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Abstract Widespread rainfall-induced shallow landslides occur frequently in the southeastern hilly region of China, and slope soil
thickness is an important controlling parameter of landslide susceptibility. However, soil thickness shows strong spatial variability,
unclear distribution patterns along slopes, and relatively low assessment accuracy in existing models. This study aims to reveal the
spatial distribution characteristics of soil thickness in the southeastern hilly region and to develop a high-accuracy prediction model,
thereby improving risk prevention and control of rainfall-induced widespread landslides. The study was conducted in a representative
landslide-prone headwater catchment in Majian Town, Zhuji City, Zhejiang Province, China (area~2.88 km?). A high-quality soil-
thickness database was established using direct measurements, ground-penetrating radar (GPR), and UAV photogrammetry. The Boruta
algorithm and recursive feature elimination (RFE) were applied to identify the main factors influencing the spatial distribution of soil
thickness. Seven soil-thickness prediction models were developed using machine-learning methods, including random forest (RF),
extreme gradient boosting (XGBoost), support vector regression (SVR), regression kriging (RK), and stacking ensemble approaches.
The results show that the XGBoost model achieved the highest predictive performance, with soil-thickness prediction accuracy
exceeding 90%. SHAP analysis was further applied to investigate model interpretability. The findings provide a reference for slope
stability assessment and regional risk prevention and control of rainfall-induced landslides in the southeastern hilly region of China.
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(PRESEEE . (AN 2R MR T, s RS IE . BIHZERZETR (Gomes et al., 2016) FIHRH:
1L (Ground Penetrating Radar, GPR) %5 (Han et al., 2018). 1, GPR EfEma#R5m3%E, T£
MR & I8 T LEEEAE (Hanetal, 2018; Zhang et al., 2018), {EYIH&5/41R A5 )8 4G E
FHRAR T R . RAEW, Jot & EEhI 2 i, #M{EERAKENTI W77, I+
JZ LN B R, M LA R R BTG BBl A R 2 JE R R SR RR oK o DRkt G ] 26 A PR 504 ) X 33
2 R T s F A 8] o A, OB e AR
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R LI A S LA 5 ) 7. A, i e ek 5 I pE s e, B SO, s
IR, (28 T TR ST L], FEA R (Dietrich et al., 1995). P)ERALAL QgAY 4% 11
AR F T S S R R R s, B — e FR LA (Pelletier and Rasmussen, 2009), {HAK#S K
DRI 24, OOE R T/ NG B, XIgu&E Rk % (Zhang et al., 2022). fHELZ R, FT
WG R 7 b Las 5 2 g iE e Se M S G 51, BN 1 2 5 B DX sl S A 284 (1Y) 2 BLAE 5 g 1), 7 [ PN 4b
U 7 A ECR, #40 Shangguan et al. (2017) FF& 748k LI E YRS, Yan et al. (20200 5 7 H
R IR, Lietal. (20200 1 Liu et al. (2022) 5| AEMK 5 XIRR T 5 FT T AR
EVE. SUCFE, HLEST S MR o R IV S5 RSB Feh i TR — G285, 2025; R4,
2025). SR, HEPN AR ZE X, 2RI X E0E HEA R . #0 R X, JUH
Wem S M5 S5 52 A /NI ORI B 7 75 2 5 B ) AR AR 1R B = (Luo et al., 2024).
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RURT AR AT 7 I FE i AE . 2 T HBNE . IR E LS TN EE -2 EEHIRE, 456
Boruta 5 RFE it REEIAE R 7, KA Z R8s 2 BT 1+ 2 R 2 w4, AR SHAP
AR E 3R AR AL . B FU4EE R n] N 2R R B B X B R B9 2 M A e 1 VAN 5 X R B B dx 4 it 2
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Fig 1 Location and topographic setting of the study area
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Fig 4 UAV photogrammetry-based workflow and results for soil thickness inversion
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Fig 5 Spatial distribution of soil-thickness sampling points
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Table 1 K-S test results comparing topographic factors between sampling points and the study area

YIS K-S giit & K-S kags g (pfE) REME
i 0.33 0.93 ENTES
WE 0.29 0.96 ENTES
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Table 2 Candidate environmental variables for soil-thickness prediction

