE[EIN T T 4 —
BRI IREARS 3
IAF Ly IT 4—
BRI IREARS 4
BTN VT T —
R DRI 5
AML—FT 14—

E-dist
3.797
4.240

0.719 | 4 | 4.003

0.718 | 3 | 3.985

0.715 | 2 | 3.893

e ) —A)  To—nNr—%) = HAEFaa) 2
F# 6. N FVIHERER 2
HEE C-dist E-dist
WY 1] 0.684 5515
Hh—vaaz 210673 | 5 | 5.581
TxTI—h 310.661 | 20 | 5.951
By T —% 410659 | 6 | 5597
Faal—hkr—=F% 510658 | 2 | 5524

WA, 2 5128 D LB B OALE BRI DU
T2 W RICA b L= &2 11 (2R"d, 4Rl
EADD 3 HELHAUEN RLEVLDERRL
Tay MZE, ANHEFEL . FEEE AL S HEE
FRTFR LI, 30 RICDOT — X % 2 IRTT E TIHEAM
L7272, MRERYATR S X2 b0y, o—¢k
— & H T 2 A L OBRENREAICHERE TE D,

o



41&7)%123 NIF 14—
AP ATHIIST

S ATFS 4,

. FRONESNLLES |

11, R E 2 Yot TR
6. L

AR CIL, B EFEOIELIMEICE L TE R
7 MVERMOBEZHNE L, YRk —4ND
WEAEER L. word2vec & V=7 R LZERD
WA {ToTe, o, WEELZ 2 DO 7 hLZzE
RUNC T AKXV T ERRD T & W TE DR
MziT>72, BT 3V ZHRIICEE S a—
INA ] T, EA, BN KRELS DBET 57204
7 TYNTOELGESFEE R, 2—RXX 2T
R LT FVERITE, 73V op8ER<
B HEE IR Z A B B 55 ’fﬁf%f_oif_\%ﬁ
72Xy N VZER R T IEL VAL —HT
RS B S, "qéﬁéW@% 25T ETH
FF9T 57 MVERIOREENFRETH D & oo
7o

S%OMEE LT, B, fBHHTH X2 bbb
BEENARE L 72D K 9 77 MVZER OREEED 25
Fohbd,

B W

[1]Tomas Mikolov, Kai Chen, Greg Corrado, Jeffrey Dean
“Efficient Estimation of Word Representations in Vector
Space," ICLR, 12pages, (2013)

[2IARAKHE I ik 2 Tword2vece & K D HEREXGE > AT
LD 8 2 18] iHR #FFES,2 B ,(2015)

[B1REr M AR B KAE fd (RS HEE~7 MLVZER] &
Z OFHME ] L% 6 [a] iHR AF7E4,(2017)



—MmAEEAN ATHREZES
Japanese Scciety for
Artificial Intellicence

AIHEZEMESER
JSAI Technical Report
SIG-Challenge-048-2 (5/6)

RoboCup %Y h—ICE T 2BMAUEBEBRICEDVEAB 74— X —2avVEAE
Opponent’s Formation Identification based on Position Information for RoboCup Soccer
B8 29T, 5 T, U =A
Takuya FUKUSHIMA {, Tomoharu NAKASHIMA, Hidehisa AKIYAMA
KRB REE +, fRRERE §

Osaka Prefecture University}, Fukuoka Universityi
takuya.fukushima@edu.osakafu-u.ac.jp

tomoharu.nakashima@cs.osakafu-u.ac.jp

akym@fukuoka-u.ac.jp

Abstract

The aim of this paper is to propose a method
for identifying the opponent formation type in
an online manner during a game. To do so, op-
ponent teams were clustered according to the
position of their players. Each cluster is in-
vestigated to determine the difficulty for our
team to defeat such a strategy. Then, an iden-
tification model is used online to determine
if the opponent team adopts such a strategy
or not. Furthermore, we also investigate how
quickly the opponent formation can be identi-
fied. Through a series of computational exper-
iments, it is shown that the model can iden-
tify opponent formation type quickly and accu-
rately. Therefore, we show the effectiveness of

the identification model to switch our strategy.

1 ELC®IC

Ry b TH e N THIREO SIS R 70y oo h &
LU T RoboCup [1] BHIS TS, RoboCup 1213k~ 7
D—IWFELTEY, TNETND) —ZIZBWTIERIZ
e, B rhNT\Wd. ZDOHhD—D2THD RoboCup
Yy h—)—=ITlE, ZEBIIBENT220TIEERLS, B
KLZEUVTHHT S ZENEENTND. T VA AR/EN
DETIELNMMZF>THATD LD E, BELT—
RO BIZ LD ETIEEREH L THRIZO AR
M5 % EKT 2 Z LA RoboCup DHELEZ L EHT 5.
ISAX R TNVEDITE % Wl 2 (2, 3], HFOTH %
FHUTREREZITD [4], HFTF—AIZEDE N
L[5, 6], LWORENERL BBIEMNOHED ST
W3 [7].

