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J, BTz N T AN [ 26 AU AR Ak ) R, A fif DL
T AL E B T4 . Nurmemet 557 2RF GA
P 1 FEAR AR i, i A% X & (Grid Search, GS) &
AR S8 4 i T SR A 2SR B . TR
SN 5T PSO M GA Ak SVR BB R 280, &
B PSO WAL BE LT GA . Ll fF o3 B a4 i
A TR 2 ORI A A i v T AR RORG L A Y
AR L, S RBE LB A RIBERRL. 55,
PSO Fll G A FE 5 5t A6 22 1Ak v A0 455 75 2 B0OR A
AR i ) [ A5 0 1 1438 FH P R B0 0E .

BT, D3 g i v X A HE R AR S BF 5 %
%, 3T Sentinel-1 SAR . Landsat 8 OLI #l DEM %k
o RIS R IL A0 NI AR &, 45 & Pearson A0 43
Mr #1553 FF AiE AF & (Candidate Feature
Variables, CFVs) , 43 % £ A GS.GA . PSO 1 i
SVR Ay @ A5 45 i 545080 280, 57 AFF o8 X A SR i 1k
W5 (GS-SVR . GA-SVR ,PSO-SVR) , %
I AR HE X AE K R (4~10 H ) L o & i
(Soil Salt Content, SSC) 437 3 4 #1 H i 25 245 4k
DI O R A e B VR AN AN AR K R R B R sh AR
R fit—E MR 2%,
2 BWEHFZE
21 HMREXHER

o o)y 7 R DX T K Ll b o R R FE R 2%
(FE 1) . 3% X AR # B K 110~200 mm, 4 2 <R
7.2°CAEWZE R Y1 600 mm, A FE R, 8 M K
G N i R e B W TS AR SR
T 1) PG b A At K R 3 A S vk S il K N A L
WA o I Z S, N PR B K B b B R
PR, g PN FE A B L 0 Aol 3 31 7 X4 T+ T
Hb R KA, YR AR R Ak ) T

F= 5T X B A Y X R B AT R X 95
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S201 44 1B h 2k
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SSC S AR, A5 T A I Gk ABGIE o SRR AL

86°20' E
Ll

Z
s (=]
— BRRAR 5
SERIE - NENE 7 7
SAVI

44°45"

42°30"

72515

1 HERLERRESREE
Fig.1 The location of study area and the distribution of

sampling sites
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B, BEASAE SCIBORE 39K, [l S 56 %, o KU T S BR 4%
T, B BEE B A) S i 2 mm L 0 E N KB S &
(Ca”™" Mg \K".Na".CO,” \HCO" .CL ,SO,), %k
FHE T mANE T8 L g g b 4 & i, S IRIREE Y
by B (EAE N RE Y SSCHY
2.2.2 MBI

W 5% & HI 09 4 B £ 4 £ 75 Sentinel-1 SAR .
Landsat 8 OLI1(144/29) Al DEM %4k LA & SSC 52 il
Bl o Bl =S B A PR R IR BRI Ok IR SRR AR
BUR ) an 5% 1 fr s o % T Landsat 8 OLI il Senti-
nel-1 SAR A5 4K BT ] AT B 422 3 MR 58 X =
B B R Y RN R A R AR AE D S A
£ 2 SSC W Bh B . B8 X 7~8 H i Landsat 5%
BrEHERL NSA I HsEER Y, M7~8A
A — 1A

A, HL6 A 24 H Landsat 8 OLIFI6 A 28 H
Sentinel-1 SAR ¢4 LA K DEM i 4 $2 R 85 75 5,
S5 A R FE B 37 R 5 Ak W A AR R R A
V) (1% 2 B Bl S SR KA K R SSC o fii e N T
8 F 20 B7 , UL Landsat 8 OLT 5§44 3 B 6] Sy 24 K 2=
F8) B[] 5 05 o
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Tablel Experimental data
ol 23 (0] 43 HE 5 /m & E3/ S AG A 1]
Sentinel-1 SAR 1% 10 W 25 [ J) 20164 0417/0522/0628/0815/1002/1026
Landsat 8 OLI 1% 30 PR HUCER 855 7 H 2 (] Hb J5T 0 Ax )R 2016 4F 0421/0523/0624/0811/0928/1030
DEM 30 ESElEP SR PN 2000 4
SSC S K 4l - T 14 11 25 5 360k Lagy o] 20164 7~8 H

