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Abstract

Floods, as a globally frequent natural disaster, are influenced by various factors in terms of frequency
and severity. This study, based on a large dataset containing over one million flood events and involv-
ing 20 key indicators, accurately identifies significant factors affecting flood probability through
Spearman correlation analysis and random forest classification models. To overcome issues of
multicollinearity and overfitting, this paper innovatively proposes a composite prediction model
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combining Principal Component Analysis (PCA) and the Gradient Boosting algorithm (XGBoost)—the
PCA-XGBoost Flood Prediction Model. This model significantly reduces interdependencies among
input variables through dimensionality reduction and optimizes the hyperparameters of XGBoost
to enhance its predictive performance and generalization ability. With rigorous cross-validation
and parameter tuning, the PCA-XGBoost model demonstrates superior performance in flood pre-
diction accuracy and operational efficiency, providing a scientific basis and effective tools for flood
warning systems in various global regions. This research not only advances the innovation of flood
risk assessment models but also offers theoretical support for policy-making and disaster manage-
ment.

Keywords

Flood Prediction, PCA, XGBoost, Hyperparameter Optimization

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/

1. 51§

HOKAE N ARV B A UK HL TR I B AR, ORI AN SR L 52 2 R A R, B i (H
ARFAEAAL . LR AR A N G KA . BB ARSI AW R AIIRAL 5 il 2 AR ARER
s ST ACHERESE AR R AR, oK R FE R RISt — 28 BTt BH2A RO oK R AR, R
NSEBLIE G AR R AR 0 R

ARSTHTTCS K REA S AR 100 356K FF, a7 AAZIRGREE . B HEK B A<
AR EE 20 MESRIITEAIESr, DA SR RO AR . 1280 B L% B BRI 2 AR
s RE, IR T BRI Z RN, BRI W X e AT O ORI ST, T AR
PRV 2Tl 5 B PR B BRI B AR RE R, D9 R OR R T AR A g e SR S PR M SIIE ST RF o BERIE FEAMX
AT By B ek K O 2 U F A e AR 20, 3 B D 1 5 A 2D 7 i 3 Bt ATk i R e B SR (et 24 Bl
AR H i 7 0 (3 KU B ik o

2. FIKKBFHEIRR
2.1. Spearman ¥X ST

15 F 17 52 R 2 A0 S 0 AT 0 BT 25 48 PR 5 K R AR MR 2 ) e e, LR K R AR B35 1
oM bR . W R R SO I S BT e B N AR B HE A (FRIR) 22 R RAR S R B AT 2 [ 58 R [1] .
XM ENMRIG T EIENIES oA, XN ENARUE, KRk n)idE T IR RS0 sl A 5w E A
PadE. HOPRWI:

HREHEYE, BENTENEIRETONHELZ (BIR) . WSRA FFIREGE, NI FERRIR. R4
—XAREHEA T E L. BJa A R 2MHERBTE AR EM R R AN

6%>d2
p_l_n*(nZ—l) @)
Hrr, p R fUREMKRE, d RGN EHS ZME, n SFEAKE.
BHTTEERWE 1R, JERIEERLH HMHRAZBHNE, WE 1w

DOI: 10.12677/aam.2024.139401 4203 N H it e


https://doi.org/10.12677/aam.2024.139401
http://creativecommons.org/licenses/by/4.0/

SR

Table 1. Correlation coefficient between features and probability of flood occurrence
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Figure 1. Correlation coefficient heatmap
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Table 2. Proportion of feature importance
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Figure 2. Visualization of total variance explanation
2. BAERRHTTILE

A RS Frehe BATRT LA 20 B8 32 ey B ik FaAn T DU A R A A [ R ZON K X
W TTMR e R MR T R 3 i — 2D KK XU IR U PR AR R (R A . mT DA T RS ZE e
KL, AT DR FE 7 0 s UL R SR IR DR EEOR e 3. I, W RE b F MR 5 Z2 i 85%114
i/ ERI O BOE R B AT R K OC BT R AR b ST O T A o 8 P 38 5 PR AR [ s IR 4 K
B2 LS 8], TR RO R gE,  BISER 1 4.

FEPMFRL ARG T BB FE YAl 22 S0 DR 3 RO G B Bk A5 SQ B 2 . 2Ry 70T (PCA)
SR T — A R T iR AR T R L A B X i 4R ) A2 57 DRk B oK o I Oy M 4% T 1 23 (PCs) IR Z MR
ANEAT R, BATAT LR AR 7).

3.2. PCA-XGBoost #t7k Ful & 8

XGBoost F= ZEHE T8 FE 4R FH G 2 (1 4R e SJME AR [3]. 1207 V1 H i 20 & 2 A i 55 40 26
BRI KA. HEGTEAR, XGBoost X H AR & HGEAT Tk, FEBI AW LE R I
PEVE NIRRT, DL i A R . FRATIE S T PCA-XGBoost 75y 32 B v K TR A, ] HLF Ab 3
ARLME: 1) RN R B8 £ 07 TR i A . AL B AN T -

o JEZESIEL fAE AR T WAL gbtree.

o FEIEpWENOL, EHIT PR HIEK.

o M IRFE max_depth € Jy 10, B ERHIREOE 1 R T I LA

o IENMAETH: L1 ENfba=0, L2 EN{ELA=1.

o HH 3 475 NI UER B IR AL I Ra e A2 AL RE ST, Roam Nk =3

H, IIRBdEE S 70%, MEREIELE 5 30%, RIIZE&En,,, =0.7n Fillik&En,, =0.3n.

RAE B A Imp (x; ) 20 56 JE TARFALE x, 5 A0 S R SRS IR ) AN 0 P52 > (51 a5 5084 ) 2

Imp(x )= Ai(s,, % 3

Hin T ZIrAMKES, s W t R, x BB, 1 Ai(s, % ) RRIZRLAED R A s, LI
DI

fliF XGBoost Al I HE AL Iy HrRp Ak 58 B 45 2R, P B A 30 8 PR VA £ A S A R I 5 R ALE
X T AR B 1 P DR P o R T B 0 O i T SR AE A TR AR I, PR St e ok, B
DRI ANAEFE FRESE o AR 0 28 N RFAIE 2 B G 5] 3 o

DOI: 10.12677/aam.2024.139401 4206 I Hadt f


https://doi.org/10.12677/aam.2024.139401

5

FERH 15 it AL 8.7%
HFEHEK 8.2%
RI & 8.2%
ZEX R 8.1%
AT EE 6.5%

AR 6%
FoR I K 5.8%
pEei 5.5%
SAEAR 4.9%
UNE=EET 4.4%
FRARBRAK, 4.3%
Aeb s 4.2%
bkt 4%
I 3.7%
BURR & 3.7%
TR HbFR AR 3.6%
HK#24: 3.2%
12k 2.8%
RIS 2.1%
I 1.9%

0 2 4 6 8
F 7t (%)

Figure 3. The importance ratio of each feature (independent variable)
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Table 3. Model calculation results
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Figure 4. PCA-XGBoost flood prediction model test data prediction chart
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Figure 5. Prediction comparison chart for test data
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