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Classification and Visualization of Travel Blog Entries
Based on Types of Tourism

NAOKI SHIBATAT! HIROTO SHINODA!
HIDETSUGU NANBA™ AYA ISHINO™ TOSHIYUKI TAKEZAWAT!

Abstract: We propose a method to classify travel blog entries into one of six types of tourism using textual and image information
in each travel blog entry. Together with this information, we use Wikipedia entries,*11 which were automatically linked from each
travel blog entry by an entity linking technology, because the useful information for classifying blog entries is often mentioned in
Wikipedia entries. We combine this information using a deep-learning-based method, and we conducted an experiment. From the
results using SCDV, we obtained precision, recall, and F-measure of 0.743, 0.217, and 0.336, respectively. Finally, we constructed

a system that enables travellers to look for travel blog entries in a map in terms of the types of tourism.
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Just last week I spent nine days touring my aunt and cousin
around Paris and then we took a side trip to Normandy to visit a
very impressive UNESCO World Heritage Site site, Mont
Saint Michel...

https://www.travelblog.org/Europe/France/Lower-
Normandy/Mont-Saint-Michel/blog-490707.html X v 5[ H
3.1 7F A ML D5HDH
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HEIND T2, WBOHZTAR—YY—J XALTHD LA
WrcEd. ZOXIICHEHOBRICERIZE > TWD HONR
EERHEWMEHI R 2 BB NS, 22T, K%
T, HEiffR D OWIEBIIZ Google Cloud Vision APT*%
5. Google Cloud Vision API Ti, HE# &% T O hT 2

* https://cloud.google.com/vision/?hl=ja
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Sports 0.99 Google Cloud Vision API O fi#f it 5D —#6
Winter Sport 0.99 PAaYid Aay
Snow 0.98 Bridge 0.98
Ski 0.98 Cantilever Bridge 0.93
Cross-country Skiing 0.97 Landmark 0.91
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The crossing between North and South Queensferry in central
Scotland is a unique tourist attraction and hosts some of
Britain’s busiest transport structures — The Forth Bridge, Forth
Road Bridge and Queensferry Crossing.

https://www.travelblog.org/Europe/United-Kingdom/blog-
1025495.html & ¥ 51 H
X 3.3: SIS E T T T 7R
322 HMFEEAVERITIOSI IV N OBEBNE
ARFIETIE, £7, GFRRORITT R M YICE
ENDEBRITK L, BEGRBmENEZ AN THERET 5.

* https://cloud.google.com/natural-language/?hl=ja
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RE, —OORITZ n s b UIIFEE OB O RN
fFHEINDZ ERMIZ—DObMEENRNIELHD S5
LWIORTEICLTWATZY, 90 o#Ffnn 2,017 X
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HEEO DR BIZIE, Google 23 Hefit LT\ 25 2 IO HE
A EET /L, Google News & X RIZ/ES T2 300 RILD
Word2vec M E 7 /L* & Wikipedia & BookCorpus % xR IZ{E
S 1024 YRTTD BERT[8]DET /L% W 5. i a85%
121, 3.2.1 HiC#LB L 72 Google Cloud Vision AP1 % Fi % .
DAN TlE, AT —% OFLEE L L Th 52> U stopwords
ZHIBR L= b D% 5. Wikification Dfl 42 ZE L71=45
T DWW TIE, Wikipedia O abstract 2> 5 BFER 255 F
BEV I NOHI LT T 4 T 4 L by MRB &5
DRIEO2TEEIT Y. B, TUT AT AHDIEES
(21, Wikipedia2Vec[9] D HATHEE £ T /L §% W 5.