BAE, ¥y h—>3Ial—YarvoD VY —2JTlk, BF
BF—LDEEZMA D Z EIZ&Y, LREEHRWMTHIE
ELTWD., BAIZIZAEEDH D -8, 1 DO TET
DF =L O L IINHETH S, TD=8, ZE LB
FNZIE, HEF—LIZ/ U THEDR VT2 2 5 Z &
PEMTHD. BNREMEZBIRT D202, BHF—4
DEBOM =2 HEL, HFF— LD % JMd, Z
NIZHUTHF— L2021 22081 HD. HH
FF— LD % F R MO 2 ) &2 52 LT,
RAZEMCHED D Z IR S.

AELTIE, MHFF— LD % Bl 5 FIEIZHER
ZHTD. KO EHMNIE, BHF —LOWMAIHFEF— L4
CHHERENNE S N2 WL THS. HFEF—L
EDOMMEEFANRD 7-DIZIE, HFEF—L2 0 LURTIUE
BB, HFEF—LOWHM T8 Z € T AL UGRAIS
BHZEIEHED HNT WS [8] A, AT T+ > TOMAMIZH
WHNTWS., HFEF—LOEIMNITRENhFE S ETH
MHERBND, AT AY TV THlT 2 Z &2k
HoND, TITARBRITIE, AT THITZEID
BT, Wi TV A YDORY Y a= v Jick->THk
BINDEDLEL, HfiEERICEHTS. £9, M
MEERIZEDODTHTEF LD 7 AR VT 2T,
HF —LABAEEETE I A— A=V a v E#HETD. X
2, HEF—LWPREBERIA— A= a3V THENED
MEX IV THWT 5720, BAIETNEHBETS.
AT TN DOEBRORAIZB I D2ENMEEZRT D, &
TR & R R DR E MREET 5.

2 RoboCup
2.1 RoboCup #vh—>Ial—>ary 2D =4

A TlE, RoboCup 4w AH—¥Ial—¥av 2DV —
TEMNGE$S. YIal—va ) —2% RoboCup £l
BLYIN ST DHREHEN) —FD1DTH5. 2D V) —



JTIREREZEHYTT, JVa—2RNICHEIN IR
TP ZREY Y H—T =V REL, AROIZ—V Y
Ne LAY e UTHHE%2ITS. £/, LAY R—IL
DALE & EEIE R T RN ML L TERINDS. 2D
) — 27" TCl%, kick, dash, turn R ¥ OHEflIN~-av
VREEAGHE TS, X112 2D V)= DREDORET
2T, AAIXETEE 3000 Y1 ZIVEOEE 6000 Y1
INMHRS. 1317V 0.1 BTEEEBILINTWS.
AZE e iu el S = S s o g b i VA U ad sEh e N N
LTTar I 53N T05, &7V A VITITEBED AR
CABRIZHE AR EINTE Y, AGOHBENTRB TS
ERICED X, SEERSERING. /2, o7
AYRI—F WAL —I L UTHLTVBIEHRZ
EHRE UCTHHTE 5. 2405 ORI 0 B 5 W h
574 =)V RIEWEFKL, ZHZEDSERY TP
ABRYEDEEREEZTT. UL, SHEBRIIE 1A
HEN, FHELSNBREERTLZIENTIRN. RN
WIZODWTEHERIZZETEDLIDITELL, I—FOD
AW —I3lE 7L A BT EE E TIOBES FET
5. TDROD, TVAYIET 14— R EDIEMERIER % 3
FdaZridTexiw, — AT, I—FIET74—IVRED
TRTOWEREZ ) A ABUTHETZ N TEL-0,
FHER 7« — )V RERERRTL2 LN TES. BT
VAIRIZB D TV A Y ADOREERICIZEBENFELL,
EEHIPRINTNDED, N—=T XA LFHZBVWTE, 7
VA VIZHIRICIEREEET D LW AETH 5.

7z, REBCRRDIEHEZR DT LI YDOEY I
52560, BF—LWRIVavyoELEzir>. Z0kD
2o VR LBEENE L, A YIS BRI
DBENZ ) A AP hD 2 ehd, A—OREHFETH -
TH, RAWITHRECHENRLD.

