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Abstract: This paper proposes a method to retrieve attractive sightseeing spots of cities through a social
data analysis. Especially focusing on how to assign an appropriate name for each clustering result. Our
method that combines several Place APIs can estimate more proper name than a conventional method based
of a tag analysis, even if the size of dataset size is small. Furthermore, the calculation speed of our proposed
method is faster than those of tag analysis. By using our collected data, more than 4 million geo-tagged
photos of 5 cities from Flickr, we show our proposed method can semi-automatically generate sightseeing

map with appropriate spot names.
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THHEAUETH A LEZRLTHLIEE, WL ODOHF
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IR Y "B L. FOMOEMBEHRD 7 5 A5 ) v 7T
& LTI, Kisilevich 512 & % p-DBSCAN [12] %°, Yang
512 & % Self-tuning Spectral Clustering [13] 7 &A% 4E &
NTWVBEH, ZNEDTFEER, POIDOKE SRIFIRDE
RERLIZ A ) Y IFETH L. TOIORGHEILT
&, XF A=Atz B L, Mean Shift % #
T 5.
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FABOBAEZ T 5. Bl 2 1235155 Mean Shift
N7 MVEMIEITROL)ICERTEX 5.
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ZeWEH AT I2 B W TlE, Bandwidth w = 0.001 1247
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WHRAP ST 2L T 2551 w=1, FWHDAKY b
ZIME T A w=0.001 ZHVWTWS, T2, ARy
F O A HEY & L7z Yang S ORF%E [13] Tld, w = 0.001
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KEMEFRT — 7 X—=APME TR SN TV,

F7, BETE [FovrAr] v, ZORFTHICE
722 &% SNS ETHISE L2 —EADILELER LTV,
Z 1, Foursquare 25 2009 4 \2IED 72— A TH % 25,
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BOF—CRZRMBL VL, O [Fryv oAy H—
VAT, 2= LT, ZOMEICBITLFzy 7 A
YRR E BB —EFIRT A, ZOBICHWENLD
DR L2V N=AYFa =T 14 Y 7ERETH Y, T—H
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F—ECRAOFHEE N L2 5F 2, KL TIIRITRT 3
20 API #FIH T 5.
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AX =W EN BT 252720, #H7-7% POI OB
MHLUTEA Y MRS LA, =3I 747 =Y ari
LoT, MEEFRT =7 R=ATHEFE SN TR VRAD
POI 231 —HIZ L o TRA LBIMENAMMAICZ - TH
D, BEENTVDL T =S HIdRKTH L. 20134E3 HD
== A2 X 2k 5,000 H D POL A958R & 1T
Wo, L L%ads, =L o TEFR SN L IEHRI, #
DRERPEKILOM SN TELT, BfFINTnbHT—%
BHL WL TLORBWEIZRS v, gEbREplic s
5L, HAHRTIEIZFEH A —LHB0 POL & LTERES N
Tz, HEOBEMARE ) AN S RTIEIRS IZH#HH £
THEATWIZD T2 b5, T/, wiloslTi, 7
7 v 277 )V b2 (Frankfurt International Airport) & \»
9 12D POLIZx LT, “Frankfurt Airport”, “Frankfurt
Flughafen”, “Flughafen Frankfurt am Main” & & ¥ &%
LEMBPRELTVWSEZ L H S, —F, Facebook 2%
fit9°% Graph API X, Factual " B3O@EH 77— % X— 2%
FH L TwA. Facebook 1X, L—HI2L 5 POl OFHE
AT LT \nw/2, Foursquare & ILEE L C, BFkS
NTWDLT—= 5 HIP b0, EMEDOENERD A
WEFENTVWALEHRTH S, H7%AIZ, Google HHRftd
% Places AP1 O3 7 — 7 IIABHTH 5 5%, Google Maps
DEEXHEHLTnbEEZ LN,

DI 1 DOOREEMESL, BT TVIREIWRELT D
THAb. K% POLT—FX—ZA0 5@ 72 FH % i

F1 UN—RTJFaT—F4 7 APl DML
Table 1 Comparison of Reverse geocoding APIs.

