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Abstract One potential application of travel activity data is visualization, which can aid in the decision-making process
for new travel destinations and the identification of travel demand. However, social media data is vast and contains a wide
variety of information, not solely related to travel activity. In our previous research, we focused on comprehensively collecting
travel activity data from social media and compared the accuracy of machine learning methods for determining whether a post
pertains to travel activity or not, using only the post’s text. However, in the context of travel activity data, posts often include
not only text but also photos at the travel destinations, which are important components. In this paper, we classify whether
a post is related to travel activity by utilizing both the post’s text and text data converted from the post’s images based on a
Vision-Language Model (VLM).
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Fig.1 In case of not recognizing travel activity properly.

(BT E-T) BRI e BLAHlbahd 4 v 2x Y
ZrIffkxe BiES.

LA L, SNSIZEBEINE T —XIGHABRITR DT
BY, ITLONC S ZREZRERERIEEN TV S, RITIEE)
T2 EIET B, RO %2 TRURTIUE, RITHE
FROLNMERMEZD, AILDOIHTICR S ZeBEZL LN 5.
Blzix, EROMIMEEZ RIS 2358, EHRECrUENT R
X7 OBNPEEINDG. Lo, K1 D& ICERRAT
OEEEGP, EROHEEEOHRMR Y, RITIEETIZRW
OFETAfEND &, ITHEHDPIEL (BT ERLRS.

FLIZZNFETIZ, Twitter DT FA T —XDAIZEHL,
RITIEEY 4 — P ORFEEIT> TE[3]~[5]. L2L, 2O
DEREEIIIRAD B - 72, —HT, KRITIEET —XIZBNT
X, AXTFRA M TRL, ZORITATOEESR[TIN
TW25EbHD, BEELBRERTHS. 22T, AFETIE
JSVLM (Vision-Language Model) [10] 12 & % Image-to-Text % f&#
AL, fEEDTF 2 b F—ZIMZ TR < BT — &
ZEOETHAT S 2T, BMEEIC X 2RITIEENY £ — b
HIEREOER1TS. RENREEE, TRTEEHY A — 1D
A4 Y RAE AR LED, RFETIEZ ORTEREICY %
MRATIGENY 4 — b OFREER b 2DV THEBRET 21T 5.

$%®M%@%WMMF@ DTH53. £7F 2 ECTHHEF
REENT 5. KT, 3 ET Image-to-Text & W 7= kfTIGHY
A4 —F ¥Uﬁﬁf§®tt¥i%%%®ﬁ?£c:omr%¥i/ﬁ L, 4 BECHEBRK
REZr 3. RERIZ, SETSROMITHEICOVTIRRS,

2. BgERE

ARETIE, BERRICOWTHENT 3.
2.1 Twitter ICIRTESNERODEICEIS YA — XD
(b

RIS 1111, Twitter DR S MBIEFF OB MH T 2
72, VA= b7 xR eEifr oEEE AHT 2 2 HEE
L7z, BRMICIE, B2 47 AZNT g &ty
4 — MO EGEDEL, ThE2RICT X OREH
BHL7Z. ZOWRCBOTEEBGEEAFTHELTEY, &
Y13 Twitter OEGIFHEZ T F XA MULL THET 2 2 WS HT
BEWSHELEZTND

2.2 FBFHICLZA VAR LERD S OFRTHE
PEEH S [12] 1%, SNS O—FTH 24 ¥ R EX 77 LADEGRE K
BICIEL, FEEEERAWERRYOFEMSITNCE D RiTE
HET 2FEZMRE L. MO L (W) i
YOLO[13] (FEIZ YOLOvV3 ¥ YOLOv1) Z#H LT\, &
H D YOLO DERIZEFEATTIL[14] THYI D H UARATRER
Yk (D2 2 R) HBFEL, WATOMER LI AIEETH
5. JBAIAYIZ fine-tuning 17572 Y, HKBZMBH A A E R
MR MEBHNGERM Y, TRITE2RAR SR 2 & v S IFseiRE
PERoTWBeEZONS. £/, AETERT 2, KITEH
BT 2 EERITENE YOLO THEUS 2 Z e M TERW.
DU oBERSE 2 E 2, ARETIIBHE O & 778 %
AWT, IELZY A4 — % TEROKITIEEL & [EROIERK
HEE) (HEEES, RECEAOEER CIEHTIERVH D))
WS 2ERETo7%. BEWRY 4 = MIUTTH 3.
* EROKITIEE) : THERCRKZDT, ERBETTE
B, #1352 h % #LbPFs # 248 #8517
EROIEMATIES) . (o —AMETT ! SH» 587 —
AVAR=PFTT RBIEBBLLIZZIWVW ! #iGH T — X ¥ #Z1R
Z — X v #2118 #9 Z — #Twitter #siga_biwako |