1: Soccer simulation 2D league

2.2 H&EOY

AAD I, RoboCup WY —Y¥3al—Y3v 2D V—
TJIZBVWT, AERTRBRIZY -5 AOINE 771
NTH2. 712l &7 VAYOREEERFY 7
TXLHPALE L VDN F A—&, F—LADIRKE, Y12

(player_type (id 17)(player_speed_max 1.05)(stamina_inc_max 51.6181)
(player_decay 0.459447)(inertia_moment 6.48617)(dash_power_rate 0.00489698)
(player_size 0.3)(kickable_margin 0.643989)(kick_rand 0.0439887)(extra_stamina
85.5322)(effort_max 0.857871)(effort_min 0.457871)(kick_power_rate 0.027)
(foul_detect_probability 0.5)(catchable_area_l_stretch 1.03085))

(playmode 1 kick_off_1)

(team 1 opuSCOM NEO_FS 0 0)

(show 1 ((b) 000 0) ((11) 0 0x9 -49.1109 0.0076 -0.0444 0.003 -92.301 90 (v h
180) (s 8000 1 1 130555) (c0169017111001))((12)110x1-18-500 7.368
-3 (vh 180) (s 8000 0.941673 1 130600) (f111) (c0050015110001))((13)8
0x1-18500-38.621 26 (vh 180) (s 8000 0.805717 1 130600) (f111) (c 00500
15110001))((14)70x1-18-1400-5.57 (vh 180) (s 8000 0.944233 1 130600)
(f111)(c0050015110001))((15)160x1-181400 7.083 2 (vh 180) (s 8000
0.876201 1 130600) (f111) (c0050015110001))((16)40x1-1500 0 29.599
1 (vh 180) (s 8000 0.996398 1 130600) (f111) (c005001511000 1))

2: Game log

VEDT LAY e R—IOMERPHEDER, TLAY
DOfFE), LAY a—FROBERDOEEF L V> /23
HEFHOETOEBRNEEINTND. TDd, FEen s %
WS TRTUZRE2HETEIENTES. £
BROBREBD 72X 2125R9. HM20&D1Z, RAEen sk
AETDOFBBEN LTI TREINT NS, TDD, O
WS BB ERIERO A Z M T 5.

2.3 BEHR

RoboCup v H—¥3alb—Yay 2D )—rTlX, ¥
MRy a=r 7, HFEF—LODHIZBT Dk~ R
BT HONT VD [8]. HFEF—LDHHIZET DH5EI,
74—V REDTRTOHERE /1 XX LU THIFTEDS
IA—FT—VxV bEHNTTONDIGEN—RTHS.
ZO—HlE LT, Gregory & [9] ldIREAZHNT, T
A VIZHEBERSED T RNA A%4T5 I—F Z2RHFEL /2.
72 Ramin 5 [10] (3N —I)V & Wz ZHF A= h TV AT
LEPRERE N O —FHFOMWE 217272, Mazda
5[11] & E7z, BOTEITFRIOE T INVLEITEL 72, Ml
BERBTLZ2012, RYYVaz VT IZEHUATENED
MREINT WD, FIZIE, Luis & [12] IFHF— A DK
MIIEUTCHRY Y a =V VR ETHT LI FEEREELTH
%. F7/z Akiyama 5 [13] &, Delaunay Triangulation %
AW R —IALEIZIED S TV YORY Y a = JFik
ZIRELTWVWS. HEF—L08MOHIZEIL T, #lxIE
Riley 5 [14] %, 7 LA YDORI Y a v, RUT
VEiiskddZ ell&Y, HEF—LZHMINTLFEEER
LU 72, =6 5] 1%, Fv 7IEHRICEH U Tkl
YOBZ %17 FIEERELZ. Visser b [15] 17 A+ —
A=V avE#HT M ET ok, ULMLANS, HFE
F— DM % FRHEFRIHW T2 LIETEI TR
W, ZD0, AT E Y ) A S 201X, HE
W<, EETHW AR FENBETHS.

3 Jx—XA—YavERE

ARFFETIE, BAHE TV A YORY Y a=v Jic k) REL
INDHLDEMRET D, HTF— LD B 512



&, 74— A=Y aVOREEELSIAD2BENDHB.
AETIE, FTWIA—A—Ya VEEOHMELSHIAL,
RIZERNZ WD FEIZDOWTUTIZHAT 5.

