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A Method of Typhoon Disaster Loss Identification and Classification Using Micro-blog Information
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Abstract: Social media plays a more and more important role in the real-time disaster information distribution
and dissemination. During the disaster event, social media usually generates and contains a lot of real- time
disaster loss information, which is very useful for the timely disaster response and disaster loss assessment.
However, the social media data has many shortcomings, such as high fragmentation of the information, sparsity
of the text features, and the lack of annotated corpus and so on, which makes the traditional supervised learning
method difficult to be effectively used for disaster information extraction. This paper proposed a fast disaster loss
identification and classification method to extract the disaster information from social media data by extending
the context features and matching feature words. By this method, we firstly extracted the keywords from a small
amount of sample micro- blog text of different disaster loss categories based on Chinese grammar rules and
constructed the pairs of feature words collocation. Then, we used the word vector model and the existing lexicon
to supplement and expand these pairs of feature words collocation. And the external corpus was introduced to
optimize the semantic collocation relationship between feature words according to the rules of the concurrence
of Chinese words. At last, we built a classification knowledgebase for identification and classification of disaster
loss information related to typhoon disasters included in micro-blog. An experiment system was developed to
evaluate the method introduced in the paper. Typhoon "Meranti" landed on 15th September, 2016 was selected as
a case study. Results show that this method has a significant effect (each comprehensive evaluation index of
different categories is greater than 0.74) on identifying and classifying different categories of disaster loss
information from social media. We mapped the spatio-temporal distribution of typhoon influence based on the
classification results of disaster loss from social media. The experiment shows that the classification output data
and maps could be used for the disaster loss evaluation and mitigation.

Key words: social media; typhoon disaster; short text classification; identification of disaster loss information;as-
sessment of disasters

*Corresponding author: XIE Jibo, E-mail: xiejb@radi.ac.cn

2018-01-18; :2018-03-20.
[ T A0 (2016 YFEO0122600) 5 [ 58 H 48 FL~#5£4: 31 [ (41771476) . [ Foundation items: National Key
Research and Development Program of China, No.2016YFE0122600; National Natural Science Foundation of China,
No.41771476. ]
Wl «(1988-), 55 AR BIFG 1) ok A ARVE S Ab R K (R B2 . E-mail: yangtf@radi.ac.cn

* i B (1977-), F, Wt IR %, 32 2 A i 2 () K Sl it , 2 /8, 1 P59 . E-mail: xiejb@radi.ac.cn



74 WG & S B g B KR F AR BN 205 907

FEASBEMAAE 9T A5 RSt R A S5 e i b e P ORI R ROV o AR R A i R v, AR S A o 25 5 F) ST 4
R A BN S AEA A R S AR, X e R SCAS BAT (5 SR L v AR AR B o P TR B = A5 R, £l
FHEGEEE T i =2~ I 7 e AT AR O R i 9 R B o DIt ARSCER Y T — Pl 977 J& 1 R SCREAE RIS BE e A 1) 1
J7 iR O A A S AR b 25 35 B RIS KA S B o ATk i SE TSGR LA il O N UL [ 9 4528 531
T SCAS 5 IR S B R AR AE TR P T OS o ARJS AR P ) 1] e AR R L A ) P Xk S AR A SR A T EA TR SE AN S
(), AR b SIS, 51 A SN TERL RO AR AR TR 6] A5 SCRETICOC R o e, LA RERE R 15 IXUS A5 70 2 R
XA A 28 5 B [RIZE B KAG S BT PN AN 226 . ARSCLA20164F9 A 15 H 5 K52 2235 8 Bl A g it 5 22401, LA
VA A SO AE RS SN AN 226 ERORICR o S5, A SCT5 10 S SO T 2 5 B AR ) SR XU A5 2 £ 2 A AU A
IR (AR A TEM IR ARIE ] T 0.74 LL L) o FETUAE R REE R AL 1 65 MG R 1 2= 703 ], I
HE— 2 BER A ST VR K RS RIS I R R T3 T8

