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Inversion of soil salinization in western Jilin Province based
on XGBoost and Geographically Weighted Regression

LI Chunze', ZHANG Chao", ZHANG Haoyuan', YANG Cuicui', LI Shaner', YUN Wenju?

(1. College of Land Science and Technology, China Agricultural University, Beijing 100193, China;
2. Land Consolidation Center of the Ministry of Natural Resources, Beijing 100035, China)

Abstract In order to timely and accurately applying multi-source remote sensing data to extract soil
salinization inversion characteristics in arid and semi-arid areas and obtain spatial distribution data of soil
salinization degree. Taking Da’an City in western Jilin Province as the research area, Sentinel-1 SAR,
Sentinel-2 MSI multi-source remote sensing data and DEM data were used to construct a soil salt content
(SSC) inversion feature set. Combined with the BorutaShap algorithm to optimize features, the coupling
Geographically Weighted Regression (GWR) with XGBoost regression was used to construct a soil
salinization inversion model. The results were compared with XGBoost regression and GWR inversion
results. The results show that: The SSC inversion features of this study are concentrated. Salinity index and

vegetation index achieve high importance ranking in the BorutaShap algorithm and are important features of
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SSC inversion in Da’an City. In the soil salinization inversion model constructed, the A% and RMSE of the
GWR model are 0. 48 and 4. 83 g/kg, respectively, and the R* and RMSE of the XGBoost regression model

are 0.54 and 4.35 g/kg, respectively. The prediction accuracy of the soil salinization inversion model

constructed by coupling GWR and XGBoost regression is significantly improved, with A and RMSE

reaching 0. 63 and 3. 71 g/kg, respectively. According to the inversion results of this model, there is strong

spatial heterogeneity in the distribution of various types of saline soil in Da’an City. The SSC shows a

gradually decreasing trend from southeast to northwest, which is basically consistent with the field survey.

In summary, the coupled GWR and XGBoost regression model constructed in this study fully considers the

spatial heterogeneity and nonlinear relationship of the inversion characteristics, which effectively improves

the SSC inversion accuracy. A more realistic SSC spatial distribution can be obtained. This model can be

used for the inversion of soil salinity content in arid and semi-arid areas.

Keywords

feature optimization; western part of Jilin Province

R B O R Ak, R AE th AR R
s A R G 4 R o S S B R IR
o REm M BT R RS
2% i — AR A Kl R R R, S BEAR
TSRO T RESE K SR Bk M gk Bk
i 4 4 58 T AR 2 O 9. 55X 10° hm?, 11ij YK A= #3551k
M2 R 7,70} 10" hm?, H p 5896 78 HE W X,
T [ oM 29 A5 9. 91X 10" hm?, & B 40 £ii 76 3% H
0 | AN | At AN N G R D W S ) W [ ¢ O R 2
L R A S N 1 7 F N T2 NN S E e w2
TR Ao W7 NS T T | o R /Y (T ¢ e o ES N 44
P 2T = 1 M X, Bl = o 1Y -k k5 A AN
PRt , 7 2 5 e T S L AR BT R RS R LR A BT
TG 4 R AL T A X A M 1 B 2E I
KEMAMHAAAEZEZ L,

X3 0 B 4 M A0 A R AE B A A G R A
a3 ] S BT M DA SO [R] 25 R0 k35t A S 8RR I 22 T
(A AE 2R M 6 2R, 4 R T Ak A WD A O IR RS
ZHTEAR \SAR AR 55 22 U5 18 S LA K Y 5L
i, 4 G Hb TR A, AT B R DX I R T AR T
ROCRRURE BE . G U BE R AR A A P B
JE R AE  BR0E AR e [ 7 SAR SR Je H AT AR (035 8
S5 802 ek 4 O i RO () AR REAE S R AT
L3 5k 9 /0 3k LG R B v A AR 1) YIRS B RNV Ak
RE 1, I AT A 0 DL AR o M A R A s A
B Xt I ML AR PR R0 A B A A R 3 Ak S e 1)
2N o RN o TR R = RS Al o & 11 I 1
SR A Ry A . Ge 21 IE T Boruta $EAE
TE BB R 2 A B A o o) SR B i AL L 4
W15 R IR 55 P A R R 3 Ak R T

soil salinization; remote sensing inversion; geographically weighted regression; XGBoost;

