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Assessing Model of Casualty Loss in Rainstorms Based on

Random Forest and Its Application
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Abstract: Based on historic casualty loss records of rainstorm that occurred at county level in Guangxi from
2009 to 2017, seven factors were selected as explanatory variables by comprehensively considering the trig-
ger factors, disaster formative environment and exposure units, and the prediction model of casualty loss
caused by rainstorms was built up by using random forest algorithms. The refined grid precipitation analy-
sis and forecast products were used to drive the model to predict loss of life. The results showed that the
classification accuracies are both above 90% in training and testing samples. Disaster-triggering factors
(precipitation) are the most significant explanatory variables. The importances of these precipitation varia-
bles in turn are the anomaly percentage of accumulated precipitation over the previous 10 days, the maxi-
mum daily precipitation, the maximum hourly precipitation and the frequency of short-time severe rainfall.
By applying the intelligent grid precipitation products, several rainstorm processes in Guangxi in recent
two years were used to verify the model, showing that prediction accuracies are above 70%.

Key words: rainstorm, loss of life, random forest, intelligent grid

* EFRZ 0T ERS (Q201814) B 1)
2010 4F 4 51 20 FCRE: 2019 4 10 F 4 FCl B
B—1EH X145 . NG T F RS PEAL A0 P 5% IR 55 B R A 9. Email: liuyang@lasg. iap. ac. cn



A

394

% 5 46 45

5l

hfll

T 5 TR By FEIR I TAF o DR BN R A= Al 2 42
BREEMNE . AT ERMR, A0ET
e N BE SN, N 11 2 2% T O R ) XU T
i (Hanson et al,2011;Peduzzi et al,2012) .

ETRFERGEHIL, N DOHL AN LT F
J ) S BUR R 16 I P L R IR i 553 e L 2 9 B B
AR EMELGE A ER NS R G TS ,2016) . B %K
TN E R VEAL BT 0 455 % B BUR N T — K
WEE—RKAK G5 ANOB R RR, PRIk FE
HIE =& K. L % 5 11 (Penning-Rowsell et al,
2005) . 2 JC Ial 9 (£ & % 4, 2008) A HE R ) 2%
(Peng and Zhang, 2012) %, J& ¥ 3§ 0 5k 6 #i
(2014) 2 B b 5w by DX 28 TR L 7 14 g 50 A% B kL, iz
PR SR Ja o B0 37 A5 280 H R R SN SRR Z TR Y
e F G T 7 OF R 3 B0 A 7 N A
XS BT A RS . 55 51 A (2016) K% 4% 28 21 555 Jfe
SHPER I R A G B BUK 72K, il 2 K
245 A5 FR AR 2R R AR A Sr T R
RF LA R PG

CHUR N R R R AR 5 N AR Z
) HA S I A AR R 5 &% i B 7 > S06 R g H.
APEH . Ly ) 5015 B8 H O 1 I 2R AE A1 R 1
RIZERY SR X R R O R M G &S T
LA IE ) 8 (Breiman, 2001a) . FJFH A T8
REHCAR CRLAE B 2 2T ) A4 T 50 9 25030 v B i
18RI X I A0 2R AT VP A R M BT O R DA
M FEIEZ — (g I AR %5, 2014) . & B 42
Es @ NS & e NI & R
F 08 TP 5 2] S vk N BT UCH N T R A
B R EEH .

[P REFEMRBAGEATF IR LRI DI
VSUE SRR EaE 3 & VAT IV S 'Et
G5 ek 7K TR AR OR AT AR B2 T SR A Ok B (R
FAE,2016) . FE JoEE B 404k 199 % Ol 55 R
MR JER AL T 2014 4E, RO WP 7 TIR S H .
SR 5 km 3 BEAR 0~30 d Jo 4% B 40
P RA T RO 55 (4 2= £ 55, 2019) . (HB BEX
RS T AL 2 AR M55 LA B SRR B T80 Y 592 B i
o R AR TG TR T A )47 Ml # SC8k R
S5t SRAH RS 42 R Ak T RS R TR Y il 55 BE T

2 3 [ T B RS 40 Ak W0 ks TR & JR A 15 in 5tk 1) 7
1] R AESE . 2019) o fly T RE MRS 7™ i B A B2
Ui SR NIRE 7 S T L BITE R
AT EIRS 201 1 194k 285 2R T e 3t DA 7 9 DR B 4
(S

RSO Ty SRR R ICE N DR R IE S A
IOL A BT TR T R RAR 2R G BRI A AR L ds TP 4R
S B AN TR S R R R M SE R
SR T N T4 O A A5 R 5 9 LA g ) A% o K
SRV TR IRV E{ S L il o RIS VR TN RE 6 i

