FRILT ¢ |7
H@A RTICLE

#Z T SSA-ELM #HEEIg) & XX &3 K E A (b

s, x| B

(hERFRE R TR LATER, IR F8 266100)

WE: BFRLRAMET/ME, ERAZHARTHOME. REFAMELRI MK, 6§ AREHLER
KA TG A RIR R IR ERIAEE L. AEHEA T R 1995 4 —2020 419 49 50 28 & AR
BB ATNR, BAAMETAKIE, E 56 MR HMEIBEIR AR BT E RS OATHATEL,
KA IRER R FERAARTEFE I I S FPEAER, 2 ARBRARKFR. LRATRAELZ
FAR K AATIN, S REAY, RS WEREHE L, BER ZIFGTNFEARFERNNR, HH R

B F AR T A AR KA 7 X

KR & KR #, MEAFUPAE,; FREML R E(SSA); HIRF M

hESES: X43, P732
DOI: 10.11759/hykx20210607003

B IRUXU R T 2 Ve e X7 ik B A RS 3l 2 1
T, Iz b TSR E WS, A S Y
IKERGE S A 1 32 5 XU T e ™ B 1 [
Z—, AR UMb DX 3 AR R R T AR
TR, S XU K A0 3R
BINK, 1R R G A P L 2019 AR ALY
HIEATIATIL 116.38 1470, HFERE Bk
[ 99.44%P1. & KUK A | MRS . 5 s
L™ EE A, RN R AR i 2 4 R M IX 28 O R SRR
A TR R . PRI, S B PR RN MR Y S0
AR T e, BEA1EAR & XU 5 F 4651
BRI PIN Y55 Z 2

B KU 1 9 35 B R P AL 5 B T IH 45 DT JL
X BTG ERIEAS . T GIS BIPFAL L T AL
RS PP AN TG ML A, EAMYA
VAMSDP! HAZUS-MH!' | ANFIS-MOGA!? | WRF™®! |
SE. SLOSH. GCOM2D/3D VA FAL 1, [ Py il i
G T AU 1 B2 1) S8R0 £ 0 2k ] U A AR 2k
17 6 W B BEEEA, 224502 % A 15
T3 EVEA 6 KU F 405 B AF BRAE AR b IX 22 57 X
W 25 112N 26 5 2 1 B 38 AR A= BRI A T XU
HRCERL; BT GIS BYPEAE: MAHAPATRA %50
i GIS EATHFEFN A 178 B (g 0 0 DX T G 358
PEAS; TR SE S GIS 23 [E o Mr T e kR AR &
JRRZR 0 9 5 01 20 AL R 2% B FHLAR 22 ) Ui vk
TR 224 B AR I FE PR OPEAS 7 T & #6471 2 Apisi Al

XRAFRIZAD: A

X EHE: 1000-3096(2022)02-0055-09

{0 N T o i N L - R AN 31
AU 43 532 FE O A AL 1 X RIL 2 21 BTk A T B
Pk, WFIEE SRR GCEBUR VA SR AL T 5 p B S
fifl o k24 v 5 KUX R ] 9 3 4 R DT A B T S
P, EE T AP EER L, Ri1 72T R
WREEMAC R BR 2 TR, JE— 204 T i
KA PRAAGI B AR o

I RRE %

1.1 $ERRSR TSR

BB, [ AR R T I b X ) A7 5 KUK R
e, ULITAR WA A KRR TR
BALT VAR PP 5, KB EZS 4 1144 km,
H 1949 4E—2020 4FE.iH 8 204 K & KB B, A4
AR BRI, 1T E AN ORISR
YEBEFEE T A 1995 4E—2020 4F ] i s 55 Ry 58 4%
() 50 4 5 WU BB EA TR Y, B0 £ 20k I8N
H AR BE IR (5 KU BB 2 858 . ety . T
KRAEGT R T AN ORGSR A b R R

ek B 91: 2021-06-07; & [71 H 1: 2021-08-13

HEWH: HER A RBFEEH (41072176, 41371496); EFRRHE X
5115 H (2013BAK05B04)

[Foundation: National Natural Science Foundation of China, No. 41072176,
41371496; National Key Technology Research and Development Program,
No. 2013BAK05B04]

FEF RS FEF(1997—), L, IWARTFRA, BILATRAE, 2N
EUCE WG A H, ALif: 17852320910, E-mail: haojing0323@163.com;
X5k (1961—), BIE/EH, E-mail: liugiang@ouc.edu.cn

Marine Sciences / Vol. 46, No. 2 / 2022 55



it

W9 ok ) L

FUAT, [ P Mt R B8 £ RUXER 0 9CE R pn TR &
MR bR e, EERIE T LRI ERAER. &1
DS PP BIE, JF T B T AR AL AR B B

'm@mARﬂaf

P, ARSONTARAEAL | SERLTE 55 3 A 9 s K fiE
T34 477 WAL 5 KX K T LR P R AR A &R,
BEFE 8 A UCHH IR PG AR AR AR 30 2% 73 G 0 o o,

