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Abstract With the rapid development of network technology, various Internet-based communication channels, such as self-media,
Weibo.BBS,are becoming perfect platforms for people to easily generate and share rich social multimedia content online. Social
event data have the characteristics of multi-platform,multi-modal, large-scale and high noise,which bring huge challenges for the
analysis and research based on multimedia social events. Therefore,how to process social media data, study social event analysis
methods,and design effective social event analysis models become key issues in social event analysis research. This paper presents
a review of relevant research in multimedia social event analysis in recent years, focusing on multimedia social event representation
methods and their applications in the fields of fake news detection, multimedia hot event detection, tracking and evolution analy-
sis,as well as social media crisis event response. In addition, the datasets involved in different applications are introduced in de-
tail. In the last section, this paper discusses possible future research topics in multimedia social event analysis.
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Fig. 6 Framework of multimedia event detection
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Fig. 7 Example of social event detection method based on cluster
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Fig. 8 Example of crisis events

4 HEE

62 37 1B A ) 5 4 R

AT A 48 BB R T B4 B 4R T2 AL BOR R
ST S IR SR S IPOR (Y EITE e e A R U
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Table 1 Datasets of fake news detection
Data Time Author Introduction Modal Link
2018 £ B k% A 2019 4
. . Ima https://ojs. i //index. php/ICWSM/arti-
B AE E K AAEE 2020 Julio C. S. Reis BB K 2 3 1 WhatsApp #2 ;”g: 1 bs; 017;27;‘21‘(’)* /mdex. php artt
. ’ ex cle/view/735
HLAE R sk BT A &
FA-KES 2019 Fatima K. Abu Salem AR T G R & Text https://doi. org/10. 5281/zenodo. 2607278
2018/02-2018/11 5 [ &y %
NELA-GT-2018 2019 Jeppe Norregaard . . L Text https://doi. org/10. 7910/DVN/ULHLCB
LR &S
A BuzzFeed. com 1 Politi-
Fake-News-Net 2017 Kai Shu Fact. com & & #  # 8 £ Text https://github. com/KaiDMMIL/FakeNewsNet
A
i w . . & ik A R E R B L . ,
Benjamin ¥ # # [# % 5 & 2017 Benjamin D. Horne g ; it A PR O A 3 Text https://github. com/rpitrust/fakenewsdatal
A4 S0 15 BBy 1RE A
Fake News Challenge 2017 Benjamin Riedel );i% dd 6L A Text https://github. com/FakeNewsChallenge/fnc-1
2 AE 5
* B PolitiFact. com K 3t &y https://www. cs. ucsb. edu/~ william/data/liar _
LIAR 2017 William Yang Wa . T
illlam Yang Ang %E Xﬁ% f% ext dataset. le
. . . . § Image https://figshare. com/articles/dataset/ PHEME
Ph 2016 Arkaitz Zubiaga * BT B R AE S -
eme raitz Zublaga kB Twitter B M # # & Text dataset_of_rumours_and_non-rumours/4010619
P . kB Twitter By # % 42 4 X Image https://www. dropbox. com/s/7ewzdrbelpmr-
Twitter 2016 Ma Jing . R )
A E Text nxu/rumdetect2017. zip? dl=0
2014 10 £ 2015 2
Credbank 2015 Tanushree Mitra B \‘jﬁ'ﬂ i j & s 5 Text http://compsocial. github. io/ CREDBANK-data/
o . . . . http:// . csse. unimelb. edu. au/research/It/
Burfoot k] #r I % # & 2009 Clinton Burfoot R A R E Text tp WIWW. €SSE. unime edu. au/research/ Xt

resources/satire/

(D BUIE Hr e K4 42
UL PG 0 B 3 R e R e A i BUE SR 4R T 2018 4E
VU R 2019 4F B K 3% B (8] WhatsApp 155 5K 2% B o

T A RGBS AP ER A E
clusterimagename, timestamp 4§ 15 & , #0945 (9 1€ 41 1 &0 40
x 2 A,

group_id,user_id,image_id,

22 VE R B B R B A A I
Table 2 Details of Brazil and India election dataset
Data Users Groups Unique Total Shares Time Span
Images Images

Misinfo 919 184 135 2145 2209 2018/08—2018/11
B Not-Misinfo 439 138 15 829 850 2018/08—2018/11

Random 1104 206 304 2148 2205 2018/08—2018/11

Misinfo 12713 2662 897 33517 57766 2018/07—2019/06
;4 Not-Misinfo 12558 2793 765 27201 43363 2018/07—2019/06