B BERRAE o 18 BCRRAE 5 R AR Ay 2 R Ol Lt
KR WL 2 2 J7 38 A 3 v 2 50 R i ol 2k
LR 15 A B N AT e = SR i S
UL Zhang ABUE F 0w Bk SAR B L =L T
BT — o B B 2 45 Y 4 R 4y 8] )T A A
(DNN-8), S T e $h 43 % 18 19 ) . Brungard
ARV T 11 A ML 2 ) Bk, e BB L AR AR S
02 2 RV EEORS %% 1) R AE 7 v Al b o 4R v ) M o
PELURU3 A RS B8 o & i B 8 A 1 b L ASC [ 13 AT
A b A s R s T AR S SR AR AR L 5 R
AENE I X Ll v HE 4 | i BE AL [ U5 e AL AR
R 3 ol - 18 6 757 Ak S T A A % 3 b A AL (] 01 A
R n] e B A 1 JE 1 5 bR B S 38 S [A] AR A S TR
P IR TR S BT AR B DA G BRI
T fi8 7 b B PR BT A% 44 AR OF HL A ] BE B
T, R oy R AR T . 2R MO S 0 T A
Y o A S T R T R X 4 R m R
LR EE, GWRE AL FI ke T A
SCHE B AIGE 2f Ae GW R B BE S 4 5 IR A
BN R X R S R, XGBoost Bk T 1fE
R Z R R AR L R T & 220 L3R 4
THRMBESR, B, 454 GWR 5 XGBoost 5.
TR IEAT A R AL BT B AR S A T A R AR F
¢ LA PR PGB KA T R A5 X, ) 22 U5 i Uk R
A gcds 5 £ gk )2 90 & & & Bis &
BorutaShap 5 2 i fb 2 38 ¢ fE (9 2L b F, #8 5&
GWR 5 XGBoost Al I3 #:47 L B Eh wifb i, IF 5
XGBoost . GWR 53k [z 18 45 %t o A, & 76 W
22 VR 8 TR I I B K I o A T R R R X
8 R VAR R Y A R A AR B L DL O T R R



2 3]

PHEEA . T XGBoost 5 1y BHUIMAL IR IH i 75 bk 4 74 A 1 38 50 Wi Ak S i 3

T DX T R A RS
1 HREB|AESTHIE

1.1 HRRER

MR K2 T b Ak 3 AR A b DX P b BT
J b e S A T B R R R A AR O b R B
&) H A B KA . MU HE AR AR R 1237087457 ~124°
21'56" E, 44°57'00" ~45°45'51" N, i B 25 N
4879 km’. 3% X I M BT 3, AR VG B g, R R AR AR
MR 120~160 m, £ HEER 73 5 F FUR F v 3 AR b
DX o R T b A R Y R I 2 XU X, B e
ZW L EETHRZR., BKEETAMMR,ERT
T L, R R s AR L, R T 4 1
R A R A S S e [ R A O B
N, KT ER A M 1 AR AL 640. 31 km?, oK T B
FUB) 13, 12% A UK T8 b F0 55 dtb | 3 2245 A 7 v
IR 0 4 X R % T AR b b 2 O A
- IR PS4, P R R RO K £
S B S = S B s B O R (N o i w
£ 35 b 3 SRR JRCT 9 A LAY X I, A OY KBRS f
B AR P R R A R A R LA 1
1.2 TEHARERSHBENN

CEA 5 A MR 2R A | b AR RN
IR T, 26 BIF ST IX A 15 89 A RAE A, ELACR AR A 40 A
ULE 1, 20214E 5 H 16—25 H S R4 HIERE N L R
FF R0 GPS AT RAE S AL, 5T #0500k (BE &
10 m) AT B HERFE  RFER B 0~20 cm, T HEFE

123¢ ?0' 0"E 1232 4}0' 0"E 124° ,0' 0"E 124° 2‘0' 0"E
& &
= =]
=3 Lo
- +
o o
Al n
= <
& &
S =]
=3 3=
N Q
[ o
w n
R ~
& [ K#ili Da'an city 4
1=} ETA e e
> —— T Main highway [ 2
o@ \ FEEKE Main railway °Q

(I) » 1|0 2|0 it o RFEAL Sampling point
IR B
123°20'0"E 123°40'0"E 124°0'0"E 124°20'0"E

1 HRRBEAE

Fig. 1 Location map of study area
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Table 1 Descriptive statistics of soil properties

ik 7n e KA e /MA M T 1 22 TRFZE/ %
Index Max Min Mean Standard deviation  Variable coefficient
SSC/(g/kg) 30. 35 0.37 8.57 8.37 0.97
pH 10. 22 6.99 8.50 0.73 0.08
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Table 2 Inversion features of SSC
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