1 B A B

1.1 A &

L L1 FEAU&MIE

BE#L #F #k (random forest, RF) /& Hf Breiman
(2001b) 4 H 1 — A 3 T 58 1 2 ) B i AL 25 27 )
Bk R AE 25 B3 (Breiman, 1996) F 6l [ &
2R o s FH A 0 I ) i 52 R R U vk DA D s 5 40 v i
BUHIBCN ZRAEAS L I X0F 5 > R A B HIL 32 IO A R 2
HEAT A ZE A L SR IS X BT AT A3 2 AR %) 00 2 A7 4
It AT A AL R . RE B A AR
S 28 A R A R A AR A T
TS 555 43 2 v )RS B 5O AR 4 T AT LA RS 42
A IR PR R 8 /DN DT B 155 43 S E B R AR 2 k.
R B M9 R B RE BAT W o 19 400408 42 9 g
AR =5 F o0 o 2% . L X S R R 7 L AT AR A
WA E , ANES B FIE (Iverson et al,2008)

RE 1E g — Bl AR 00 Al e 1k B 1 2 % fige o
22 705 5 1 I 5L A AR G A RSO o R g 3 KR
GRCSR B 45, 20125 F B4, 2014 R OE S, 2015) |
5 (Dong et al, 2013; 222 45, 2014 ; %= /N &,
2018) AE 2 (Iverson et al, 2008) &5 A% 22 40 3 , T 4F
ARG U 0L FH AL 32 T 1 22 5 451 0%k iR R 3 R
S 34712 W R # 3 ( Mcegovern et al, 2011; Wil-
liams, 2014 ; Z2 545 ,2018) .

X TR s ] RF Bk @ AL S R
o PR A L B (32 1) R IF Al 3 B 80CR IR 5 37 4%
2018) , Horpr . TP J& #3455 B F500 Oy 1 1) IE AR AS $h i
TN 2 W A T Ay 7 Y 7R AS B0, FP gt i A 7
T Sk TE A BRE AR B, N S i A5E B 0 Oy £ OE
FEAK ., 0 e R s BORL SR 1Y 7 2R 1



%3 X % ST BELAR AR A 22T N O 45 R T AR R 1 i T 395

HEANR K (TP+TN)/(TP+TN+FP+FN) ;i
i 8 IR SR TE 2 S 28 BB A B A 1O
ARH FN/(TP+TN+FP+FN) ; 25 i R 6 775 52
B 2 B 2 I 4 0 28 A E 2 1 He ), 1 F 3 A 0k FP/
(TP+TN+FP+FN), fEAWG P, IEFER N
AR R FR B A DR,

*1 RBREEKE
Table 1 Confusion matrix
SEBR R IE P FN
bR R 2 FpP TN

1.1.2 HA%AK

ARSI TF 7 KA Bl 12 ] RE Sk 0 R
T ¢ 3 N 1488 2 A A5 80 5 I LUOKS 414k I % o 7K 7=
At OR S AR AL, AT AR . FE AR AR A (& D) .
(1) ¥ PR 3 Dy o 258 T 9 A% 3 53t 5 I 43 BT 2 TR 9K 3 11
B 25 40 A5 5 a5 (O MR J A 0 % L T R A i
5 3 AR e R H W St B /N B R B SR AR K A
UCVHT 10 d REZK B P B 43 5%, L B 0 R A i A
F3% B2 b 0T 25 1 L 42 B /K °F- (GDP) L8 B3R 7 A fig
FEAR RERI R AR 7Y AT N 020 M R REAR 4 5 (3)
FEAREAS 43 g YIS A0 AR A Tl R AE A iE H
RE S0 b6 SRR, O 11 530 4% i g A8 it 1 J 2P,
TSR AR Xof A5 TR S A7 4G 56 5 (40 356 K5 41 4k R0 A o K

|5 i s ki |
i
J y
B 3t MR, UNEETPS B
% PEIRF 1] (B4%) fif T
T J
EISCHIK Sl —
Sk KR L—>%m*%ﬁi
. % H A
Weok Kt
— — FaI% | Byl
Iy AN Sy UNEE:3S FEARE ik
BkAbokE | [ @iokr | 1
EEECARE S R
= ‘ EPS INEETES
R0 ARk B F e T i A

| i Bk SRR | AR TR

ISP NI eSS T
8 S FH A U

Fig. 1 Technical process of construction and

application of assessing model of

casualty loss in rainstorms
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Fig. 6 Disaster-triggering factors during 20— 25 June 2018
(a) anomaly percentage of accumulated precipitation over the previous 10 days.,
(b) maximum daily rainfall, (¢) maximum hourly rainfall, (d) frequency of short-time severe rainfall,

and (e) distribution of life losses predicted by RF model and (f) distribution of life losses found actually
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Fig. 8 (a) Anomaly percentage of accumulated precipitation over the previous 10 days,

(b) maximum daily rainfall, (¢) maximum hourly rainfall,

(d) distribution of life losses predicted by RF model during 6—9 May 2018

based on intelligent grid precipitation forecast products
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