3.1 BIBBERICESW =T —yiH

DT 7= A=Y aveBERHITE720, M3DELD
WYY =74 —=I REZ1)y RRIZHDETS. 1A
NVEIZE T DY RNICFEETDIE T VA Y O N %GR
T3, Z7)y RBIHHE U E2HEETS. ZOMEM

Z, FEICHCAEZY S 7 VBIC LD EIS Z L TEBEE
KbDD., ZOVHHEEARAERTOANT—R L LUTHES.
BIZIX6 x 4 1ZENU7ZBRI%, 24 IRITENRT MV DT—&
MEBEINDS.

Hewosa01s o

3: Discretization of the soccer field by a grid of size
6 x 4.

3.2 TJA—A—TavOHEBINETIV
THA—A—=aVe#HNT220DTETINEHMETD. &
BETIVZEDENEEFAET D720, EHOBEWEETF
FIZED BTN 2RSS, ETIVOMEIZZ, —a—3F
N2t b7 =2 (NN), ¥R—=tRXT7 L=V (SVM),
FVELTFH VAN (RF) ZHWT, &by EE%21TS.
ITNTNDT—=RIINT 2T UMK, HEF—20
THA—=A—=aVBATIZE>THRET D, TS
DHEIZONTIZ??ET, T — & OIERIZOWTIE
4BETHRBTS.

AL T, R—=IVOLEERBENZEPrbST
BRUSKE D DM RWGE, BIGOMMENENEEHRL,
Mz BRI THD LTS, m%%—Aﬁ%%
U BEZDOMENE S N EHAT D202, AEnon»
LHF—LADR—NVEEREHET D, TV I &iTo27
LALYe, TOWIIFY I %2t VA YHE—F—2L4
TH25E, TOEDYA I7INVIEFY 7 2iT7o5/2F— L0
R=VZ2EHLTWEEDETE. NMEEE 2K TIHE
%, N(1) LEHTD. 22T, kidlGHIIBIZHF—
LDR—INVEERE p(k), fFm% g(k) LBL.
= d(g(k)) - p(k), (1)

score(k)

«

1 (x=0
d(z) = { (=0 (2)
0 (z>1).
BEORET 76K (1) 25H8E L, TOFEEL R
UEDF—LZHMETID) BEZONRF—LELUTHS.

3.3 BAEIEBRICEICF—LDEE SN

AT, MEHERICEDIDSHFEF—LDOHEFEICD
WCEHHAT 5. MM OE W F — AMTIZ B 1 D R 2
TA—A=Vav A TEEET D0, 3.2 Hi Tl
DEZWBBETHD LHUBIINAEZF—LENRIZ, 75
AR VT HEFTD. KX T, 77 AKY) VT D7dIC
BEAD ARG EZHND. BEHTT AZAHEDINA I8—)3
FA—=RIZEM 7)VIT) AL EZHANTRE/LT S, K
7 5 AR HEF Calinski-Harabasz FEHEAE [16]) 12 &k > Tk
E$ 5. Calinski-Harabasz Z¥EETIEY 7 A X NDELE
7S ARBSEDOLE NS,

3.3 HIOFEREMNS, 3.1 HITHRAR U 727 — &I T R)VAt
FEFS. IhEHNET VORI T—2 L UTHKS. F
72, FRIVOIIEHE Y T AR BUTHERNT 5.

4 HIERR

AKX T, EBRORGD 72 HOTRIEERZ/T>. £
T, AT BERAORKTHEF—LD> 5, FHEKR
TA—A—=aVvENMETS. RIZ, BEYREAMNIE] )
2570, BAEBRE AT 7 A—A—Ya v z#0d
. ZOBE, M7 A— A=Y a v OBINI BB A 2
BERBEET 2720, T Z7IVEBUZ & 2R DZE(L% HE
T3, F72, VY RBUC L 2RO LLZ2HET .

TH—A—avDPLE

AKETIE, WOV BEIDLBETHEITF—LDT +—
A=VAVERETDE. RET T AZBERETIIL
T, BHRE 7 A —A—Ya vt HiEdT 5.