£ 4.1: AFTHELIZAERONHR

BUOLORRE %
. A>7F, "—KY—UXA 168
2. ~NLAY—U XA 125
3. A=YV —U XL 57
4. V==Y XL 453
5. ~NYF—UV—U X2 196
6. INF2TNY—U XA 49
HELETr oo ) OB 2,017

(GRGIANES|

FEBRTI, S OFIREREEITY, FHIREICE, HE -
THHE-F EEHWS. £z, Zhoz2HHT51chliz-
T, BOLOBREZ L OT— 2 HHORY BB T 5720,
micro I EBAT 5. £, AFETIE, £ T ANEE
THOHIEE LT, TRENOBIRETO 2 HEE ILR
THZLETERTS.

[ Lt FE]

AREBRTHE, DTIORT 2FEEORETIEL 6 FEON
— AT VRIETERETo 2. 2B, AT —FIZo0
T, “&t”I7 F A MIEENDHBEESE, “img” I LEE)>
SR ORR L L CE LN HEEESZ, “wiki(abst)”

I% Wikification D5 H 15 b7z Wikipedia =27 1 7 4

@ abstract |25 F 4L D HIEE A 4, “wikientity)” X

Wikification O H2> B L7 Wikipedia =27 1 7 1 4

DESEZRT.

EEFIE

®  SCDV(txt+img+wiki(abst), word2vec model): 3 2D A7
T —#IZxt L, SCDV & FHWWTIERY M ZER L,
EOXRT MEANET D=2 —F VXY NU—Z
TH¥EEAITH . epoch #iX 30 L9 %.

®  DAN(txt+img+wiki(abst), word2vec model): 32D A7
—XZxt L, Word2Vec TXZ hLIZZEHL, DAN %
FWTH¥EE1T . epoch #1320 &3 5.

®  DAN(txt+img+wiki(entity), word2vec model): 7 ¥ & k
DHEFEEA & BN RE R O HEEHE S % Word2Vee O
ETNTRY ML T 5. £z, Wikipedia D U > 7 2>
bTUT 4T 4 A% L, Wikipedia2Vec O E 7 /L
T T AT AT MVEEBETDH. 26 320X
7 MESGEAIT—2 L L, DAN # 5. epoch
¥ix20 &9 %.

N—=2 T A FiE

®  SCDV(txt+img, word2vec model): 2 DD A )7 — Z 1Tkt
LT, SCDV Z W TLHERY M EERL, £ON
7 MNVEANETD=a2a—TF Ry NU—T THHE
ZA1T9. epoch#X 30 &7 5.

®  DAN(txt+img, BERT model): 2 DD AN T —Z 1Tk L
BERT DETNANHELITZARY bIZEH L, DAN
EHOWTHEEITH . epoch X 10 £ T 5.

®  DAN(txt+img, word2vec model): 2 DD A7 — X 1Tkt
L, Word2Vec DET NANH/AELNTZ~NT RV
L, DAN % W TH¥E%1T 5 . epoch 1% 20 &9 5.

® SCDV(txt, word2vec model): 7 % A MIE EN D HFE
AT L, SCDV & W TSCENFHEERL, Th
EANNETD=a—FNVRy NU—7 THEEITO.
epoch #1X 20 & 5.

®  DAN(txt, BERT model): 7 ¥ 2 MMZ& £ % HEES
(2% L, BERT DFET/AINGRFHNTZANY bW A
L, DAN Z T fEZAT 5. epoch #1E 10 L9 5.

®  DAN(txt, Word2Vec model): 7 % A MI & EN 5 HFE
EAHITKT L, Word2Vec DETFANSLHLNIZRT b
JVIZZEWR L, DAN 2 H W T %17 9. epoch #1310
LT 5.

® SVM(txt): 7 ¥ R MIGEEN D HFEHLEAITK L, Bag-
of-Words TAEK L7=XT NE AT ETDH. H—FL

* https:/drive.google.com/file/d/0B7XkCwpISKDYNINUTTISS2 1 pQmM/edit?usp=sharing
T https:/storage.googleapis.com/bert_models/2018_10_18/uncased_L-24 H-1024_A-16.zip

1 http://xpo6.com/list-of-english-stop-words/

§ http://wikipedia2vec.s3.amazonaws.com/models/en/2018-04-20/enwiki_20180420_300d.pkl.bz2
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BEUZIE, RBF H—FJL, YT b= DT A —
2 Cl, C=10 &T%.