W 1 iR,

F1 BRARNBHREBRKITHIER
Tab.1 Typhoon storm surge disaster loss assessment indicators

1 MUK I B PP AL HE bR iR &

RAE R TR

SfEAE 1k 1 o Gy B Ik K i
ZR N (Xoy) Ve TV V- T 7 (X ) B RBIK (X)) N F JEE (X51) BEy7 TUENLA A (X))
T RENI (X)) A PRI PR (X)) FR TR AL (Xn2) AEIH XA BB (X)) BAENUE A B (o)
HEZ PR (X)) SR (X 3) PE M FERFLE H (X03) WEVE A 77 RE (XG3) BT WS PR R (Xa3)
A48 1 52 5K TR (Xo) A H IR (X) LELLen IR A )
MK FRFEZ KR (Xos) - SAALBRIEE (X,15) KB 2 24 B (X 5)

T e TR 301 5% (Xo6)

B35 5 R (Xo7)
M AR 58 (Xos)
1.2 #ra B -FRaE FIH SPSS Zeit T H., Wl tasds Xx; brufEfbib

HE PR PG TR AR 22, AN [R) (36 A 18] 7T BEAF
FEAR DG, HA A —2, Joik A AxT ., h
TRE A B Ty, FRAR IR AR 2, PR AR
RURE B VE, ] F 0000 e B A T LA B 32 40
B (Principal Component Analysis, PCA)J&—F{E Bl
1E 38 AR %o 2 Y AR 1 2R 0 A T R Ak 10 3 P12,
B Ik 22 AT — 8 A G R bR BT 4 Ao — 4l
LW B S UE S = T

PSR ZX,, Sy A RAFBUR AL R AR . AR
fab M . SRR KK e ) 5 AT AT R
GYHT . GRARTH, A5 A DG R BUE R R TR 3 Lo T 2R,
PEBAREER T 1 sk B 2 5THE KT 85%XT 1
(B EWSY F,, SR LAEMAEE FP, v AR
BB RIEAGHE bR . ARAR L fERE . Z itk
FBI; JEWR K BE T 0 73 25 G VEM A8 R Fo Fi Fo.
Fs Al Fy i35 A R

o 0813 (0.3662)(01 +0.394ZX ), +0.403ZX; +0.366ZX, ]
0 +0.201ZX 5 +0.374ZX o +0.378ZX 57 +0.302ZX 15 0
. ){0.28IZX01 ~0.235ZX, —0.230ZX; +0.123ZX,, j
+0.7627ZX 45 +0.213ZX g —0.252ZX 1, —0.331ZX o ),

F =0.582x(0.3772X,, +0.577ZX, —0.292.X,; —0.591ZX,, +0.299ZX,5) o
+0.418x(0.450ZX,, —0.032ZX,, +0.539.X 5 +0.313ZX , +0.639ZX,5),

F, =0.700ZX 5, +0.698ZX 5, —0.153X 3, 3)

Fy =0.782%(0.511ZX5, +0.507ZX 55 +0.500ZX 35 +0.482ZX 5, —0.023ZX35) @
+0.218%(~0.010ZX;, —0.028ZX, +0.179ZX5; —0.100ZX 5, +0.979ZX s ),

Fy =0.512ZX,, +0.508ZX ,, +0.500.X ,; +0.480ZX ,, (5)

WA BT AT R LRSS R, B Fi. Fo. FsFFy
YE 4 AR &, FofF 9 65 MR R 25 5 55 )
Rl =g T
13 SRRBARERRAFANS

AR TR % S5 R i XX 0 O A
SFRIN AR MEIEAT Y, WK 2 PR, BER TN

56

bR %, M R 12 o0 A BT A
FREALFIREAE, 78503 2 PGS A bR 452
BRGS0 A4 KA KIS 4R Fo e IRER B 50
PRSI AY, AT 1AL K 2 A o
8 AL NI 19 AFIERIE 20 A, TR M 1
A

TFPER ) 2022 4F /55 46 45 /45 2



it

) H@ART/CLE

*2 ARNFHRERMKERLSHRE
Tab. 2 Classification standards for typhoon storm surge disaster loss levels
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Tab.3 Comparison of the effects of different models
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Abstract: In recent years, global climate change has intensified, and the frequency, intensity, and loss of typhoon
storm surge disasters have gradually increased. Pre-assessing typhoon storm surge disaster losses has a considerable
practical significance for marine disaster prevention and mitigation. This paper selects 50 sets of typhoon storm
surge data in Guangdong Province from 1995 to 2020, quantifies climate change data, establishes a typhoon storm
surge loss assessment system, and reduces the dimensionality through principal component analysis. The sparrow
search algorithm is used to optimize the extreme learning machine to establish a pre-evaluation model, which pre-
dicts the typhoon storm surge loss level, the affected population, and the direct economic loss. The results show that
the optimized model has a higher accuracy rate and better prediction accuracy and applicability. Further, this paper

provides an effective loss assessment method for disaster prevention and mitigation.
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