4.1

4.1.1 EBRERE
RED0ZEAMERT S 72OI1T, HELIOS [17] &
CYRUS2014, InfoGraphics, HERMES2015, Glid-
ers2016, FURY, HERMES2016, MarliK2016, Ziziphus,
FRA-UNIted, WrightEagle, Ri-one ® 11 F— A%
200 AT ORI E L. REBRTIIFATCEDOADKED
J% AT 5. HELIOS IXAMZEE & ki K523 I H
THHAELTVWEF—ALTHD. iDF—LlE RoboCup
2014-2016 IZHIZBL 2 F— LD S b, 3.2 HiDFHEN S
M) B2 IR EL WL ~F— AL THS. CYRUS2014,
InfoGraphics (¥ RoboCup 2014 (2, HERMES2015,
WrightEagle (& RoboCup 2015 (ZHB L ZF —ALTH
5. Gliders2016, FURY, HERMES2016, MarliK2016,
Ziziphus, FRA-UNIted, Ri-one (% RoboCup 2016 (ZH}



BUEBRFOF—LTHD. 77 AXE% 2-10 HOR
TZ{LX Y, Calinski-Harabasz F¥EED TN 5 AR
Brir 7 AZBoEMLE 35, ANHWT—22 LT,
T4 =V R%E30x20 D7V RRIZHDEL/ZE D% F]
HAUT, 7—X&EKT 5.

4.1.2 ZHERER

FERFERZH 4 1R, M 4A»SEREY 7 AL BOB
L UT3ERIFANEBZOND. VTR E 3 L L
LE, M5 EMOESIZT—LRIZETOT LA Y EED
5 5P % W E U 72 F — A (CYRUS2014, HERMES2015,
FURY, Ziziphus) &, X 5 FROD & 5 IZ—EHRIZULT
IN=RAZBi DB T A= A=Y a v DF — LA (Info-
Graphics), ZDMMDF—L > 3 FEHIZHHEI N/,
DIARKE 4L U EIE, 77 AZE 3 OFERITIA
T, FRRIC—ERRRICESNF — DB 7227 5 A2 L LT
I N7z (Gliders2016). InfoGraphics & Gliders2016
DENE UT, Gliders2016 1R —IL & {£F59 % & B
1282 DIZx L, InfoGraphics I&AR—IL 2 H#E L TEH K
DTIRNZENEZLND. TD7/-d, InfoGraphics &
Gliders2016 2R U7 4 —A—> 3> & UTH, fHoEs
FARBUT3 T B, P, M5 EMDOES BT A —A—
YavoF—Lk “wal”, K5 FHDEI BT H—A—
vavDF—Ah% “line”, TH>TRNF—L% “normal”
EIERZ LT 5.
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4: Variation of the Calinsky-Harabasz index accord-

ing to the number of clusters.

4.2 TA—A—2 3 VER
AT, FEER41OFEZEE 2, BAEBRICES X
TA—A=av#air>. V54 TOHEANDE
B Z R 20, BB & BN EOBRN 2 REET 5.
72, 7V RBUZK2BAROE N ZHETS.
4.2.1 EERHBTE

EEi 41 OFERZ I F 2, wall, line, normal ® 3 27
S AHMEITD., 74— R%E6x4, 12x38, 15 x 10,

1C

5: Typical defensive formations. Top:“wall”, bot-
y

tom: “line” .

24x16, 30x20 D 5 FFED 7 1)y RARIZHEIL, HbliT—4
ZMERkd 5. HELIOS & RoboCup 2016 IZH5 L 74T
DF—2L, CYRUS2014, InfoGraphics, HERMES2015,
WrightEagle D 19 F— A Z XX, FiEOADRAD
TR AERT S, 4.1.1 HOB L HEKIIZ, CYRUS2014, In-
foGraphics 1% RoboCup 2014 {ZHIF L /2F—AThH Y,
HERMES2015, WrightEagle & RoboCup2015 {23 L
F2F—AThb. wall DF—LD>H, CYRUS2014 &
FURY 33K AEICE > T2 LTS, D, Z
D2F—LIIRUTIEEF—LBEEHTHIDHEDA
DTF—ZEHND, TNEFNDT F AR LT, #3000
fEon ZnoAEERE ML, BT —2 & UTHD.
T—=RD T NIV ITIE 4.1 HIOFERIZHKES . 7~V ITD
—ExK 1ITRT. ##E2 UTNN, SVM, RF ZHw
. AR DINT A =R IEFHEBROMERN LR 2 D &
IIIRET B.