3. EBRAE

KAl ZnETIZ, BB BRITIEEY £ — b OUEE
FEELT, VA—FTFRMRMEAL, M%), EER,
MRFGE) @ 3 FIEERMHAEDEIL—IAR—ZAIZE BT 4 L&
VY IFRICED, RATEHY 4 — + OMBENZINERE DX
BR[3] %, SVM % BERT & ¥, {ERTOEMFE % AW/ iRkITiE
B> 4 — MHERE O LLIRFESR 4] 217072, ZDHER, SVM
% BERT (& AHENE  HHEMEW20, WY X THITE
Y4 — I MEL o TWB I ey hot. £, FA—7
NA ZFHBRIEGND, BEERMENTD, RATIEEY £ —
FRIEL LSBT 2BEMRNE WS FERER o 7.

RN B TH 3 [HATIEEY 4 — b DA ¥ R X > AMA]
Bty DFDITRERY £ — MiE TBOER Ry » 2RTHATT,
WATIEE 2R 31T8) THB. D7D, FFRIEBRICIEX
N2EFED S THATIES) & BIRO %Ry o, ke 328
T DA TIE D 2 DIRATIEF T3 W—N&iEE)) 2T
ZRLUMDEREDD D, MATIEEY 4 — b 2R & < HEREN
W T 2 FEE TS 5.

FRATIGENAY & DIEFE & 72 BATH S — X VB FRIT, 2022 4F 10
AOYA -t 2PELZ. Z0/RE, TEHR 280V 14—+ %
15944 HFINEE LTz, 2D 5B, EHREELY A — M % 200 ¥~
TV HHHL, SROEOBEREBICHVS. U,
200 FDY 4 — b2 ANDFET IEROKITIEEY A4 — b (a)J,
ERD GRITTERV) —RIRIEEY 1 — b (b)), TERE
B0 GEEL EZERDEY) YA —1b ()] D3DZH
ML Zo35b, AL L720w0id TEROKRITIEEY £ —
b (a)) TH20, HBREETIE [EROMITIESY 4 — b
(a)) 2> TEROKATIEEY 4 — FTIEARWV (b+c)) OHEELT

5. —J7, FEBRCARILE N2 DTS DFEHEIT-> T3

— 61l —



H. HEBAVE, BIRT
FARWIIAPBHEIINES.,

THREON o} 38 77 W
N —NL7 N A S TS

Image-to-Text )
BERERBTEAL

~

INETOMMHEEE —
RIEOMI HHEF % 2

ERFATCRENY -

| ER—memE Y1 |

B S

BLCEHDELDH

B BBV, ERTTARIIIALZBLIINES,
BLCBHDELDH

2 FRITIEENY 4 — b DA ¥ 2R Y RINFHUL D 7= 8 DT FFIE D L D Lk

Fig.2 Flow comparison between the previous methods [3]~[5] and the proposed method of machine

classification for visualizing Tourism Tweets as Instances.
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Table 1

Textual output per data-type by inputting Fig. 3 to JSVLM.
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Fig.3 An example of input images to a Image-to-Text, e.g., ISVLM.
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Table 2 Experimental results by SVM for tourism tweet classification.
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Hi{f72 L | 0620 | 0224 | 0.655| 0333 | 0913 | 0614 0.734 0.050
int8 0.680 | 0.388 | 0.733 | 0.508 | 0.896 | 0.665 0.763 0.029
fp16 0.680 | 0.365| 0.756 | 0492 | 0913 | 0.660 0.766 0.000
fp32 0.655| 0329 | 0.700 | 0448 | 0.896 | 0.644 0.749 0.034
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Table 3 Experimental results by Naive Bayes for tourism tweet classification.
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int8 0.600 | 0.541| 0529 | 0.535| 0.643 | 0.655 0.649 0.042
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0.696 | 0.656 0.675 0.023
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Table 4 Experimental results by BERT for tourism tweet classification.
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fpl6 0.670 | 0.565 | 0.623 | 0.593 | 0.748 | 0.699 0.723 0.020
fp32 0.705 | 0.647 | 0.655 | 0.651 | 0.748 | 0.741 0.745 0.018
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Table 5 Textual output per data-type by inputting Fig. 4 to JSVLM.
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Fig.4 An example of images in tweets on automobiles.
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