Al POl D%§k | 717 TVHRE W7 X4
Foursquare API Yes Yes Popularity
Facebook Graph API No No Popularity
Google Places API No Yes Prominence or Distance
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L7cwigs, B 7 7)) r—2a et Thra) %
RETAZELICL o THELZWETEALALYFTEXSL., 4
MY EiF723 20 APLOHT, TOh7 I 24RE
iE% API 1 Foursquare API & Google Places API T® 4%
B, MFEOH T T GHIIRECH LD L) MEDPD 5.
BARRYIZ1E, Foursquare D717 T 1%, 90D EH 7T
L, ZOTIEEINLLHEOTThT T) oSS
T T) EhoTBY, EHTIT)2fRETAHZ
LIZkoT, FTHOFTHTF TV TRCTERIEET L2 L
WiELRoTWwh,. —J, Google l37 7 v b7 126 DA
T PORERINT VD,
#APIOdbilipi & LT, SAMEO TV T X415
DWEEE (NKE) 12w CTHANER 2SHE S b
LW ETHL., THIE, AY— b7+ THSNAE
THFROFEDSZNEIEBL RV &M, HERENHE
SNBEEHEANE VDS Evo T, 3L H EBICHEEANE
WEIEIBRS WD THDL. LA LB KT VT
N ALIETRTARBATH S, %8B, Google Places API 12
L CIE, BB W7 VT X %igE LT %
BAHAZLBUMETHL.

4. HRIEER

4.1 HAFIJVEREICET 5EFER

[Frv A4 2] BITIOICEA YT —F Y bANDT Y
T ADVYLETH D720, B WiFi 2§ttd 5~ 27 FFL
FRAY =Ny 7 AR ED, Foy A R BAICH
WMENDLZERHL., HTT)RIBETHILIZLE ST,
CoXH AN (HRENIBDL) \CBRO 2 Wil R S
WLIENTELEEZTWS, 4N, FHEOTBICHE

R2 H7T) DEEDY

Table 2 Example of categories in Foursquare and Google.

*8 http://developer.yahoo.com/geo/geoplanet/

http://www.yelp.com/developers/

*10 http://cloudmade.com/

L E R T — 8 &ffeRE & MR 2 IR S BRI h 5
72, WODMIZPY —EAREILD LW IESHATHRL T2
BEn% o,

*12 http://www.blogherald.com/2013/03/11/foursquare-

possibly-switching-focus-from-check-in-to-api-data/

http://www.factual.com/
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Foursquare () PR Google
4fceeal 71983d5d06c3e9823 (Aquarium) Aquarium
4d4b7104d754a06370d81259  (Art & entertainment) Art gallery
4deetb944765f83613cdbabe (Historic site) Political
4bf58dd8d48988d181941735  (Museum) Museum
4bf58dd8d48988d182941735  (Theme park)
4bf58dd8d48988d1df941735  (Bridge)
4bf58dd8d48988d163941735  (Park) Park
4bf58dd8d48988d161941735  (Lake) Place of worship
4bf58dd8d48988d129941735  (City hall) City hall
4bf58dd8d48988d1f9931735  (Road) Sublocality
4bf58dd8d48988d12d941735  (Monument landmark) Establishment
4bf58dd8d48988d17b941735  (Zoo) Zoo
4bf58dd8d48988d164941735  (Plaza) Neighborhood
4d954b16a243a5684b65b473  (Rest area)
4bf58dd8d48988d129951735  (Train station)
5032792091d4c4b30a586d5¢  (Concert hall)
4bf58dd8d48988d15a941735  (Garden)
4bf58dd8d48988d184941735  (Stadium)
4bf58dd8d48988d132941735  (Charch) Church
4bf58dd8d48988d1f2931735  (Performing arts venue)
4bf58dd8d48988d1fa941735  (Farmers Market)
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£ 3 HTT)HEOME (Foursquare API O¥4E)
Table 3 Effect of category filtering (Foursquare API).