3

7% 1: Opponent teams’ formation labels

’ Opponent Team H label ‘

CYRUS2014 wall
HERMES2015 wall
FURY wall
Ziziphus wall
InfoGraphics line
Gliders2016 line

others normal




# 2: Hyper-parameters used for the classifiers
‘ Classifier H Parameter H Setting

Activation function Logistic function
Optimization algorithm L-BFGS method
Structure 3 layers

NN The number of neurons in Input layer The number of grid
The number of neurons in Output layer | 3 neurons
L2 penalty 0.0001
Tolerance 0.0001
Kernel Linear

SVM Penalty 1.0
Tolerance 0.0001
Criterion Gini index

RF The number of trees 10
Sampling Bootstrap

4.2.2 ERER

FRAERZ X 6-10 1TR9. X 6-10 T, 71—
VR%Z6x4, 12x8, 15x10, 24x16, 30 x 2024
EU G EDOEREEZEL TS, E07 )y RBUCE
WTE 1500 Y1 ZIAHENS, IHLTWD Z LD h
. YA 2NVEDT D% E X, BRI & BERDE
WEdHFE D RSN, NN & SVM IZDWTik, 7V
REUZHBIL, DR A 7 NVETOFEANER G, 2
DI EinG, VY RENZ L, &Y REOBRETHE
NHBETHD WD, £/2, RF LHEBELUTNN &
SVM IR IZBBERY A IR DIBRNZ LB h 5.
—4, RF TldY 1 2 IVEMBDRNEE, NN, SVM &t
U CHRABENAMERN. ZDZ s, RE 21T 512
EHIEEDT —XEBNBETHDEEIOLND.
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Abstract

This study ! aimed to improve the precision
of multiple robots’ self-localization in the stan-
dard platform league of RoboCup, i.e. a robotic
soccer competition. For improving the preci-
sion of the self-localization, we proposed a new
technique that uses an external camera out of
the field for assistance. Robots in the field
use the unscented particle filter that estimates
their position from some landmarks. When a
robot equipped with the filter cannot recognize
any landmarks exactly, particles spread and
the precision of the self-localization decreases.
Therefore, the overlooking camera out of the
field observes each robot’s position. When par-
ticles spread, the external camera estimates the
foot position of the robot, and then the robot
sprinkles particles on the neighborhood again.
In this way, even if a robot cannot recognize
landmarks exactly, assists of the external cam-
era revise the position of particles and improve
the precision.

1 Introduction

The RoboCup (Robot Soccer World Cup) project sets
a goal that a fully autonomous robot team shall win
against the most recent winning team of FIFA World
Cup in soccer by 2050.

The RoboCup Soccer Standard Platform League
(SPL) is a league that all teams compete with the
same standard humanoid robot called NAO developed
by Softbank Robotics[1]. The robot operates fully au-
tonomously, that is with no external control, neither by
humans nor by computers. In RoboCup Soccer SPL, the
robot must process all the calculations on vision pro-
cessing and decision making using low-end CPU (Intel
Atom 1.6GHz). In addition, the robot must devote a lot
of computation resource to percept a white goal and a
mostly white ball in vision processing. Each team has

1This paper was submitted to SICE Annual Conference 2017.

1

five player robots and optionally has one coaching robot
that can send instructions at a perspective view from
outside the field. An example of the positional relation-
ship between the field and the coaching robot is shown
in Figure 1.

In RoboCup Soccer SPL, a self-localization mecha-
nism that estimates player own position and orienta-
tion is required. We use the unscented particle filter
(UPF)|[3] which is currently a mainstream method[4] for
self-localization. However, a robot cannot accurately
grasp any landmarks, then particles do not converge, so
the estimation error of self-localization becomes large.

In addition to the conventional method, by using the
coaching robot as the observer, an area where a player
is likely to exist is specified. We propose a method to
promote convergence of particles by correcting the coor-
dinates of scattering particles based on the information
from the coaching robot. From this method, estimation
error of the self-location is assumed to be suppressed
when the player cannot accurately recognize landmarks.

Figure 1: Coaching robots can observe the almost whole
field|[2]

2 Unscented Particle Filter (UPF)

The UPF is a combination of the unscented Kalman filter
(UKF)[5] and a particle filter (PF)[6]. The difference
between UPF and PF is that UPF is used the UKF for
updating each particle.

The UPF estimates the position of the robot by using

(@8]



a finite number of particles assumed to be the robot. The
first step is motion update step. In this step position of
each particles is updated the by using robot motion in-
formation. The second one is measurement update step.
The robot calculates the weight of each particles based
on observation information. The third one is resampling
step. It sprinkles the particles according to the weights.

3 Proposed method

When UPF cannot accurately grasp landmarks, particles
may not converge. When such a situation occurs, the
coaching robot behaves as an observer, assists to esti-
mate the self-localization of the player from the outside,
and encourages the convergence of the particles. The
flow of the proposed method is shown in Figure 2.

E]:i Player Robot

Motion update step

[ Measurement update step |

Coaching Robot

Correction step

The evaluation No

criterion is satisfied?