IR R R+ TETFR HAr 3
EifE (Elevation) Ele PR 166-513
i FF (Slope) Slope IE3 0-75
i (Aspect) Aspect i 0-360
HIM % (Profile Curvature) PRC / -0.11-0.09
“F 2%  (Plan Curvature) PLC / -4.9-3.86
D8 E34E/K XA (Upslope Contributing Area) A D8 STk 3.52-13.25
D8 MR E 5% (Topographic Wetness Index) TWI_ D8 / 0.82-17.7
D8 /K it 5 ¥ #64L (Stream Power Index) SPI_D8 / 0-52,718
D8 JVb iz 6% (Sediment Transport Index) STI D8 / 0-1,465
D8 B K7 (Length-slope factor) LS D8 / 0-416.4
Doo_E3AE/K X TH AR (Upslope Contributing Area) A Dwo SEJ7 K 3.52-11.64
Dot JE 1R E 8% (Topographic Wetness Index) TWI_Dwo / 1.26-22.47
DoosKijit # 5 #6540 (Stream Power Index) SPI_Dw / 0-9,266
DoolR VP #iiZ#6% (Sediment Transport Index ) STI Doo / 0-524.86
Doodtff FE 3 [K ¥ (Length-slope factor) LS Dw / 0-214.56
oA BHE L (Topographic Position Index ) TPI S -73.81-70.54
Hu RS FZ #5 8 (Topographic Roughness Index) TRI >k 1.32-48.09
AHXFEAL (Relative Slope Position) RSP / -0.11-1.06
Z 0 HERREFHEE (Multiresolution Index of Valley Bottom Flatness ) MRVBF / 0-2.98
L4y P F3E B (Multiresolution Index of Ridge Top Flatness) MRRTF / 0-1.93
VAT TE M 4% #H B (Channel Network Distance) CND S -8.4-194.9
V[ N 2% Fe T (Channel Network Base Level ) CNBL P 166.25-413.68
JH—4L A% R (Normalized Height) NH / 0-1
T—ALHEHFE 8 (Normalized Difference Vegetation Index ) NDVI / 0.028-0.51
VL83 (Convergence Index) CI / -88-93
KRB FE R (Horizontal Overland Flow Distance) HOFD * 0-466.45
AP $8 % (Morphometric Protection Index) MPI S 0-0.6
I ITUE  (Negative Topographic Openness ) NTO / 49.7-103.12
HWRIRENEEE (Overland Flow Distance ) OFD / 0-511.79
IEMIETFE (Positive Topographic Openness) PTO / 51.91-103.25
SPREMA (Real Surface Area) RSA S5 K 33-135
WL RN E (Terrain Surface Convexity) TSC S 4.73-94.34
RS (Terrain Surface Texture) TST / 0-53.98
[ ERH A 4R 80 (Vector Ruggedness Measure) VRM / 0-511.79
FEHMBRSNIER (Vertical Overland Flow Distance) VOFD / 0-219.14
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i A N B R LE B BENLARARAR Y (Breiman, 2001) #8417 35 NAFHIEEMHE, G
Boruta H A T4 EH R B L (Recursive Feature Elimination, RFE) ik @S K7, Ry A4
SRR AR E R R 7T, 5 3 B A AR U S s e (R4, PR 7 VA LE Hh 2 B rh a8 ) %
A (Pimenta et al., 2023).
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Fig 6 Random forest importance ranking of candidate environmental
factors
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Boruta AN — e RRHER ST %, B& HEREANIH], REREAE 2 M IIZREER] 7 T iRk i
T M T H A& M HE R T RFE WARET B R SR, 7181 2 e SCIRIE R A 78 B fL A R 120
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Table 3 Performance comparison of factor combinations for two algorithms

Boruta RFE RFE RFE RFE RFE RFE RFE RFE
I A
HETAS B (100 (9 (8) (7 (6) (5 4 (3

R= 0.87 0.86 0.85 0.86 0.88 0.85 0.86 0.85 0.84

RMSE 0.16 0.17 0.17 0.17 0.15 0.17 0.18 0.18 0.18

PR ELE S P AL AR LS it 45 R R (
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MZIERE ) S5 . I IX M 2 EAHELE, BRSNS R TR E RS, JCHAEZHIX S A T, B
WA RRENT 7% 1) e B M AN AR G AR AIE . Ditl, ARSI B T Sk T2 T 2 R R Tl i) -Gk S AR A ik
ITXFEE, 4G BENLARIK (Random Forest, RF). 737 [FIA#kM (Quantile Regression Forest, QRF). ¢
FFm & [FJH (Support Vector Regression, SVR). i FE & F- 4% (Extreme Gradient Boosting, XGBoost)
FF RF/XGBoost [ [F]J9 7% L 4 (Regression Kriging, RK) FIMES MR (Stacking). HH, RF. QRF.
XGBoost C#% 2 WiAfF 5 UESEAE B 4 P X 358 @ M A b B R 47468 (Patton et al., 2022; Khanifar and
Khademalrasoul , 2022; Li etal., 20200, Tfi RK Fil Stacking £5 %4 @ ik 51 N 75 (8] 5k 72 25 1 BRURE AL fil & L
F T VA AL S 2% BT S5 A IO TG 5 R g Pk (v FE SR TR (Li et al., 2020)-