®  fastText(txt): fastText[10]& IL, Facebook 23#fitd 2 i
FEDORT ML E T XA N E YR — N L7k
FEHOTATZ Y THD. FHEIEHNELS, BENE
WO RS B D . T A—ZIZOWNTIE, Rk 300,
HZE X bi-gram, epoch (i 60 &9 %.

® SCDV(img, word2vec model): B iEHT#E RICE F N D
HEEESIZX L, SCDV Z AW CCESFEEZER L,
FhEANETD=a—T Ry NU—7 THEE
179 . epoch #lX 10 & 5.

®  DAN(img BERT model): Hi{&fENT#ERICE £ 25 BGE
HEA4IZx L, BERT DEFANLELNTZNY M LIZ
2L, DAN ZHWTHEE AT 9. epoch Ui 30 &
T 5.

® DAN(img, word2vec model): E{GMENTHEFICE £ b
HEIEEASIZ L, Word2Vec DET LML ELNZN
7 MVIZZEHL L, DAN Z W THEETT 9. epoch 3K
1310 &9 5.

®  SVM(img): BEMENTHERICE F4L 5 HAEEE XL,
Bag-of-Words TARK L7227 M A AT ETDH. I—
FIVEEECIE, RBE A—X%JL, YT h~—2 0 DR
A—X& ClE, C=100 &¥ 5.

®  DAN(wiki(abst), word2vec model): Wikipedia ? abstract
ICEENDHFEESITH L, Word2Vec DET /LING
Boni=_y AR L, DAN ZHWTHEE1T
5. epoch #lX 30 & 5.

®  DAN(wiki(entity), wikipedia2vec): Wikipedia ® U > 7 7>
LITUT 4T 4 4 L, Wikipedia2Vec D E 7 /L
T T 4T AT MEERTDH. ZOXT MLk
AJ1E L7 DAN T/ ¥H%4T 9 . epoch #1310 £ 97 5.

42 EBRBERLER

41 B CTHHLEZNETNDR—A T A L FIELREF
HBICK AERERAEHE 42 17T, 2R X0, HETIIH
#HEBZE LT SVM T bEVE 0.783 2/ T\ 5. L
L, FHEEN 0.165 L&\, DERANZL W ERD
N HHREFEICOVTL, TF A M2 A E LIZSVM
ThbEVE 0273, 0385 257, F/=, TF AN, EHE
fENTRERL, Wikipedia @ abstract ® ZHE D AS) DA E
bR TLIHERTHE, AT —FEESLTNZET
HHEENRTRILGANH DO, AT —F %L LT
WS ZETHENRER->TWDZ ERMRTEZ., 202
Eob, Trrxy N RGET LRI, BROAT—
HEEBRTDH EOFMENRRI N,

LIAT, ETHETHDIODOANT—FEEE LI
SCDV/(txt+img+wiki(abst), word2vec model)(Z >\ T & £ 4
%. SCDV - TV —r Y —U XA E LT e s
T MU OEIER 4.1 IR, ZoTr I FUIET X
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A FREGRN D BIRITANEG 5 LWV NAENHER TE 20
72, 7Y =2 — U XA TIERWEHECTE 5. SCDV T
o THBELEBRNICSOWT, T F 2 hLHWGRITRE R o
HIZ, ‘River’ 72 & BRZ BB I L HGEN W D0FEL
TWbHZ EnNbnd. Lo, 7% A M T, ‘will’S‘hope’
EWVSTEHEENFET DI NG, EEEBRL OO
ENRFHREND. ZTDT=d, SCDV TIETE TV, H
FEOWOEEBRT DI EBULORRERLEENDH S & D
NDHBEORIGEICESZMTSEDL LT, BERHEE
M EAHRFTE D,

We will have travelled 2000 miles and transited numerous locks,
passed many tows pushing barges and dodged River debris.