FEACHEAR s 5 KR T 5 R SCAR 32 5 AR BRI 5 AT

1 515

AR, R BR A AR K F M E KA, 5 NI A
L o o R 73707 S AT e 5 0 = =4
ST B e 5 ™ 5 03 5 1, © J6 Ik R BUR
HRIT S I R RUK TAE T K o LA Twitter | Face-
book®™ AR S5 AR AAE AR, iz 1)
Z 5 ZIRIERERIE SRS, © BN R
SIS T il GG 2E JE 1 — I A T Br . TERFH KA
(R EF —IRFR], 2 ARAE R 55— 42 Al A, 3 i 3 B A8
TR A5, BeAE T3 5K EA LD
FEAF B, T R BUR BT TR A2 — T %0kE, i Bl
FOR PR B . H AT, A OG5 & U 35 i
JE RV B IR AR T B S AT R A
& A S PR S (TR 1 VAN = A o < i 1B
PN T, IO MR i T IR KR TAE IR

{HIAT A5 5 7 0 22 1) HLUJR R K AR
AN A3 HT , Gnpiss oo I T SOMARLEE Fi
TR 2 5 1 M R 5 Qu AEAI T DL By 432k
A T ST TR B SO R 1 b R R4 . T
T A SCAS 2 5 0 AR BE R AU S B TR )
TRAPE Je o X AAT B WD PR F R 4T TH
HEA TR ETRCM: , 3T BUM ST S B 1 i I A ik
JEFHAEE BA F PR RO AT SR . AR,
TS 2 5 ()X S A R AR R B ey L S
FRAER B, HLT B BObm i R B =, RIS
S HME K

FE] PN MR X 2 SCAR A 8 B U R R T
TR ZWGT, T8 LS S Tl & ) RN
2 > U T A AR X A A T 4 AT A R 2
SCARAR 5 FHOAHDC, 5 W N TAR T
Ak PN 2 o3 AR A S 3 53 280 D 1Y) 3
BRI G A ALY K ART 0 AR DLt

SN ALK R RIS o BT ik K 1A ) T i
A o PO Fp 5 U G A AR A S 3R], AR Ry
MESCHETRIAYPUN AN 732 FAR SCA (B X &=
IR G B SCA I JEROR B 22 ST M B =2 T 1Y
T I AR AT, (75 2N T A5 R
BEAREE TR, 20 72 it 2% 7, HLAS TR 1 %
A TRA WP IRE RN ALE
TE MR L SCAS Fp RUR I 73 AN [ 2 31 ) 9 4 =
PEE S SR BERE A A S vy, FLIR]— 45 3C
A FPE AL 2 RSN A A KA R
SCRRRERR R IR R IR R, Ml LU S R LA
IRISUFORHIE , DR IH B 5 5R P 3 Tk e ) o 2 )
%o B, R — 2 SO B KR, Bk (5 A
TS — P ARRE , BAL R AR5 AR RIRIRIR A 427, H:
HALE T KT ST IR AR AR Y 427
SEMWEIESIIE SN

i LRI AT AR T — R T AR AR X
7 R R H SR 15 TE 5% A S IR 0 2 R 2 ok
PRI A 28 5 £ 5 IR B 750k, I
X M2 9 DX IR BEAT 1 23 S0 1A A
PG BIE 1A SO IEAESE BRI BROCR o

2 W5k

T SCSCAR G 24T, T 1 8 1 T SCAR
BEDEZETD, DA SO BRI ], H
DU SCA N 3, e KA 140 74T 1B S ek O
AL, LR — 25 i 3 0 5 AN R 200 1
PR (5 Bk e R R . (H AT 2 B, AN
R TARE BB FRMRIRTF B DU B A TE L
W, an 31 TEEEE N, H S RSO R
— XN o A AR R T AR R
DU B2 SCAR Hh X IO ) ) P B %o 44 1) — B ] ™ D



908 Bk 5 B

IS

2018 4F

18, ARG A O SOAR ARSI AR I
G, AR S Ao A A R ik BB R A 21 ok
SO P R TR A D b1 o SRy 2 KA
S A AR IR, R 1] A ) S]]
ARVANFEFNY™ J X SE T 73] %of o ] ik, 36 3 g A b
FRTEORLEE R TRDRORT i 1) 2 IR Aeb 58 A
P REJE AT o TECEERN |, BT —E ALY
A5 KU A 73 2R R IR SOA AT T AR i F
VAV IR eSS

