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Abstract: To improve the reliability of the debris flow-prone zones in the Bailong River Basin, a PU-bagging
negative sample sampling model based on the random forest as the base learner is established. Evaluation factors such
as elevation and precipitation were selected, and logistic regression, random forest, support vector machine and
XGBoost algorithms were used to construct an evaluation model for the susceptibility of debris flows in the Bailong
River Basin. Based on the evaluation indicators derived from the confusion matrix, the ROC curve and five
classification methods, the performances of the four models were compared and analyzed, and the contribution degree
of the evaluation factors to the model was analyzed by using SHAP. The results show that: (1) The disaster
identification accuracy of the support vector machine model combined with the geometric interval classification
method has increased by 24%. (2) The random forest model can identify more potential debris flow samples, while the
XGBoost model can reduce the misjudgment of non-disaster samples. (3) The sensitivity of SHAP values to elevation
changes indirectly reflects the importance of height differences for the development of debris flows. This research can
provide data support for the planning of the new urbanization construction and debris flow prevention and control

project in the Bailong River Basin.

Keywords: Bailong River Basin; sample sampling; susceptibility; debris flow; classification method

EEUH: BEXEARAESIE-H EIE (424771500
PEF i T (2002—) , %, WUERFCAE, BESE7 A MR 5 % 5 K PE TP, E-mail: wanginjiang@cug.edu.cn ORCID:0009-0009-4196-2875.
SRR FE (1982—) , T, BRI, ETTAEMTTR H R AN S I T . E-mail: 270987133@qq.com



515

WEHR . MR AR S, XS EE AR 23, XK ESL. EERXLGE
(P ESHEY 2024) oK, 2014 F 3] 2023 FEILE LR A TR FE 68 885 L, Horhie At RABIKH)
W, FARAIR. WS REEE, RAAGUKSCRAER], — BERRBEIRTINOR, e AR i AR R
VR PRI R LR I SRR S B ST A IEAN S 85T, 2024). [ BT iM% 52 2% S i s i,
SERPFNVE R N ORRUBE ., BERMEVRATAIUR, 102010 45 8 H 1 = ARIGHFE KB A FERL 1 471 NGB, ek
B3I 5500 AxIA), HEHE. BOABHE 1400 RET, RS EMREIL 8 Ji, EIEATHHIRL 36 14 2020 4F 8
H B r B AR e A IE B 18 N, 6 000 [A] 5 R 4015, BLIRA TR 30 1. FILHF R AR
TR DX A 5T ¢ R AT, R X e A R 2 R VAT, R ek AR R K

G 5 RV 5B T 54T o0y BRI TS (5B 8% THEAL MR BB R b A 4
T TS 75925 ARAEAE TR BT VPN B 20 AN R IR 4y, L0, BBORS K. MLAR% 3] 75 ioe
IR T AN J953 G0 53 1 JR B, R P B0 B0 22 S7 (R PAN AT W DAt — A2 38 VP A R 00 53 R 4 DX FR s
KFo FETAEBETIX A HEATHT FORE,  JEHRCR F LS 2 IR BURIVEAN B, WA R T 5 R YEVEAY
SRR EENE . H F LR 5 IR A DL (MR IR SE, 2023) SCHFIAIEHL(Sun etal., 2023). 4R [E11H
(Huang and Zhao, 2018). BHL#ARFK(Merghad et al., 2020)F1Ef 5 H2 T+ U S (Yang et al., 2023). £ 2%
(Huang et al., 2020) L K S AR SRR (FIEEAE, 2020; FLEENESE, 2023) &5, PR B CEFEMHE It &
WG, ATECR GRS (Chiara et al., 2021). MR S TE T LA LA, EHEBIE T H
J5 5 BT I 56 BE PR (R IR, 2025). IR TCIR KRR FE_EORIUE T oo R I se B, H U o e
K, AFIFHEECR FE SRR % FE S RFIE(Xiong et al., 2020). R A ICAR TR oA /N THAR,
IR RE S ML 5B s T AL B TE I 2 R 26 A (B ) SR 2, 2018), ZEBi2(2022)3E T BP AP A5, S /K 3¢
G AR A 2 73 KW AR SR e R 3 D7 VP R e AR R 2 ik, 4 AR B it %24 7Kk AUC
e, HEEHATRARIN . 20, FORTLAEM R % % 5 R R A LG och &, T
53 7KUVERI 53 R TT I 5 RN 53 PR D