75 AL DL B 1M (T TV EER L) Bl D7 TIVREDY)

HE (533 &) J7 ) g4 17T
40.759001 -73.979122 30 Rockefeller Plaza Building Rockefeller Center Plaza
40.757847 -73.985673 | Microsoft Pop-Up Store Electronics Store Discovery Times Square Museum
40.741607 -73.989340 The Flatiron District Neighborhood Flatiron Building Historic Site
37.762226 | -122.435068 Hot Cookie Bakery Castro Theater Indie Movie Theater
37.808730 | -122.415708 The Chowder Hut Seafood Restaurant | Fisherman’s Wharf Sign Historic Site

DWTHT TN RFEL, 77 TVIREOHFEIZE > TR
FATED W B D EAFFRE L 72,

REV AT L TR, B8] ICHETAEHREMBT2 2
ERHMELTWS D, R2ITRT LI,
API & Google APTIZxf LT, ZnEN 21l & 120D 7
T R L.

TORPO—EMER 3 IIRT. T TV EEELEV

21X Bekery X Seafood Restaurant 2525 1 @i & L C
FIREN TV EICKH LT, 77T 2 BELHE,
Movie Theater % Historic Site 7% &, BUGICEIRL %9 %
POI 2% 1 fEffi & L CGESNTBY, —EDRHRZHERE
T&5.

TERIIZIE, 2—FO%EE) FRS N2 POLISHT 2 7
Vw77 E) LT, HWSHT 27TV Dty M &
HEIER T 5 MR ZHE L TWELWwEEZTnD

Foursquare

4.2 F—2ty hOY A XIZEAT 32 ERIEER

Mean Shift EE2HWTZ I A% ) » 7 &2479) b, 7T —
Ty bDOFAXHP/NEVITYE, FHEBBIE L 2501
HHTHAH., —J, 7=ty bE/NELTHE, MBS

bm%wm%ﬁ#ﬁTiéT e H L, T2, H—0
2B D3 IE U3t Clal U AT 128G 3 5 LTI B e
5zfti"&$5%f%5 Z ZTARWIFETIE, 4Hr
kT —ty bOH A XIZOWTHET 5. HATE
BRCld, B Fryo1.9km M7= 7*14 L %1 @ 3.77km
WHIY) TP &5 e LT, ELET—S0hhs T >
T LT, VIR 5 IR 10 AL, 30 TRCR I LT, 498
DOTF—%ty bEEE L, FNENUITH LT Bandwidth
% 0.001 (100m) & LT Mean Shift 212Xk 527 5 A%
YITEITV, GENDLIBEOENLVEM 107 T A &
ZOHREOEER LT 5, SOICEREE LT, &7
FTAY OHRLEB XY 7tk RSO W T A BT
ESNTZ POl 4 & FOMEXRT. DL & POl OFEE
1¥, Wikipedia 28k SN TV 2 EEL HWw5

M1z, ar Ko }ow“c41J)0)7—~§“cy & T
Mean Shift {EZ @ L 72#ER4/R$. 22T, Bandwidth

*14 Google Static Maps T Zoom L ~\)V% 15 & LT 600 px )5
TYIY L7 o

*15 Google Static Maps T Zoom L ~X\)V% 14 & LT 600 px )5
TEY W L7236 0K B
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1 O FrYofER (FREFH 1.9km WO 7)

Fig. 1 Clustering result at London (1.9 km square meters area).

H720) DT — 5 O%E%FET DPB (Data Per Bandwidth)
EVO) TR EAT 5.
The size of dataset

One side length of the area (m) 2
Actual distance for Bandwidth (m)

DPB = (4)