LA 1R AL A o 2 R Y
ey AR SO 25 35 R AR BRI A 32 2
oy . BMAOD BRSO JE TNk g A
AR, A 475 1 ¥ WU 175 S 3R 249 RRR I 5 () ) T 3 12
AU /N S AN [ S A8 2501 SCA Hh B A T 5
B R SRy Aol 6, 5 ) P ) ) A5 2R A ] S )
MR FER AR TR s @) DL AR , 345 2
BRARAI Al R Al R B DG 28 5 @ R IE AL )5 1Y
FEAE DA 20 JERIRZE 5 & XFIHASCAAE W R A
B AR e 32 AU JBUAS ) B A A )
eI D Sy E ES NN P W E E S

BRI =
B I BT
S =T T B
gk petady) > LRI 2
A A
v iy O
R T |
ik | () .
Mﬂg TR
7 =
3 SRR P
FH »
BRI
HRAR _(5
e P

K1 Bk
Fig. 1 Algorithm flow

2.1 NI
2.1.1 GAERLI

BRI SO B 1 I F A A B e R
LRI Z A, B — i SCAR AT RE A B 2 R
M IR RAT B o R DU TR R 45 18 U 4k
BRI FH T SCRAE IR AT ARG (1 3R RS0 3L,
QI SCAS AR B AE b 7 v B 44 1R

Sy ] {8 b B AR AL ) 5 R ) A DR i SCAS 9 43
M o A SCIRNE R BB A A B T R A
PRI SCAS B GETH AN 29, B A U STk [26] BT
B “2017 4F & KGR E AT LA R S, e HUX
Bt A v 5000 2% 5 WU S B BTIR LIRS SOAS , 23 B
Forp R B A5 B B AL A3 B A0SR 1 PR iy
TR AR K
F1 AERNERN

Tab. 1 Pattern of lexical rule

Wl SCARFE

v-n PN HR A T RE T HE

n-v LS UGS

a-n — M ﬁfﬁf’ﬁiﬁfﬁg

n-a i B — A

d-vi RPN RA K T

v-vi Eﬂ/l%f?ﬂ:ﬁj\: %

r-v ﬁﬂﬁﬂﬁm?ﬁﬁ@?

vr AR R BT A 1
vi L RAFH—K

Vv Bk 4 s a TR A d A R s e R AR vi AR
K3yl
2.1.2 755 i 4 AR

R i ) 2 0 DU Ak BB R A AR 1) AT TR
SCARTEL B B S TR B SCTh AR
7 TR BERS 1k P A SCAS AR R AE R . ATk
F I B B U T A, 2% SCAR TR AR AIE 3] X 3
TS 22 ) B 5 A 1) 8 BRIR T IR SCAR B R KA
JE P 7 1A 22 R, AR SCR2017 4F 15 8
W EA S BAARFAREE” H 1) 9601 % 5 WAH I B HTIR
T SCAR SR A7 43 1) AR A 3 2 0 o v g
1), BRI I 1] T B A A A A ) DA A 1]
o [RIETE AN (s FH R .

FO 1 [7]— R S, 2S5 g il AR — 4R
T B 2R WA R TR SCAR S JE A A
W B A AR, 5 R — A WK 55

FRN 22 [F]— 1R 3cr, 2 B 75 1A
DA SRy 5 2 TR0 SCAS @ PR A E T . a5 K
KIHEA AR RN

2.2 FHER*NFESY R

HE T 11 LI b RO N SR VE TR AR
T TS A DA 73 2 SRR A S Y D A b1 TR X
DA SE b i) ot S ity , 4] ] 1] g AR R ] SC
RO I R IE R AR S, LA R DU



74 Wl A B P2 S B KR ERAT B 3260712 909

E S UV 2 Sl
2.2.1 K& T-in] ) EAR R AR 78RR 1]

HHR W SCAZE S 2 T W R R SO
IZIRCIR SRS €l S WEE SRR (RGN TE AW E i L H i)
T SCRIE o A STV b~ Tm) X6 oAy L i, DAL EK
P SC A R S b D] B A T R TR A T