Gy RYEVER R FEAR LG R A QERRAD IR FE S (FEAD o BT 5 RPN IERE A
B I T AMAE T E 0, 5 SOREAHE LG /D, BT i B S8 B BB AP R (HJCER, 2024).
Wu et al.(2024)5:F 5 . BENLARIR . Adaboost AU B SRAETY, 34T 1 P 40 S5 RUAS - Kb
BEAE G R AT X IR, 5 SR 3 WA FH T s 4R I B T DA MG IR B Ve B, A8 v 5 R X R e 5 R
X b 2R E e AR5 E RUE U VA BENLA SR FE(RE B4, 2021). 15 BB R (IR 4,
2018) L2 X S M RAE (B ZR 55, 2024) HUIEAE SR BURERAT OOl B MR8, 2023) FIHLAS 2% 2] FIERAE(E
AR, 2024)55 7575 o AL 45 (2021) R HI BEHLA B SURE AR 22 37 28 48 [ 15 S 5 R PE PP AR RS, A5
RUSE R T R E A AME B MRS, (AR5 Kk X ¢ F LU e el gl An v /N5 (2024) JE KAt A 2
WHIE BEVEHHT SR A IR $E, 4558 78 RSIV-RF B! LEBEHLR AL S URAY AUC (B E 5 T 2.5%, {HI
IS HER 2K T A (2024) X LU T BENLAE BCRAE . SRR IXARHERFE . (5 BB RS 4



AT RAE 4 Pl RAFEFEUE IRETUREE, 25 5 /s G2 i DX 428 ISR AN P2 AE 2 8 [m] A R B PR FE iy, (HLEH T
LRI X AMEAE I RS 0 77 5 9 8 s AT W5 B8, %R VA S RE T AU B oS P B AIC . REART)
APHEARAE AR R PR, AT 5] AP AE i K RIS 2 R X R FEREAS o LU E S i),
P mE i E AR R, R B A A& IR R AN 4y (X 5V

N T PR 5 R IX IR = 5 R X AT S, 35T B3R R EREUE T AR 2, ASCUH R
AL A X IR, RS . MR A S . AR K SO 80 325 77 T SR R
T, GG BENUARARA PU % 2] SVEE S PU-bagging BAUHEAT UFEASRAE . DLRHE SRV BT, 5T
R IR A BEHLARBK SRR AL XGBoost 524 I RT LI IR A7 it 50 R VA B8, 0 P RS ff 26
IR GEE. F1 40 30R Kappa RE&% ROC HIZEE Lb A PURMERIMERE,  SHEANIR 43 G754 47 X
gELEZm, JEFRIF SHAP A AT VPR DR AL R R

1 B 78 XM AT DA L1
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R AL T B H R P rg s, & b m S E e i (B D (Du et al, 2017), 3+
TATHIX AFEETE., mE 5, AR, KX, CB%. XPKNER, BKEE, BKERTZR
K, ZHPHMEKE 436~788 mm, FEEFENEFMAI(Du et al., 2017). XL T HNHEAK,
WG, EISE. MELIEEhS L WG AL, (DRBEE . B R ZE K, KRTIEEBRZI(ZEIELE, 2021). XA
WREAETEE R, WEIRETH A EA R, WI9EE00 2 (RFES, 2024). BT X K LRG0
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Fig 1. Location of the study area and the distribution of debris flow
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IKE L TTNERE . MR REFR . KRR AR A, LR R PRSI . R
FVP R I FE MR AR AE R TR (R0, AR SCR FH B R OR REOHATRHEA S PERR S (] 2D, ¢
IR REAEXHE KT 0.8 BALATRA G, R BRKRRETRE, R 11 /MERE TS 588 (8 3 .
PR R FoRIR AN 1 Fron (TR e, 2023), R AELEEHE R A 2%, B ECE R AR AE B T RFAE .

1.2.1 HufEHugn

AR K AR A . KRR EERUOR PR AR S 55 (10 S AN R 40 AT, (B4R 1 e A i iR T B (2
&, 2024), WHICIX iR 4 825 my FAK 566 m, HHPUAG A AR BB FEAIC . i T 2% A S e e A i ) PR
AT MBS, SREA DG LIS )34, IEX HERR YA AR A R, B 26 A T B
W (25° ~45° ), AFRATIAVARFA IR ME G R, SEUE AR R RE . AR
A7 AN F) RO SR AR SRR, 3BT AR s IS DURMR AR BE TR AN TR, AT S e A I ol 490 i )
B AT RS 7 1] o M B4R Homid & A TR 10V 7K A8 0 5 HK 83 SOt 1 K SO R i il