Random 1717 1452 967 968 4118 2018/07—2019/06
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TE 1 AURI I 5% 40 37 180 2H B, 45 5 804 £ A B I L R S0
Benjamin B4 57 ) 45 48 480000 . 2% B0 4% 48 9 {5 1R A
Zimdar [ 5 i A1 358 5 0 1 51 36 b U B L B ST RO
“EZAFEETTI RSP CE, BEEA S
S A3 AR 3 T I L T TR 4 BOR AR A e S A
Burfoot P 37 8 B8 47 i B s 8 & 4000 4~ H.5E
BrEREA TN 233 A~ YRR BT I RE AR . B9 O N Giga-
word THBHEE BT B AR A AR
OAR-EEEE S
NELA-GT-2018"" iz $dla 4 2 M 194 A>3 1] 5 BE 44 F
BUCER 2018 4F 2 H £ 2018 4 11 H 18] 0987 [ S &
Fake-News-Net'**) . 1% $ 4% % 40 & M BuzzFeed. com Fl
PolitiFact. com WA 211 B8 M AN 211 2R BB | . BT
[FIHEA S, @a?yi?ﬁ%hD\SZEIEJW@*ﬂ%iX(ﬁﬁJ]#TF_O
Fake News Challenge ™ . 3% ¥ ¥ 5 15 5t [# F5 250, 37 4] 1E
SCHYEER bR R T PO TR E L S E B
Pheme™™)  iZ H04 A2 02 3 F AR B9 5 4% 28 & 007 W i gk
B R R A AL A — D F AR A RS — R P,
BEA e SO G SOA KR URL 55,

Business Insider Y

L3R 12800 A F shbRic (4 CFE B .

Credbank™ ™ . iZ B4 45 JE: 35 T 2014 4F 10 H & 2015 4F 2
H 2Z 8] 9 3% S i SCBCHR Y AL R T 6000 T 45 SC, 1049 A
HELHEM,

Twitter™®" ; Z 55 £ 2 7F snopes. com IR, 5545
PEERAL B — R FVHE ST, A HE SO AL & SO BR URL 45,
4.2 HAEEHRNEIEESRE

Social Event Detection (SED) : 1% 5 #E % 42 MediaEval #
B 1 — AT 55 B AR R P AR U Flickr 22 84K
PR B HG TR I 0 oG B U Rk B RO R Y A S R, A
2011—2014 4F & A5 T 4 A~ F 4. SED 201177, SED 20121%7,
SED 2013, SED 2014,

Brand-Social-Net™® . % 0 4% 4 0 & ¥ 1 300 J7 4 fh
HY 20 A5 5 RERE 56 1 T B . 3 B TR I A R 0 LA
KBy FAE,

CASIA™ i B 5 — A R S S H B4,
RNEE P WA EH A A A TR YA
¢ Hurriyet Daily News) ™ 3% I & 77 (9 5 H Pk £ 145 2], %
BIEELE 11 A E KA 2011 48 3 H 2| 2015 4F 12 A
i) 3¢ F“ Arabspring” 3¢ /4 1Y) 2 B8 B4l . HLH 40532 A%

(3) 6L SCH B B B SO B R 2U A mysql, 1% B0 A BRI O dn 3k 3
LIARY™T, % % 5 45 61 & K H PolitiFact. com #J 4% Fif s,
# 3 CASIA B 4 0 1 4n 1 il
Table 3 Details of CASIA dataset
Country Algeria  Babrain Egypt Iraq Jordan  Lebanon Libya Saudi Syria Tunisia Yemen
Nytimes 127 324 2080 1696 381 265 1515 592 3557 342 766
Sputnik 82 181 1506 2167 253 272 1380 1505 9330 224 1195
Daily News 78 143 1639 1925 157 277 744 485 5738 278 415
Total 287 648 5215 4831 791 694 3639 2582 18625 844 2376

HFUT-mmdata"*" . 1% 84 4 o 2 8035 4k 2 3 0 o d
£ 2 Flickr b IURCEY A [ 545 9 B Fr 55 S0AS Clns 2L L i