TE I ARIE 5 AR PRSI , 38 5 1) FH 1] ) s A Y
AR ] B R S BE R B PSR DG B i . R
JH B8] ] AR A 40, 45 CBOW A1 Skip-gram #5127
EAIT2 1 Mikolov S5 P7E i1 22 W 25 1 5 #47 NNLM
(Neural Network Language Model) 19 JEAil; I ittt ok
f. SCHR[29145 1 T CBOW #il Skip-gram #7514 fig
R TEANXT EE , 25 5 2% B Skip-gram AR Y SRR R
BT CBOW LAY, [RIL , AR SCAE TR R] i ] A G
B FAl R Skip-gram #5808 BRI S5 R A0 S A
7 B AR 2 R PR 1 Y e W) ok
T2 iR A IR AL 8 G LR SCfE B, R 2
mE 2 iR,

LINES B R b=

W(t-2)

W(t-1)

W() >

W(t+1)

W(+2)

[#]2  Skip-gram B4
Fig. 2 The structure of Skip-gram model

Skip- gram 5 U 5 75 {15 H 47 oF £ G 35 ]
K, A= (DB,
G=Y log p(Context(w,)w,) (1)

AP w R YT s CFRoR 1 SCHT H; Context(w)
Foon 5 M ETE w BN O CR/NW BT SUE
B HAAER TR N (2) s .

p(Context(w,)|Wi) = H

we Coniext(,

R AR BH , Skip-gram #EALE S 5| A FF
SCHESR AR BT AR SR 2 8] B AR G B AR
(A TAIE AR DG B e = o PRI, AR TR TR 1 5
Y TR o AH 5 BE B 22 30 A 3R] w A A S i TR D

pluw)  (2)
)

Feo BN, YIZRiER b B T A R TR B SOA
N B AT RS KR T R AT R GEE T
5, 20 DURRAE ) F 480 4 S A5 Y g AL TOURS <
KT R BT 5 Tl )™ — T b B ) 2 PR 22 7%
BRI AH OCE e A T AR
Bt o TR, 2 RURFAE ] kT B AT D
AT, AT 2 [ 2 R O 0 i 4 7 — gl g 3 B S
F LA WAEmR . 322 iR TR
191, K Fofr 3 T 8 H A R 48] 4 DAy Skip-gram £
R AT, ASE R MU R e HR 55 207
FRHE B R Y HT 1000 Horp, LR — T it
10 AT H B AR R B TE

R2 WEERBITHEERTH
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Tab. 4 Distribution of different categories of corpus
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Fig. 7 Precision rate of various categories

SOAS 0T N BT 20, 5 B RITE 5 WA AR
NS T T R a9 B2, Ik, A Uk %
B8 TN BT B A (R R M ] T
— B AN RZ BN T SOR . W T
A T HARIR 2 U T — L8 SOA R B 5 18 S0
AR A 1m0 e AT A/ MY T 7R

4 WY

Sk Y0 IE AR SC AR U S B R R
RSO LI RA R — 50 Hr o SEER TS AR
PoRIET 20164F9 H 1S H Y K SE 1 =2 #" &
ARG B IR O . B IR S T 15 HIZ R 3
BF 5 o0 5 WOB Rk 28 16 H B R f KU B ad A v 3t
1821 Z5 854 , B e A0 & SOA L & A i [] & A
(VA== 2 EIcH

] 8 JE 7 T AR SC VR TR BRI 43 28 18 A =44
RS AR R AR R ., HIEI8 WA H,
AN T 945 28 ) ) B T 5o 5 S A et 1 R R A
SEIEAHE, Hrp Mkt g2 DL ik

250 1 o pilER —— W
- P — AR

a00 | R — AL
o ARBTS —e— SOEEM
—— FERIRHRT —m A5 THEHIR

150 4 —o= #hlkgm - fkigm

100 4

= &
— <
N I

| | | |
= I
N

K18 ARt Bl 1] A2 o 2R

Fig. 8 The variations of the quantity of “Sina-Weibo” with time
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