1.2.2 b AF

AN [ VP 1 2 B A AN BT AR TR BE D AN [, BHCRAR I 25 4% 43 AT A2V 38 9 e A It SR A U kb 25
(Angillieri, 2020), WX KA DA 2, BE THGE . TUAMXTHETE, FBFKZEMG T SERIEAR.
SRR LA KOS 5K SR R b, tR] DL K A RS TR A, E A Bt RHE
AT IR, AT IO A A HEYIIR, VR 5T B AR E T % PR B v A QR L B A A7 A 55
TSR AR, BT BN A R

1.2.3 KK

B R AR e AR B Al R 2R, RV ATRAR L 1305k, BRI AL T 2 Fh U R B AT
B K BB S AT A, ZARMEREES], ME L EEERERNDE, S0 ARE RIS A R I
Fro ARV PO S T A AT PR R TS 5 r= A e A it 0T Do 2 P S e 1 L X (7K R 40 A, TR
DI S ma bR 7K A R BRI SE DR o

1.2.4 NKiE3)

AR AR B W T R S L, K R R A S L AR R, OO AR A
MR R AT et i /) %M BB (Zhu et al., 2017), BFFFCIXAE R 40 A7 5 B AR 25 IA) A — 3t ) F 28 B0 R
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Tablel Data source of debris flow evaluation factor

A — LR B HELERY

R W B R P4 6] Bed = Chttps://www.gscloud.cn)
HhZE A M ey e Elpr L5 55 B0 (https:/www.istic.org/)
AR LI gt AR R EHIEFE (https://www.gddat.cn)
Rk i iRzl SEEZIFFES  (https:/open.geovisearth.com)
TR 5 s A [E Hh 3R 2 BHR H 3 %% R i (https://www.webmap.cn)
Hh T TR R s P4 6] Bed = Chttps://www.gscloud.cn)

MODIS fH IR i (2000—2020 )

(https://modis.gsfc.nasa.gov/data/dataprod/mod13.php )

R A 25 oy e BEEZFTFE (https:/open.geovisearth.com )
T RSt I S UK 1 R 9D R 2 80805 0 (http://www.ncdc.ac.cn)
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Fig2 Characteristic correlation of the evaluation factors
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PU-bagging +& —Fi=f I BN &5 SI 505, AEZAR AL h IEREARRARIC N P, BENLAE B R PR IC R AL
B ARG U, @ IEREARHR 2 2] 7T BUE 845 U Bk R A Te A RS, 5 R4 M ik
B REA, A RO e & AUFEA T & (Gu et al., 2024). A SCIEFEFENLARMAE N PU-bagging B VLRI
4, BAGBRIMT (& 4) -
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Fig4 PU-bagging negative sample sampling method based on random forest
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R (LR & —Fh RPERNARA . 75 AT 5, DN 7R R SRS ) SE 5 2 B Rt
K, R EJLRRE, KB AERACH0, X T MERAE, MEREBEL T 1 RoRKAERA RN
ATREMERCR, RZIWA G &4 (Sun et al., 2021). X FHEA £ AN BN X HARMEREN S, £ udtk
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2.2.2 BENLARMARETY

BEHLARMR (RFD & FAT AR B 2] 1 — AN 8 44 (Breiman, 2001), PARSERT (DT) 1EHy2E%: )44 1
BLhil b, FEBENL BRI TR, AL BT 4R iR A 4 2R L, AN 2 A RFALE ot PR AR s
W T MR 2R, U] DS B EARMZ AR 22 . FE— IR RIS, FEASERTE RF () DT
AT TRIN, S FTA DT i AR T 2808 o, RILH T 8UF Pl 4. TH6e

2.2.3 R BN

SCREIAEANL (SVMD 1 AR R4 T A B A F 1 2% [ B S 28] 58 e 4B PR AR AR 25 ), AR B e 7 g
ST, S S T Bl PR AL LR 7 R IR SRR AR A SR Il 8, A S 288 SRy ) 6 21 1 [ P L S
Ny BRFRRIE S R AERE AR 2 (8] ) SR B AR A% R . SVML RS R T 1k R AR R R 2 b S2 4% ek B
I, A% PR U SR R R A% P E (Linear) 2% AL (Poly) . Sigmoid #% e, fi i Hi
%4 (Laplacian) FIE %K% (RBF) (BUletal., 2016).