W 9E A i 5% 2L B 8 28 (Tl i M P i AR 4 6 4% 38
Ay PR S RS R AR A R) 2 AR e PR
M R 3 MO R 2R S 40 A BREE AR AR O $h5
AW AR B AR B (R 2) o AT, 5256 H 48 1Y 3k
B b 21 K A5 AR i 1 2 B 38 3 TavaScript 4w 2 7E
AR ER 5] 2 (Google Earth Engine, GEE) =¥ &
SEPL . KA R PR AR S A, GO P
R =0 BRI A 1k R AE 2 30 m, DA S 2 Y b
BRI Mo GEE &% IR 55 %8 3 0L & 435 F 5
=6, B4R T Landsat. Sentinel \Modis 2% T
R AR HL Y A2 Ak WAL BT B TS 2Ly
Br , I $244t JavaScript 1 Python i 7 i) APT4% 1, {f
TR AT 0 52 2% o B ST AR
3 BRI

ARG SR L E 2 s, B e T 28
B P IR S5 5, 45 G AH DG a3 BT, DL 3 A (p<<
0.05) 24y s #E I A5 B 1 1 A5 38 ¢ fiF 2% B (Candidate
Feature Variables, CFVs), 48 il A PSO . GA .GS
SRR ) A0 AR i A AR o SR S8, T E R
DXy 3 il 1 AL I 452 Y (PSO-SVR \GA-SVR,
GS-SVR) , 15 f Pt A A58 A8 S5z T8 35 400 30y 98 IX 19 A K
7% SSC 434 I 43 b Fob 25 A2 4k
3 ZRFEENSREEZE
311 X #H@EM

2 % 1) &8 AL (Support Vector Machine, SVM)
2 ULV C 405546 JXURS B /A Sy R 5 il 1 AL 245 27
SRR o H A AR R R AR 4 s ) e AN ] Y
B8 A0 0 A A% PR (R | 22 0 ORI AR ) 5 R ) B S
Bl i 2 o) DA F R W 43 1 4r 2K . B G A
AU bR BT e, SVMTE TR0 P 45 LA T & e
v 32 #%F 16 4 [ )9 (Support Vector Regression,
SVR) . K42 ] 5 ek A5 2200 A0 1) 2 8500 B 52 Br
FHARC R B2 WA F 5% 3 WA 1) 56 o 430 (28 5K
(D)ER SVR Y% k%L, ok IR 5T S50 C % o
S By R RRG BE 52 ) 80K i HE AT AL I o

K(x,x’) =exp (-y\lx—xllz) (1)

Hor: xR S HF ) o s o [ RAFIEZS 0] 5y RN R
B TESE Ly BN AR R
3.1.2 #@AEH %

W AE B R R S TR DL AR
15 4% A8 S o B S Al v ME SR AR AL FERE AR
DA B, e B 1) R g — A 68 32 figk 2E AT G B,
ok IR 0.1 KR, 1IN e 7R 2 6 I i 4
e, BT A T A 2 AE — R R R (R R
AN o 38 I XA A S5 Y BE AL 46 A, AR A A i
f 38 N BE bR, 45 G AL R CH AR IEHE SR
) SR ) R fE AR . b A R EE R R (A
KA B B AR R, 2 5 58 SURE S 1
M
3.1.3 EBFEL*

kL F Bf B 75 (Particle Swarm Optimization,
PSO) & T X & #f 56 & 17 M A 5%, i - i1 Kennedy
Al Eberhart # 1. 5 38 4% 540 1k (i F AR 0L, 75 22 4%
[) T (%) T A i 2 i E AT S B, 2 BEBL W IR AL, 25 &
T N bR RS, A B ik A a2 AR R v g e R A T ) 2R
H TEER AR KB T AL Bk kT A
2 B Rk (HLRR ) B Y AT R
JIE R T S e AR AV LA RORE T A B A B A
— > n 4k 2 ] SO0 R R, 28 ko aE AR R B A9 £
B X—= (X, Xy X)L HEHEN V= (V,, Vi,
o, Vi) TR kR T IRGEAR A Y B A TR
A (2)~(3) fiR.
Vi Ck+1)y=wx Vi (k) + ¢ % % (prey - Xu(k+1)) +

2% Fy X ( Gpest - Xia (k) (2)

Xo(k+1)=X,(k) +Vy(k+1) (3)

F: o, AR D3 52 B AL 5 g R BRI
AL E 5 id R A REH S id AR w R P
A g, JH AL WSO ] 5 ¢ 1 FN c2 4 5ok B B RAE & 2
AP ATEACH A K ] T2 Ry O~1 fY T AR M ST
1) Bl ALK

et FHRL - B B3 100 36 A 75 2 50ORI A AT A et
AR B 38R TR 8 SO AR A7 B TR R A B M A
A 11 7 B R H sigmoid pRE (A 20(4) ) 554 2 0~1
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%2 HE T Sentinel-1 SAR.Landsat 8§ OLI.DEM T FETE
Table2 Environmental factors derived from Sentinel-1 SAR, Landsat 8 OLI images and DEM data