72 zE, oy Rros, 1813 1.9km THhAE720
X (4) vy, 10,000 LD EH 7 — 7%ﬂm¢6ﬁn,%
ODPB 277 LB TESL. M1 2R5E, FEHMIC
X, 10 Ao F—%+ v + (DPB: 277) & 30 HKD 7 —
¥4 v & (DPB: 831) O#iH#iE, R-HLE, &F ) 2&(bs
HWE IR AL, —J, 10,000 tHF—% £ v b (DPB:
27.7) BF—FHBARRBLTWALIICHRZS. kI, &1
FELWIEREAR 4, ®5, &6, RTIIRT. £9, L
L2 HICELTIE, EDF—%ty b2 HWTDH[HE UkESE
%> THEY, o, EBOME L DOFREITVT N IR
IZ/NE W &A% H % . Buckingham Palace & St Paul’s
Cathedral I22OWTlE, =%ty M X o THEDEZ
505, MBI AHEALFOMBOMEITRL KE V.,
C MU POI OWFL 2 A4 AASKE V728, BEEH T
(V¥ ZICEsE s N AE) EFEED POl O ED N
TWVLINETHDLEEZLNL, TNLORKENLL, OV
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F 4 EA10 & Z2OMERE (Dateset Size = 10,000)
Table 4 Top 10 spots with location accuracy (dataset size =
10,000).
L Wikipedia U TAE Y T DL
il i s i i
1 Trafalgar Square | 51.508056  -0.128056 | 51.507906  -0.128039 16.79
2 The London Eye | 51.5033 -0.1197 51503323 -0.119459 16.91
3 British Museum | 51.519459  -0.126931 | 51.519250  -0.126861 238
4 Tate Modern | 51.507778  -0.099167 | 51.507880  -0.099232 12.24
5 Covent Garden | 51.51197  -0.1228 51512034 -0.122969 13.74
6 Piccadilly Circus | 51.51 -0.134444 | 51510038  -0.134596 1136
7 Royal Festival Hall | 51.505836 -0.116789 | 51.506088 -0.117014 32.05
8 BigBen | 51.500756 -0.124661 | 51.500796  -0.124192 32.89
9 Buckingham Palace | 51.501 -0.142 51501642 -0.141013 98.99
10 Parliament Square | 51.500556  -0.126667 | 51.500711  -0.126233 34.69

£5 E10 7L ZOfERE (Dateset Size = 50,000)

Table 5 Top 10 spots with location accuracy (dataset size =

50,000).
. Wikipedia 7IAYN TONL |,

il wE_ aE wE g | TR0
1 Trafalgar Square | 51.508056  -0.128056 | 51.507880  -0.128022 19.70
2 The London Eye | 51.5033 -0.1197 51.503378  -0.119408 22.02
3 British Museum | 51.519459  -0.126931 | 51.519267 -0.126871 21.78
4 Tate Modern | 51.507778  -0.099167 | 51.507894  -0.099231 13.6
5 Covent Garden | 51.51197 -0.1228 51.512025  -0.122886 8.53
6 Piccadilly Circus | 51.51 -0.134444 | 51.510031 -0.134571 9.47
7 Big Ben | 51.500756  -0.124661 | 51.500851  -0.124221 32.38
8 Parliament Square | 51.500556  -0.126667 | 51.500578  -0.126369 20.83
9  Royal Festival Hall | 51.505836  -0.116789 | 51.506191  -0.117029 42.82
10 Buckingham Palace | 51.501 -0.142 51.501746  -0.140817 116.79

F 6 L7 10 L ZofEkEE (Dateset Size = 100,000)
Table 6 Top 10 spots with location accuracy (dataset size =

100,000).
Wikipedia 725 Y TORL |

il e L e | R
1 Trafalgar Square | 51.508056  -0.128056 | 51.507883  -0.128019 19.46
2 The London Eye 51.5033 -0.1197 51.503369 -0.119429 20.35
3 Tate Modern | 51.507778  -0.099167 | 51.507891 -0.099228 13.26
4 St Paul’s Cathedral | 51.513611 -0.098056 | 51.513790  -0.099014 69.4
5 British Museum 51.519459  -0.126931 51.519275  -0.126882 20.74
6 Royal Festival Hall | 51.505836  -0.116789 | 51.506154  -0.117030 39.14
7 Piccadilly Circus | 51.51 -0.134444 | 51.510037  -0.134581 10.37
8 Covent Garden | 51.51197 -0.1228 51.512018  -0.122929 10.42
9 Big Ben 51.500756 -0.124661 51.500840 -0.124235 31.05
10 Buckingham Palace | 51.501 -0.142 51.501731 -0.140867 113.12