We hope to spot a myriad species of birds and wildlife, ...

https://www.travelblog.org/North-America/blog-895066.html
Xv5IH
41: BoTT Y=Y —UXAZ
SELTCLE o7 sy U of

#43: K41 OBBICKT D
Google Cloud Vision API O fi# 4 & 5 o —f

7~ Ay
Mode of transport 0.88
Tree 0.86
Recreation 0.81
Plant 0.79
5. AIR1E

4 B THENEREE D LIS, AHFFE T, K Eic~ >
74528 7T, HALEITS. UL o T, EER
WCHDEH & OBt RER b L Ich b EE I LS.
AL D FIZLL T DEY ThH 5.

() WiT7mr= bY E2IET .

2 KiT7a 7z M) nbT XA N EEBEMETS.

(3) Google Cloud Vision API % T, B{& OfEHT 21T\,
Wi - MEEROHEE T S .
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# 42 BOLOBREICESL T r 7 b Y D43 FERE R(micro )

Fik precision recall F-measure
SCDV(txt+img+wiki(abst), word2vec model) 0.743 0.217 0.336
RRFIE DAN(txt+img+wiki(abst), word2vec model) 0.729 0.191 0.302
DAN(txt+img+wiki(entity), word2vec model) 0.718 0.202 0.315
SCDV (txt+img, word2vec model) 0.729 0.227 0.347
DAN(txt+img, BERT model) 0.649 0.272 0.383
DAN(txt+img, word2vec model) 0.701 0.202 0.314
SCDV(txt, word2vec model) 0.639 0.170 0.268
DAN(txt, BERT model) 0.573 0.231 0.330
DAN(txt, word2vec model) 0.596 0.238 0.340
SVM(txt) 0.656 0.273 0.385
N—=RAT A U Fik
fastText(txt) 0.461 0.129 0.202
SCDV(img, word2vec model) 0.725 0.140 0.235
DAN(img, BERT model) 0.661 0.228 0.339
DAN(img, word2vec model) 0.701 0.159 0.259
SVM(img) 0.783 0.165 0.273
DAN(wiki(abst), word2vec model) 0.539 0.020 0.038
DAN(wiki(entity), wikipedia2vec) 0.551 0.189 0.282

(4) Google Cloud Natural Language AP1 % H{\ T, 7% & |k
7> & Wikification 21T 9 .

(5) Wikification T o=V 7 7D, Wikipedia =7
4T 4 DIEREEET 5.

6) HBoMl=TF A & EGARHTRE R, Wikipedia =7
4T 4 DIFHRI D, BIOBEICESHNTHRITT RS
Ty M) EHBNETS.

(7 HEBMIERTHELORE, BE - -RBREZDL LI,
Folium*% AW CHIX Rz~ v B 7 %1TH. ek, B
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AlENE, AL EITH ICH-> T, AT THELE 2,017
fEofiT7a 7=y U OmnG, fEFRATHE T
H D &R Folium 2 W CHLZIT -7, AFTHH
LichfiT7m 7= b Y ORB{bOREREZR 5.1 1R T.
ENENOE L OEIZONTIE, BEaR (1077, ~N—
RY—U XN, R T =0y —U XA, 88BN TR
A=Y —U XL, HFAN 7=y —1 XL, B
MINY T =Y — XN, REN T HALF 2Ty —1
AL HRLTND. K51 OAUEOERE R THD &,
T NELTRBREOE Y THEANVT—IY—U XAD
HTHDLZENbND., 2T, fr7n 7= sV 0ORN
Bl THDE, Ty RO MR EEICON

* https://python-visualization.github.io/folium/
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