R LA B b 2 56 Bl AR 10 AR, 2L 74364 A 3CRY
AR AGIHT b SCHR S A B G B SR A AR DL

Fo4 PRI B AR
Table 4

Datasets of event detection

Data Time Author Introduction Link
BEMBEAEF EETN MH . ERXFTF DX
SED 2011 2011 — + ) ;& e FA s * o http: / www. multimediaeval. org/
5 AN B 73645 KA B
WAEEETM GEE BB NE RS A
SED 2012 2012 - ik http: // mklab. iti. gr/project/sed2012
WA Hy 167332 3K A A
HHEE LA 2 400000 K A % 85 URL bl R — &
SED 2013 2013 — AR, IF oA XML # R ey BB B 3 TE 2 & . http: / www. multimediaeval. org/
FE R RS L
HAEELE+ F A Web B URL 5 3 4 31
SED 2014 2014 — H. I B A A JSON 44 K o i 1) B M % 5 8 4F  http: / www. multimediaeval. org/
AR ERERER
Brand-Social-Net 2015 Gao Yue MR SRR ESES http: / www. nextcenter. org/Brand-Social-Net/
http: / nlpr-web. ia. ac. cn/ /h age/
CASIA 2016 Qian Shengsheng % % 4 “Arab spring”# & = 5 # # & ! p // nlprweb. ia. ac. en/mime/homepage
ssqian/dataset-event. html
. . . http: // scholarhub. cn/ScholarHubProject/ MMTM/
HFUT-mmdata 2020 Xue Feng EFFlickrth ZEARLEHREE

HFUT-mmdata. zip

4.3 AR OE B 0 R B4R &

CrisisMMD_v2. 0. % #4954 £ Z 4 & 2017 4 A & i

D https://crisisnlp. qeri. org/data/crisismmd/CrisisMMD

KA 7T IRERHRKE CBLFEHLZ X, kA
FUR B BA 3 MR EREEAE B E

_v2.0 .tar. gz
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R ZA PR ) . B A LT 4 3k,
annotations : £ & X W 7 U E Y tsv bR iE S, BAR(E
Banzk 5 pral .,
F 5 CrisisMMD_v2. 0 ¥ 4 AR T SC1F 5 B

Table 5 Annotation information of CrisisMMD_v2. 0

Tsv number
california_wildfires_{inal_data 1589
hurricane_harvey_final_data 4434
hurricane_irma_final_data 4504
hurricane_maria_[inal_data 4556
iraq_iran_earthquake_final_data 597
mexico_earthquake_final_data 1380
srilanka_floods_{inal_data 1022
Total 18082

data_image: f 7 7 A~ ELA7 9 M 25 14 4 AR (0 SC 14 e L B4
A SO I AL & A SO 43 0 X T A R [E]
W1, 91 B A7 300 e 43 5% 5 R W 4R 31 9 i =R 1 19 I A BB
PG # 20 i B £ LA B R 18082 3K,

json: L EALE 7 A RMEF AR 7 A JSON S, A X
PR B A KMEF AR Twitter 3R A JE 16 503 o

crisismmd_datasplit_all: JF 4R 2088 5 %1 2 J5 1 Uil 2k 4 )
AR IS R

5 #H

BEH 5G I ARy 2 of , IR R0 22 5 1A KHi o 3 ok ik — 2
R e S I IR Y O BT 22 2 ok — 20 i 22 S A RO Y
SR A BUER A R E B IUAR SR M, REERX—
B B B T — o R At {H 22 AR 2 K o3 M A7
SR I — T R AR 55 o RO 2 20 i R o B 2 A
I8 2 7R B L AR B T B 2 RS A AR 2 A &
FE TR — A FE A B AR L, 25 B A 2 T 0 Ay U
A UTILA R G

(48 e R 00 B0 5 U IR ) S R TR E T U 2246
I e e U R R S (SR S G198 i €N M R e
S8 HEPE T AN S Y TR R, PR el G R e DR
I -7 LA L% 52 4 1 25 04 1)U TR — B B i 52 09 E A R]
Zz—,

()3 IN RSB 1 2 B AL 2 Z IR B 2R RN IR
TR LM 654 Fh 268 i SR B Ak 2 4 B2 3t BT
R EAF R AL S 10 1A 1 J A 15 2 (AN b 462 2 T D I ] 268
AL — PR 2 SRR 2. WL, T — 2B AT
1275 S AN AT 4 5E 22 1 S AR R

(3O FlE A 6 85 B - TR AR 22 A 4 s
PO % 3 4, AU T Gk e A s 3 A AR DR A O A K
MR ARNERMARESE, i F—Fa LD rE R
RATRETE HAF & B4R E), B Ok B 24130 F 5 1 fE B 1Y
L4 £ AT LA B ARE B 4 i 9 R 5 1 SR A A e . T — 22T LA
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