F 7 EA10 & ZOMERE (Dateset Size = 300,000)

Table 7 Top 10 spots with location accuracy (dataset size =

300,000).
o Wikipedia G AL) T O

il s [ i g | PE
1 Trafalgar Square | 51.508056  -0.128056 | 51.507875  -0.128016 20.3
2 The London Eye | 51.5033 -0.1197 51.503375  -0.119425 20.87
3 Tate Modern | 51.507778  -0.099167 | 51.507879  -0.099258 12.94
4 British Museum | 51.519459  -0.126931 51.519267  -0.126877 21.67
5 Covent Garden 51.51197 -0.1228 51.512022 -0.122907 9.39
6 Royal Festival Hall | 51.505836 -0.116789 | 51.506151  -0.117030 38.88
7 Piccadilly Circus | 51.51 -0.134444 | 51.510033  -0.134571 9.57
8 Big Ben | 51.500756  -0.124661 51.500848  -0.124237 31.14
9 Parliament Square | 51.500556  -0.126667 | 51.500605 -0.126310 25.38
10 St Paul’s Cathedral | 51.513611 -0.098056 | 51.513673  -0.098283 17.18

WL TIE, ALY T Il oTELN:

10,000 0 7 —
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Fig. 2 Clustering result at Paris (3.7km square meters area).

£ 8 I 10 fF& Z2DfiENEE (Dateset Size = 10,000)

Table 8 Top 10 spots with location accuracy (dataset size =

10,000).
P Wikipedia 7 GAY) T DL
" i i i {3
1 Eiffel Tower | 48.8583 2.2945 48.858367  2.294374
2 Louvre Pyramid | 48.860854  2.335812 | 48.861042  2.335898
3 Notre Dame de Paris | 48.853 2.3498 48.853165  2.349368
4 Arc de Triomphe | 48.8738 2.295 48.873828  2.294993
5 Pompidou Centre | 48.860653  2.352411 | 48.860528  2.352117
6 Basilique du Sacré-Czur | 48.886694  2.343 48.886264  2.343023
7 Place de I'Hotel de Ville | 48.856667  2.351389 | 48.856748  2.351397
8 Musée d’Orsay | 48.86 2.327 48.859987  2.326399
9 Pont des Arts | 48.858333  2.3375 48.858448  2.337483
10 Musée du Louvre | 48.860339  2.337599 | 48.860459  2.339875
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%= 9 LA 10 & Z2ofERE (Dateset Size = 50,000)

Table 9 Top 10 spots with location accuracy (dataset size =

50,000).
Wikipedia 7IA ) IO |

Al iz e iz e | PR

1 Louvre Pyramid | 48.860854  2.335812 48.861050  2.335913 22.99
2 Eiffel Tower | 48.8583 2.2945 48.858364  2.294393 10.58
3 Notre Dame de Paris 48.853 2.3498 48.853160  2.349361 36.80
4 Arc de Triomphe | 48.8738 2.295 48.873831  2.294998 3.44
5 Pompidou Centre 48.860653 2.352411 48.860540  2.352162 22.17
6 Basilique du Sacré-Ceur | 48.886694  2.343 48.886287 2.343054 4542
7 Place de I'Hotel de Ville | 48.856667 2.351389 48.856702  2.351540 11.74
8 Pont des Arts 48.858333 2.3375 48.858437 2.337526 11.68
9 Musée d’Orsay 48.86 2.327 48.860027 2.326363 46.87
10 Pont Neuf | 48.857447 2.341617 48.857128 2.341052 54.58

+ 10 A7 10 R & 2 OAERE (Dateset Size = 100,000)
Table 10 Top 10 spots with location accuracy (dataset size =