Fr A A3 F Python 2455, 437 Scikit-learn. XGBoost. quantile-forest & PyKrige 25 A5 i 52
o AN L, YRAZRIERR 7 DR TN, FE5—EAThRdE: HoE S a5 8 B =Fb
77 RAF 2N 56 L2 EEEFEAREAE, ™i& 4% 7:3 LB AR S RS . NRIESEuE &R 30
P, HBIRIR MRS (GridSearchCV) 454 5 #1538 XUHHIEI & e 25K

BAEKODSHKE: RF 5 QRF A K WA & (n_estimators) & 100, 7 & 7> 2 ¢ 1iE %4
(max_features) A 2; XGBoost #% i : %2 3] % (learning rate) =0.1, n_estimators=200, § X ¥
(subsample) =0.9, KA (colsample_bytree) =0.7, H AR (max_depth) =7; SVR #iALiEH RBF #
BREL, ETIRE C=10, RERLE epsilon=0.01, ZHRERE gamma=0.01; RK BERIEEZEEE 7K iz e B
SR MR AT 22457, Stacking f% DL RE. SVR Al XGBoost JHE2E 3148, W& (Ridge) AL 4.

ST AW FER RO TE LA S 0 A T i) @, B Ak g ) 3 Bhm i o AR AT IR U, S
IR MR A T 1% 22 0 EE AT 2R G VA, BRI AR Voe 280 (R?). ¥R ZE (RMSE). 1
Bifaxte 2z (MAE) LUET7 % (MSE) DY@ [BEPET FE AR, XSRS T 14 R #E AT 25 & L S5 17
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Fig 7 Comparison of validation metrics across different machine learning models
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2R, SVR BRI Z, RMCH 0.783, HIHiZZEFEFS (RMSE 24 0.211m, MAE A4 0.139m)
B s, RIRHAZIE R P ALRE 8L, ANRei L mAE LR R TR K

RF-RK Fll Stacking % [] R25J4 0.892 1 0.885, B&i#hT XGBoost, (HAHAKRIIMAREST. P
AMERR Z S brgE ETF (it RF-RK ) MAE 4 0.121m, Stacking ] RMSE }y 0.154m), {H#&{ki% 7%
BE T2 JE N, BB e bR i W 7. ARG E A RF A1 QRF Y R*% 51124 0.881 1 0.866, il
MPERefasE, (HiRZEBEHIMZE, RS MIE- LI R AAE—ERIR.

ZEAXTEEAT L, XGBoost fEMIREE FEUSRAELE AR . ZIRHA TR S5 X L 28BS K %A
FEXS A7 55 22 TR F AL R IE 0%, SHBEE T 2 AR BRI 5 A TRS; M FEASEA IR, =
) SRR SR, ZEHRIEIE T, IRTFERHER (41 XGBoost) AEME B A I JELkE 55 2, FFrl i i
W5 F KPR AR — E R T B G, RIAE A T () AR S 58 2 [A) e MR 25 A R, ARG 40
— B VAR T 15 F f BT, R R TR RS d . VRS AR SO S e S IR L i 2 ) S o e X 3k o
TG R VR R IV AR E 4518 —3 (Lietal, 20205 Yanetal., 2020).
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Fig 8 Predicted soil-thickness maps derived from different machine learning models

3 wHie

3.1 EFSHAP{ERIXGBoostiRE S AT {15347

45T XGBoost fEBLAL N He R I A M, HLIH A s FE Mk L B HEAR R, AR SHAP J7 125 AR
BUBAT R RE 0, DLE A OB R 7 B STk R HAE A 7717 (Lundberg et al., 20200

G BRERORDR 70 4 2 8 B A I DTk om 5 s B e b i B ADARR R T U i /N BR s Bl
TEREH 0.0 oA o % H 7305 + )2 JE A IE g, 22 6 i 5 .