Resampling step

Figure 2: Outline of proposed method

3.1 True perspective image

At first, the coaching robot gets a perspective image as
shown in Figure 3. Then it is transformed to a true per-
spective image by using homography transform[7] (see
Figure 4). Since the homography transform requires
more than four coordinates on an image, the coaching
robot will select more than four points out of 17 candi-
dates, i.e. four corners of the field, eight corners of the
penalty areas, two penalty marks, two intersections of
the center line and the side lines, and a point of the cen-
ter mark. In Figure 3, we use eight points by indicating
red circles.

Figure 3: Original image with known positions.

Figure 4: Homography transformation

3.2 Estimation of a player’s position

We estimate straight lines with a high possibility that a
robot exists. Only the jersey regions are extracted from
the transformed image. Then, the regions are denoising
by opening processing[8] (see Figure 5) and Increasing
connectivity by closing processing[8]. After that, we ex-
tract regions of the own team’s jersey, they are certain
that the player robot will be on the line calculated by
simple linear regression analysis (see Figure 6).

Figure 5: Extraction of uniform

3.3 Estimation of a player’s foot position

We estimate the foot of the player robots and use it
as the reference of the position at which particles are
resampled. The foot position of the player robot is esti-
mated as the bottom point of regions excluding the field
on the line(Figure 6). We transform the color space of
the perspective image into L*a*b* to detect the color
of the green field. L* stands for lightness and a* and

b* are chromaticness index equivalent to hue and sat-
14



Figure 6: Straight line expressing rough robot position

uration. The color approaches red as the value of a*
becomes high and green as it becomes low, and yellow
as the value of b* becomes high and blue as it becomes
low. We binarize the image of a* by Otsu’s thresholding
method[9]. By doing so, we extract regions other than
the green color of the field. As applying the homogra-
phy transform to the image, the true perspective image
is shown in Figure 7. There is a possibility that the esti-
mated position of the feet may be displaced by the line
of the field in Figure 7. Therefore, the region of the mov-
ing object is extracted using the background difference
and the position of the robot is specified. The region of
the moving object obtained from the background sub-
traction is shown in Figure 8.

The region with the most continuous region of Figure
7 on the straight line is extracted. The lowest point of
the region of Figure 8 included in this region is regarded
as the foot. The estimated foot position is illustrated in
Figure 9 as a red circle.

Y sy

Figure 7: Image except green field region

Figure 8: Background subtraction

Figure 9: Estimated position of robot’s foot

4 Experiment

We verify whether the player can be assisted self-
localization of using images acquired by the coaching
robot. Firstly, it is evaluated how the estimated foot po-
sition is closer to the true one by comparing the proposed
and the conventional methods. Secondly, after correct-
ing the position of the particle by the proposed method,
it is verified whether it is close to the true position as
compared with the conventional method.

The experiments were conducted and used two players
under an LED uniform lighting environment with natu-
ral light. We use the OpenCV 3.1 library as a tool for
image processing. The value of « in the normal distri-
bution in Section 3.4 is empirically set to 8 in order to
prevent particles from spreading. The number of parti-

cles is 12.
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3.4 Determination of resampling position

Based on the estimated foot position, the locations where
particles are scattered are determined. Taking into ac-
count the error of the estimated foot position, the posi-
tions of particles are determined according to the normal
distribution as given by Eq. (1).

1 (z — p)?
exp(——2
\V2ro 20

where p is the mean and o is the variance. In this paper,
the value of y is defined by the foot position x, and the
value of o is set to 1 / a. The particles are gathered into
the foot estimated by increasing the value of «. Based
on the above, the positions of particles are indicated by
yellow circles in Figure 10.

fx) = ) 1)

Figure 10: Resamped position of particles

4.1 Experiment 1: Verification of the accuracy
of the estimated foot position

When distributing particles using the proposed method,
the estimated position accuracy of the estimated foot
position of Section 3.3 is important.Because the coordi-
nates of particle resampled are highly based on the foot
position. Therefore, we verify the accuracy of the esti-
mated foot position using the proposed method by mea-
suring the actual foot position. In addition, we compare
the estimation error of the self-localization with the con-
ventional method.

In this experiment, two conditions are set in order to
see the change in error according to the distance between
the coaching and the player robots. Therefore, we esti-
mate the foot positions of two robots simultaneously. As
shown in Figure 11, the robot is placed, the robot A is
closer to the coaching robot, and the robot B is far one.

In the experiment, the robots follow a path as shown
in Figure 11 where landmarks such as lines and goals
are difficult to recognize and self-position estimation be-
comes difficult. We set the player robots in the red circles
as the initial state and walk to the blue circles according
to the red arrows. At that time, self-position estimation

is performed using UPF. When both the robots reached
the blue circle, the coaching robot estimates the foot po-
sition of the player robots. Experiments were carried out
three times and the errors against the true position are
averaged to compare the accuracy.