100,000).
— Wikipedia 7 IAE Y Y IDRL |

A e i e | P
1 Louvre Pyramid 48.860854  2.335812 48.861046  2.335894 22.15
2 Eiffel Tower | 48.8583 2.2945 48.858364  2.294392 10.62
3 Notre Dame de Paris 48.853 2.3498 48.853158 2.349346 37.65
4 Arc de Triomphe | 48.8738 2.295 48.873819  2.295016 2.36
5 Pompidou Centre 48.860653 2.352411 48.860523 2.352174 22.62
6 Basilique du Sacré-Cur | 48.886694  2.343 48.886297  2.343051 44.30
7 Place de I’Hétel de Ville 48.856667 2.351389 48.856706  2.351574 14.29
8 Place de la Concorde | 48.865556  2.321111 48865512  2.321118 4.93
9 Pont des Arts 48.858333 2.3375 48.858427 2.337527 10.64
10 Pont Neuf | 48.857447 2.341617 48.857191 2.340981 54.71

F 11 A7 10 R & 2 OREE (Dateset Size = 300,000)
Table 11 Top 10 spots with location accuracy (dataset size =

300,000).
N Wikipedia TSRS Y TORL |
i wE  me | mx mw | PR
1 Eiffel Tower | 48.8583 2.2945 48.858363  2.294394 10.52
2 Louvre Pyramid | 48.860854  2.335812 | 48.861049  2.335900 22.61
3 Notre Dame de Paris | 48.853 2.3498 48.853157  2.349369 36.16
4 Arc de Triomphe | 48.8738 2.295 48.873828  2.294996 3.18
5 Pompidou Centre | 48.860653  2.352411 | 48.860536  2.352158 22.70
6 Basilique du Sacré-Ceur | 48.886694  2.343 48.886303  2.343056 43.65
7 Place de I'Hotel de Ville | 48.856667  2.351389 | 48.856718  2.351355 6.21
8 Pont des Arts | 48.858333  2.3375 48.858436  2.337533 11.74
9 Place de la Concorde | 48.865556  2.321111 | 48.865570  2.321133 2.25
10 Musée d’Orsay | 48.86 2.327 48.860026  2.326380 45.61
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Fig. 3 Whole system architecture and a target of this paper.
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Table 12 Calculation example of the score for the 5th cluster of New York.

YoY% | HIINERE POI # TR L A A a7 | MBHEIC LS AT T AT
A Museum of Modern Art (MoMA) 0.578109941 1.75 | 1.011692397
Foursquare 2 fr The Paley Center for Media 0.484803086 0 0
KRA Saint Thomas Church 0.451673654 0 0
777777777 I [ The Metropolitan Museum of Art |~ 0593139804 | 1333333333 | 0.790853072
Facebook 2 hz MoMA 0.413197612 1 | 0.206598806
3 hL The Modern - Dining Room 0.563627745 1 | 0.187875915
777777777 162 [ 7 Museumof Modem Art | 0587213362 | 2333333333 | 1.370164512
Google 2 fiL 21 Club 0.337940269 0 0
34 The Modern 0.62388356 3 0.62388356
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+ 13 710 fFE ZOARNICHT 2 (> Fr)
Table 13 Comparison of top 10 spots and their names

(London).

JEAT [N RN
1 trafalgar Trafalgar Square
2 tatemodern The London Eye
3 britishmuseum St Paul’s Cathedral
4 eye Tate Modern
5 stpaulscathedral British Museum
6 covent Big Ben
7 royalfestivalhall Piccadilly Circus
8 parliamentsquare Parliament Square
9 bigben Covent garden
10 piccadillycircus Buckingham Palace Gardens