B9 JER T 7 A REBEMEIR T 1) SHAP sSimar A (B CLEAED . UHERETRE (TWI D) H
B, AR S EEEXTROER) SHAP A, RIA/K & &KX L2 E B A & e E- . &
TS, TWL Deo b5 EIAKIXHEA (A Do) X L2 EE 2 IERMTTHER, 1l CNBL. RSP 5 Elevation %5 [#l
TR B A7 ) TR

FEIE [ BTERE 7, TWI DooffJMi B e A B %, BEHEUENE K SHAP [HEE BF, RE/KSOLERX £



BIEERA T RIE#EM: EfmsTEkE 7, CNBL BORH, HLIBUER RN SHAP ERARRC, 159
PR LR T B 70 7K I 25 Ry CNBL DXt ) T Ay £ =, 3 S35 TR LA 4 DX 4 SR B 1 SE P AR — B

High
CNBL h—
. TWI_Deo "
g5 RSP "* 9
I -
""i Elevation +
: 2
A TSc "
¥ A D ~iffp—
NH ‘”
‘ i L Low

-0.1 0.0 0.1 0.2 0.3 0.4
SHAP{E (/)

(e BRI 70 2 B RE T B ) DTk R B A mU E ph 3 204X
R THUE th/NBIR BUSAERT 0.0 R4 M2 7m i 87X 4 )2 B AT IE 17
SN, e NN A A B )

K 9 XGBoost B SR K 1 (1] SHAP 3L T ik 73 A1
Fig 9 SHAP beeswarm plot of key environmental factors for the XGBoost model

BT (A YESE L1 SHAP (B A, 3t 20457 7RG s 3 4 1y i i 2L ) (/&) 10). CNBL
FER L L /KW DR LB DY T SR IXEE M IEE, R 53 AR M UIARC;  Elevation [ A4 BI4%
MR, FEALEREHR X IR F AT TWL Dool5 A_DoofE/K4r & X (iig4s . KX 1
SHAP i WK, RPN 1RO IR L2 B R REMEEER: ML 2R, TSC 1L RHhE
DX I 2 e, R IR R AT REAE XL DR BEE 1 BME B B RO TR, NH S U5 22 3 T (11
REE, ARV BT T, BB AR R BOR IR . AT S, AR K SO IR AR TR WA R (7K ST
REXLREE) WEHETREED A (WEINIX L2808 BURGEBA RE R  Cnbs it
RILH A F R RERL D, TR T SR 355 2R 2 R RE TR LA -

KT 2 18] o AR L T FUIX A 2 T8 5 R A 52 FO e S T e S Rz 1 JE e, Y R BB
JRIESL IR i B, A8 S R B X 2 A /N o i AR AR S R B A2 5 K S AR A
A2k AN SIS EGRIX IS, SRR S =R R a5 B 1 iz R HERR, A
AT HREE: MRk, EBEBRANSESEILIERXE, RUEEESES, LERSEE. 454G SHAP @R
R, JKSOERRN TR R IR UTER, HAr 5 @A 7 20 m Ry, HAER 7 S R 8 A AT
VS

SERT T 215 B SRS AF R, A ST ST P vy s PR S S 4% [ ) 6 2 TRV BRI, (ELRE AR
T A5 RAE SRS 5 RAR AL L R TS W s SGE 8, AR IT X 4 = J5 R 2 ) A A AR TR AL R
fibs FFNJE S KAEA S 85 XA e LA A -

0.2 4\ f}r)‘ A

‘ s 0.2
LT 0.3 0.15
- A A o2 0.10

A Ly Y o e 0.1
i }xé s ’ b

0.0 Ay =) 0.0 0.00 0.0
£ 0 A -0.1 -0.05

0.1 x\ff“\“‘“ v ’“(\ | .10 -0.1
I & b R -

0.2 B ﬂ&f/ 0.3 -0.15 -0.2

r'&“ u})/)‘w%ﬂe
(b)TWI_Doo (d)Elevation
03 _{vg’gj"\g_j 015 0.06
02 X e 0.10 0.04
0.1 (EEL 0.05 0.02
0.0 [A &3 == 0.00 0.00
01 SRRy 00 iy
02 £ ?P“‘{ Y o0 -0.04
i Y W -0.15 .
0.3 i hgf,j", i 0.1 0.06
(e)TSC (f)A_De= (g)NH

(FE: BOAER SHAP ER KD IEE (LR Rz rE s A Ex + 2R EEN; il (E6R) &£
YL (I I



P 10 XGBoost 514 54 K 1~ SHAP 1A 425 5] 73 A 4541k
Fig 10 Spatial distribution of SHAP values for key factors in the XGBoost model
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