2%
Z 5 24K At -
SCHK
J& ) BT R E(BC)

IH— LAl 46 L(ND V) (NIR—R)/(NIR+R) 6]
IR A — LA B4R EL(END V) (NIR+SWIR;,—R)/(NIR+SWIR;,+R 15)
B4R S BUEVT) 2.5X (NIR—R)/(NIR+6XR—7.5XB+1) (s)
A 1 SR A B AR U(EE V) 2.5X (NIR4+SWIR},;)/(NIR+SWIR,;+6 X R—7.5X B+1) 0]
o . - HEPE A AR EU(SAVT) (1+L)X(NIR—R)/(NIR+R+1) 8]
1”;%?; e e £ B B MSA V) .
ZHH I E(DVI) NIR—R 16)
FO B A 1 45 BU(R V) NIR/R 16)
KAPHPUE HF8 BL(ARVT) (NIR—(2XR—B))/(NIR+(2XR—B)) 1)
JT X SR B(GD V) (NTR?—R?)/(NIR*+R?) (6]
2 M A w48 BN (NIR*—R)/(NIR*+R) 6]
G R HTIEE(GARID (NIR—(G+ yX(B—R))/(NIR+(G+ yX(B—R))) 6]
R FREU(ST) VBXR )
e EC1(SID) VG xR ]
AR R 2(S12) VR? +G? +NIR? o
R 5 8 3(S13) VGIR? .
AR R A E(ST) B/R 0]
Hhor8H(S2) (B—R)/(B+R) (6]
T HRE(S3) GXR/B (6]
TR %(S5) BXR/G 6]
oy 1R %(S6) NIR X R/G (6]
5o J2 1] )37 5k 43 48 X (CRST) (NIRxR-GxR)/(NIRxR+GxR) 5]
o Ji ke 21 A1 M 2% T PR (@) 0.36X B40.13X R+0.37X NIR+0.09 X SWIRy;+0.07 X SWIR,,—0.002 a7
PR AT A UL b 3 2 B (@) 0.44X B+0.17X G+0.24 X R 07
TS B 4h 4 PR B 25 A (NST)\/(MSAVI- 1) + ST ns)
FFAIE 23 [H] B A8 BT BE 8 BURRAE 2 I (NWD) \/(MSAVI-1)? +(WI-1) (18]
WL R R A B E S T(WSD) /(1-WI)? +SI s)
JEFRE(GVD) —0.16X B—0.28X G—0.49X R-+0.79 X NIR+0.0002X SWIRy;—0.14 X SWIR, [19]
BRAHIN T BEER(WI) 0.03X B40.2X G+0.31 X R+0.16 X NIR—0.68 X SWIR;; — 0.61 X SWIR,, [
SEPE 4R LB 0.20 X B+0.42X G+0.55X R+0.57 X NIR+0.31 X SWIR,,; +-0.23 X SWIR,, [

BB B2/B3/B4/B5/B6/B7 B/G/R/NIR/SWIR,/SWIRy,
NS TR R/ /b R Elevation/Slope/Roughness 4]

H:B.G . R.NIR,SWIR,, , SWIRy, 43 5l F i (&% (40 UL 040 8 D20 A0 158 Dl 20 46 2 9% B 0 S8t 36 0 i I 40 40 1.2 (0 Dl 13 1 43 501
1.56~1.66 um .2.10~2.30 pm; L=0.5 Fll y=0.9 /& I RIS MI 36 280

Z[8] XA AR 7 B R (A ER(5)) . 32 SVRHERBESHERETEMNME
3.2.1 Pearson #8 % % #7
A HE 5% K FH Pearson #H 56 43 M7 %) 4 i i 5
gpn 2|l rand <S(ah (5)  SSC M (p<0.05) i FFEE 2 B CFVs, K
0 rand>S(Vi™) T Lmegem%ﬁxﬂimﬁrmzm,/\
HoAr . rand s 0~1 W BEHLEL . 5 3 IR AIE AR 5 3 R (AF(6)) .