2.2.4 MRPRAHRE SRR

MR IRBR LS 5% (XGBoost) J& 4k B FEHR T RS (GBDT) (11— Mk b bh BEFR T SVE 2 —,
AT UIGRIE (AL =) SRR RE A AT, G T R B & BT — T (3R 22, SIS 5 2] SRR T s
S 2%, MNIMAS BRI, FEATUNEF H bR K% (Liu et al., 2024):
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M Kappa :%1 (Kappa) (Kumar et al., 2017). HH1, Kappa F i & 12 70 FA5 A R I -5 BENLSE I
WIS R ZE 7, Kappa REUE 0.41 LR RO BTN A — B2 . REL4RIRTE 0. 1 ZIAI31K,

FRFEIT 1 R AL RE LT (Zhou et al., 2021). ROC LR ALFR N EFIPER (TPR)  BEARAR AR BH
# (FPR) , ROC HZkI£: F1E#Y (AUC, area under roc curve) BT VRUMAERI KSR, ROC ik Arge
I A, AUCHEKR, MEEE(Ly et al, 2022). Sy KMHEVET A1) 5 DM PR 8RR AT ROC #1440

K6, K 7R,
R 2 PR AR TR B

Table2 Confusion matrix of the negative sample sampling model test set
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ARSCR LA TRIBG IR 43 X vk AT B R PRI (B 8) o Z5IRRW, Yo int s Bk 2 R X 3= 24y
ARTEIEIR R s, w5 B S AE A b, A S R IR, SCE M ARILHAFE AL DL K A
ARE R, SRESX AR TR, SRR e AR B AR R VTR AR -4 et
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Fig8. Evaluation map of Bailong River area based on geometric interval division
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mE 8 ATLAE Y, 5 RF. SVM Al LR AL, XGBoost RIZEUERGZ . KEHiZ. F1 20 %0f Kappa %
B BRI T HABBRL, AHH IR SR AU, 2 SEUR R R, 2 AR R Rk F R A
MIRA, WIRESE XGBoost 4!, RF WA I A=, HHEAWIEARA ) XGBoost B4, (BBH MR m, X
JER EREAAALERF, ORISR T A U DU AT et Ag R, T 5 Rl A RF LR . AHACT
XGBoost Il RF !, LR 5 SVM BB Rfabr 40 THMPIRA . il B 9 ] AR AR ROC #iZk 11
LN ERURBL, DUAMERLE AUC {3 KT 0.9000, 2R WI A BAEJE i 5 & VPO vl e i e
fE, i XGBoost #7 ff] AUC {4 0.9629, SVM. LR F1 RF ] AUC {H 4354 0.9592. 0.9590. 0.9444.
H 4R XGBoost ) AUC fE K. RF ) AUC f/), HM ROC 4R E, XGBoost A ER i 24 T
THIARER (5 2 AR 5, 3855 X I8AE SVM L2 T THIAR B K, B3 XGBoost BRI TR &) & 43 X AEHE L4
73 SR AT IR DX IBAPAE R H, M EZ X I A SVM A5 B R 3 o vy

4.2 HEMTEXIRGE

PR SR IRIIT A5 2B 25 AR AR IRIRR o JTLART TR B RN s S TA) B 58 Tl o STk, ¥ 5 Ay X 90 A
WAL KX MG KX TG RIX . &5 R XA 5 K IX . o, 58 LR bR : RIS KIX
(0-0.1) « IS KX (0.1-0.3) « FHKRIX (03-0.5) « FmH KX (0.5-0.75) AES KX (>0.75) ,
HREHBITIES ArcGIS FERAFRE—E. EX G ird, KA 5K X R R I6 & R A iR
EEFRARA DU MR R AR F 9 ROTVEBT G, 5 Ry R Gk 25 R 9 iR . FERRAR S R IX 5
T XGBoost HAY ) [ SR IR1 W7 53 40 AN E SLIRIRG 4 ik, 55T DU R IERL A4 45 (R 2y SR o s et
()9 8 1T B FE R T 20%, FLI KR 500 5 Lh 3 T 50%, R R RL LR Bt 4y 2 05 A g
RO RATI -

S AL ECR L AT TRV T (R DO RIS, B B R DX ER AR B MR i, Ve T FE Sl . 727 1 4
giitrh, PURMBER YA B — 5, Hdh LR A SVM B RUZE AR 20K 5 & X AR B R T A i
> (B 13.46%) 5 SCRFFENURRLLE & B s o) K R A iR E (70.64%) o JLRTEIRE St
Theb, B RF BEATE & 5 R XU IR A > T-h 5 R IX Ak, HoR =R R 34— 30 LR BRTERR
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