5.3 BEENQEEEERLAZAREICOVNT

AUFFEL, BHEAR Yy O EZHWE LTWwWB 720,
EHMIIANREOE VAR Y b &4 2 ADNLTET
HhH. HERFTRTIE, HICr IASHNOBEEOKEIZ L -
T7 I A% ZIENATT L TW2ds, TOFEETF 5 7
EEENELITELIBELLEREGANY VOFEL S
J52eDHL. F2, bIDPEROGEBEOENTA
Ry MOANFEDN DL DB EIZE bk,
KL T, AHGBOEAKRY N3G HEIHHE V)
IO &, BESEFNIHE SN TR hENI L -
T, ZOARy bOBDEE V) HIIHS 2 HERE 2 g
TAMMATIRET 5. MWD 72012, KL Tl
G AYNDEEE YA LAY TMEIZY— L, BEO
WEHBOSHEFE TS, 79 A ¢ 2 kK MOBENE
FNTTCVAEELAEE, HWIEIZY =LA LAY
TR Gi=1,--,k) EERETH. KEDIALARY
YT pr, MDA LAY Y Fdp, kb, TDEE,
GHOWRHEE W, & W, = p; — pa_1y (0 ={0,--+,k})
ERTZEDTED., pold, 77—ty MIEENLTHE
HodHHEbEHNT A L A5~ 7 2004/01/01 00:00:00 &
T4, COW, #WVT, 7I9AY cIZHEENLEHEOHK
EMBOM D, £, Do= /L0 (W, — W)? LRtHT
LI ENTEDL, BETHETIE, TOD N7 TATHAD
BHOMBFE L2, Doxk %7 FA% c DEEFELE
£95.

6. TSR

A, T R PEELSHHICE LT, R (B
B X BMERLAT T + & 730 & B EMRAHT) L3RRI
(B L BRI L B ST +F 2y 2 4 v —E X%
HW2ERAT) 12X 286Ky b B4 10 tho iz
79. TOLE, F—¥+tvy DA XF, FHIEBROK
BIHEDE, ZNENEL LT A A EZTTWA5,

* 13, k14, k15, £ 16, X 17 DfER T L &,
WENBIEFEICL T, FHEOSVZFIAE D Y
TTCETWLIEDNGNA., L2 LENL, ZONEMIE,
HEVREEBVIIA SNV, T2, EEOANEDD

© 2014 Information Processing Society of Japan

® 14 710 & 20&NICHT 0 (77> v 2a)
Table 14 Comparison of top 10 spots and their names (SF).

JIEA LS EN RN
1 unionsquare Alcatraz Island
2 prison Coit Tower
3 attpark San Francisco City Hall
4 californiaacademyofsciences Union Square
5 cityhall Sea Lions @ Pier 39
6 sfmoma Powell St. BART Station
7 flickrhq Ferry Building Marketplace
8 sanfrancisco de Young Museum
9 ferrybuilding San Francisco Museum of Modern Art
10 deyoungmuseum Transamerica Redwood Park

®15 L 10 & ZOLENCHET AL (m2—3—7)
Table 15 Comparison of top 10 spots and their names (New

York).
JIEAT LS EN LR
1 rockefellercenter Rockefeller Center
2 timessquare Empire State Building
3 empirestatebuilding Prayer in the Square
4 museumofmodernart Times Square
5 timessquare Museum of Modern Art
6 grandcentralterminal Flatiron Building
7 flatironbuilding Grand Central Terminal
8 bryantpark ‘Wall Street
9 — Bryant Park
10 unionsquare Washington Square Park

16 i 10 R 204N B E (%))
Table 16 Comparison of top 10 spots and their names (Paris).

JEAE [[REN %K
1 pyramid Cathédrale Notre-Dame de Paris
2 notredame Tour Eiffel
3 eiffeltower Pyramide du Louvre
4 centrepompidou Centre Pompidou - Musée National d’Art Moderne
5 sacrecoeur Arc de Triomphe
6 arcdetriomphe Musée d’Orsay
7 Paris Square Jean XXIIT
8 pontdesarts Pont des Arts
9 saintechapelle Sainte Chapelle
10 placedelaconcorde Place de la Concorde

® 17 LA 10 R ZOXHNCET & Jbi (v »)
Table 17 Comparison of top 10 spots and their names (Berlin).

(A Pk T3 LSRN
1 pariserplatz Brandenburg Gate
2 reichstag Reichstag
3 potsdamer Potsdamer Platz
4 holocaustmemorial CineStar Sony Center
5 alexanderplatz Alexanderplatz
6 sonycenter Holocaust Mahnmal
7 — Checkpoint Charlie
8 berlinhauptbahnhof S+U Bahnhof Berlin Alexanderplatz
9 berlinerdom Berliner Dom
10 deutscherdom Berlin Brandenburger Tor station
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