Player
c Start position

cEstimated position
under the foot

G Coach position

*The line in the circle
indicates the direction
of the robot.

Figure 11: Routes in experiment 1

4.2 Result of Experiment 1

The experimental results in Experiment 1 are shown in
Table 1. Improved rate in Table 1 is obtained from Eq.
(2). In Eq. (2), R is the Improve rate, Ec is the error
average of the conventional method, and Ep is the error
average of the proposed method.

E.-E,

E.

From Table 1, Both the robots A and B are more accu-
rate than the conventional method, so it can be applied
even in situations where there is a difference in obser-
vation distance between the coach robot and the player
robot. In addition, the total improvement rate of the ac-
curacy of the estimated position at the total of 6 times
by the two robots A and B three times is 74%.Therefore,
on the basis of the estimated foot position, resampling
particles is expected to improve the accuracy. Moreover,
we could confirm that it is possible to estimate not only
one robot but also multiple robots.

R= %100 (2)

Table 1: Average error of the estimated foot position
(Experiment 1)

Average error [mm|]

Method \Robot Robot A Robot B

Conventional method 630 450
Proposed method 199 80
(Improved rate [%)]) (68) (82)

4.3 Experiment 2: Verification of the accuracy
of self-localization after resampling

After resampling the particles using the proposed

method, the robot moves again and the self-position es-
1€



timation accuracy at the last position is verified. We
also compare the estimation error of the self-localization
with the conventional method.

As seen in Section 4.1, the player robots moves by two
kinds of routes as illustrated in Figure 12 . Experiments
were carried out three times and the errors against the
true position are averaged to compare the accuracy.

As in Experiment 1, robots walk to the blue circles in
Figure 12, then correct the particle position only once
using the proposed method at the position of the blue
circles. After that, when it reaches the gray circle along
the red solid arrow shown in Figure 12, it estimates its
own position. We compare the accuracy of self-position
estimation with the normal UPF and that with the pro-
posed UPF that corrected particles only once using the
proposed method.

When resampling is performed using the proposed
method, the direction of the particles is determined ac-
cording to the normal distribution based on the esti-
mated direction. The normal distribution is given by
Eq. (1). In self-localization, the direction is corrected
by recognizing landmarks. Therefore, the value of pu is
set to the previous estimated direction and the value of
o is empirically set to 7/8.

Player
e Start position

eEstimated position
under the foot

O Goal position

G Coach position

*The line in the circle
indicates the direction
of the robot.
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Figure 12: Routes in experiment 2

4.4 Result of Experiment 2

The results in Experiment 2 are shown in Table 2. Im-
proved rate in Table 2 is obtained from Eq. (2).

From Table 2, both the robots A and B using the pro-
posed method are more accurate than those using the
conventional method., so it can be applied even in situa-
tions where there is a difference in observation distance
between the coach robot and the player robot. In addi-
tion, the total improvement rate of the accuracy of the
estimated position at the total of 6 times by the two
robots A and B three times is 72%. Moreover, we could
confirm that it is possible to estimate not only one robot
but also multiple robots.

The coaching robot can not always estimate the feet
of the player robot at all times. However, once using

the proposed method from this experiment, it was con-
firmed that the estimation accuracy was improved after
that. Therefore, under the situation where the player’s
foot can be estimated, it is expected that the estima-
tion accuracy after that can be improved by using the
proposed method.

Table 2: Average error of self-localization (Experiment
2)

Average error [mm]|

Coach \Robot Robot A Robot B

without coach 987 606
with coach 169 274
(Improved rate [%]) (83) (55)

5 Conclusion

In this paper, we proposed a method for improving
the accuracy of the self-position estimation method, the
UPF, in the RoboCup soccer standard platform league.
In the proposed method, the position of the particle is
corrected by using the observer (coach robot) assisted
the subjects (player robots) who performs self-position
estimation. As a result, by using the proposed method,
the estimation accuracy of the self position is improved
by 72% compared with the conventional method.

In addition, since improvement of estimation accuracy
after that can be confirmed by correcting the position
of the particle once using the proposed method, it is
expected that estimation accuracy will improve only by
using the proposed method when the coaching robot can
estimate player’s foot.

As future work, when there are two or more player
robots as in a normal game, it is necessary for the player
robot to discriminate from the position information of
the player robot estimated by the coaching robot which
information about ourselves.
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