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Fig.1 Distribution of sampling

points in the study area
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Tab.1 Calculation formulas of spectral indexes

g HE R HEARY 27 3CHk
NDVI NDVI = ( NIR — Red ) / ( NIR + Red) [10]
ENDVI = ( NIR + SWIR2 — Red)/( NIR +
ENDVI SWIR2 + Red) [10]
DVI DVI = NIR - Red [10]
. CRSI = [ (NIR * Red - Green + Blue)/
CRSI 05 [15]
(NIR + Red + Green + Blue) ]
EVI=2.5[ (NIR - Red)/( NIR + 6Red —
EVI 7. 5Blue +[1() ] " (12]
EEVI =2.5 NIR + SWIR1 - Red )/
EEVI (N]R+SWIR1[i—6Red—7.53lue+l)J) [12]
NDSI NDSI = ( Red - NIR) /( Red + NIR) [17]
S5 S; = (Green + Red) /Blue [17]
Ss Ss = (Blue * Red) /Green [17]
SI, SI, = ( Green® + Red*)®? [10]
SI-T SI—T = (Red/NIR) x 100 [18]
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Tab.2 Basic statistical characteristics of soil samples

peem A SSC/(g-ke) SRR
WA B RoME VM R B0
BREEA 95 216.375 0.525 26.349 42.648 161.859
YN GAEA 66 216.375 0.525 25.576 43.265 169.159
INEREAR 29 145.325 0.825 28.108 41.908 149.098
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Tab.3 Classification standard of SSC
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Tab.4 Correlation between modeling variables and SSC
A5 NDVI ENDVI DVI CRSI EEVI NDSI S Ss
MXERE -0.637**P —0.605** -0.607** -0.504** -0.619** —0.601** 0.637** 0.636** 0.625**
A Sl SI-T MEEB WORME SOLMBL AORME IRZANME LTSN | BB LA 2 BBk
MXFE 0.614*  0.648"*  0.535**  0.551** 0.577°° 0.632"* -0.523*" 0.638" " 0.657"*
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Fig.2 Spatial distributions of spectral index and spectral reflectance
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Sk E MLR , PLSR ,SVMR F1 RFR 3% 4 Ft iz i 50 |
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Tab.5 Accuracy comparison of inversion models

UERS LoAE S
#Erk (R{\ZS?{) RPD 2 (R{\le:?{) RPD

MLR 0.480 3.098 1.397 0.599 2.608 1.607
PLSR 0.474 3.114 1.390 0.721 2.512 1.669
SVMR 0.575  2.801 1.545 0.594 2.624 1.598
RFR 0.870 1.550 2.792 0.766 1.991 2.105

MLR #R(f ] R 155 A stats H1(1) Im BREOW 1|
SRAE AT, 45 AL AR W], TR ARG 36 2 W 3 1Y
PRI AT DA i e DR A o 1) A8 4k, 3@ 5k MLR A7 (1) 9]
SR 006 TIE 45 B TN 45 SR, AT )0 g ) RN
RMSE 43311247 0. 480 §13.098 g - kg ™' . #Fs2HFIH
plsregress PRAGT PLSR 455 Y #E 47 11 25 , 38 3k A W7 2%
B, B E S 88 ncomp =8 I, i 3 A~ F BLST43 1 1Y BT
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3AFE W R TTER AR 92. 16% , L RS i 4K
U o BEVNZREE RN IE AL B (o TSR 50 , T 751 25
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SVMR #5571 P BEER e 4% s B S HE S 5 i 5,
PR R 35 5 6 e1071, 3@ L I ZRIA A2 m)
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SEARLE SVM 2 S50, 8 tune R EION A5 Y
AT AL L F RS 8, 45 R R W ke m
SVMR #EIZH0H cost =11, gamma =0. 09 , epsilon =
0.1, HAFH 40 A3 Fem i, 0 e ZRde ik 4R
BTN, IR RIS b P A2 0k
HiRZE, G5 R R IIGREE L4 X iR 22 o 1,302, 5
W B4 X252 R 1,569, @ ak i85t il ik
) R* Fl RMSE 43 %/ 0. 575 #12.801 g - kg™,
RFR A ] R &5 £ randomForest #4711 45,
Ir4E WAL H niree =500, i I 2Rt 1 (815
RN 3G UEAE HEA T F , °] DAk B, 7E 3G UE4E b Y 1
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PLSR F1 SVMR #7 [y 56 1 B2 K5 FiF 2 . (HA AR 1
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AN mary 38 3 H ] tuneRF R E0GHE — 2216
RFR 7 o SRR (AL S50 mary , 255378,
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FEA 35,4350 Jy 3.098 F13. 114, RFR BRI AL N
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AT LLIR 204 A B A5 L, vl s T SSC g il
My, SRTT, RFR BRI 255 B UEAE 1Y) RPD 43 5]
S 2.792 12,105, A F 2, i8] RFR 7 B B
B B4 B 7, BE 2 HE A M Ak 0 AUF 5T X A SSC
ZE Fr Ak o, RFR BERI 45 68 ) B 0 T
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Fig.3 Scatter plots of measured and estimated values for different inversion models of SSC
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Fig.4 Spatial distribution of SSC

in the study area
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Inversion of soil salinity of an oasis in an arid
area based on Landsat8 OLI images

HUANG Xiaoyu', WANG Xuemei'*, KAWUQIATI Baishan'

(1. College of Geographic Science and Tourism, Xinjiang Normal University, Urumqi 830054, China; 2. Xinjiang Uygur Autonomous
Region Key Laboratory “Xinjiang Arid Lake Environment and Resources Laboratory” , Urumgi 830054, China)

Abstract; The rapid detection of soil salinity using remote sensing technology can scientifically guide the soil
salinization control and the rational development of oasis agriculture. Based on 95 soil samples from the oasis of the
Weigan — Kuga River delta, this study established four soil salinity estimation models of multiple linear regression,
partial least squares regression (PLSR) , support vector machine regression (SVR), and random forest regression
using the spectral index, band reflectance, and the measured soil salinity. Then, it conducted the remote sensing
inversion for the spatial distribution pattern of the soil salinity in the study area using the optimal estimation results.

The results are as follows: (1 Nine spectral factors that were significantly related to soil salinity were screened using
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the all — subsets regression method, with correlation coefficients of all above 0.5 (P < 0.01). Among them, the
correlation coefficient between salinity index SI — T and the soil salinity was the highest (0. 648); 2 The
comparison of estimation precision show that the fitting effect of the four inversion models was in the order of random
forest regression > SVR > PLSR > multiple linear regression. Among these models, the random forest model had
the best fitting precision. Its training and validation sets had coefficients of determination (R*) of 0. 870 and
0.766, respectively, with relative percent deviation (RPD) of 2.792 and 2. 105, respectively, both of which were
greater than 2. These results indicate that the random forest model had a good inversion effect and stable estimation
capacity; () According to the inversion results of the random forest model, grade I and II zones account for
41.62% and are distributed in the cultivated land area inside the oasis; grade III, IV, and V zones account for
56.41% and are primarily distributed in the desert and the desert — oasis ecotones. Therefore, compared with
conventional statistical models, the random forest modeling method can yield significantly better estimation effects in
the inversion of soil salinity. This study can be used as a reference for the monitoring of soil salinization in oases in
arid areas.

Keywords: spectral index; machine learning model ; soil salinity; remote sensing inversion; oasis in an arid area
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