1
S(vit) = — (4)
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CFV iwriginat = CFV i
CFV,. -CFV ., (6)
Hr:CEV, R IR AL IS 9 CFVCFV,in N
%5 i GEE hit 85 2/ CFV;CFV,,,,,CFV,,.,
Gy i CFV B B/IME S e R
3.2.2 ARIEF B EAREE

B A R BT S 80 i R AE AR A A AR
(B 3), Hoh 240 C K JE Sy 20, {3k 0~200, [H] BE
N 10; B8y K BE R 10, {38l 0~20, [8] By 25
CFVs i 5 SSC I 35 M G i 85 A8 i . a5t % F 0k
i, scNE;E%P:o 53 AR P,—0.1, kLT REE
/ztﬁ A w=0.5, 0 B Mtk 222 R 558
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Fig.3 The composition of individual structure
3.2.3 BAMEIFERE L ERBEKE
BT e AR A S BOR A R A SVR I B
R XA K F= SSC oA, BT PP AR R T D E 2R 8K

(Coefficient of Determination, R’) Fll ¥ J5 i i
(Root Mean Square Error, RMSE) . ¥ R 545 Bl
BL 23 B W &R 43, 7500 B R AR B T T I 2R B
2550 FH T 5 kA RUORS BE o DAt ST Y S Y AR 56 iE AR
i b AIPERE (R, RMSE) A1 g 0 A 5509 B0 365 10 % R
B (A(9)) o 5N B, R, RMSE i
AN BB RAR
201 (pi-p) *(0:-0)

NS S TR

R =(

2
_ (im0l
RMSE= 2 , (8)
RZ
Fitness=1 000 x RMSE (9)

Forfrs o, p, 43 590 A S0 AN TR 1) SSC 50 R p 43y
SN AN Y SSC BIE s AR R EL

4 HXR 59

41 SSCEIRET =2 B A Pearson X 5 &

SSC By 4t i+ 45 1E

R0 A i 2 1 R R 35T Ak W U A R PR AR
AW T A WA RS SSC Z M H X &
B M (R 4) . BRI L BR S6.B1.B5  Eleva-
tion , Slope . Roughness #I , H il 21 5% 48 7 # 5 SSC
3 A 26 (p<<0.05) , {H [r[#4 /N F 0.4 HLA 25 H 6 .
FEAS A 2S00 A A B AR B 5, SSC 5 fal i 4y B
ENG R G U TS R R B TS b T
TR G, 5 b Ar 8 50T HIE B R 3R CRRAE A3 (]
e B S SR 2 B AE O VE TE U A o o A AR RO
FEAE 25 (8] % SSC A B0 M O T 3 Al 288 7 (1 B4 455 A%
i, 5 SSC 3 A K (p<<0.05) . HIBE A 2
ORI 6 > FREE AR 4 T A% (1 344> PR BT AR i e [P
JFHESNZH W CF Vs

H P15 TR, 42 3 SR A B (2.65~99.50 g-kg )
BIE R 27.83 g-kg ', A8 5 R ECH 81.42 %, WF5R X Eh 15t
B L AR R R BRI 2 AR R TR A Y
SSCHM MBI B = 43 A ARl 4 R AE 0~40 g-kg!
I3 AR AT T 40 g-kg A A A X B I a3
Y25 4 (6.62~99.50 g-kg ™) Fl 5K iF 4 (2.65~83.65
g kg ) BMHE 2>l 28.25 g-kg . 24.62 g-kg !, B F
055 R 80.60% .80.98% o VIl k£ AN IR UE 5
A SR A B 19 SSC 43 A B A — B, BB 3 Il 2k
A 1156 1E B 1R TR )1 5 R 3 iE S T AT e L
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20 S5 SVR BB 2 HORI B B i 43 50 2 5 5%
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1 1 1
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Fig.5 Statistical characteristics of SSC

SVR) . Hot GS 535 4 3 0 38 5 1 A2 1 1 g A
BB S A, SRR AR ABE R 2 5 R [RS8 ) A B A
T2 BRI R AR BBt 26 4 BT o R [l A 0 A 1k
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#x4 AESSCHEEEIEE L

Table 4 Accuracy comparison of different SSC estimation models

I 2k

oA BRI 24 A

ik R? RMSE/g kg™ R’ RMSE/g-kg!  Fitness/kg-g"! C,y A5 N EL
GS-SVR 0.78 11.00 0.63 12.30 51.22 90,4 34
GA-SVR 0.74 13.16 0.77 9.77 78.81 110,8 18
PSO-SVR 0.72 12.56 0.80 9.19 87.05 100,10 14

i 2 4 70, A X GS-SV (R=0.63, RMSE=
12.30 g+kg ") 1M 7 , GA-SVR (R"=0.77, RMSE=
9.77 g+kg") Al PSO-SVR (R’=0.80, RMSE=9.19
g kg ) FE Bl /D AR AR 1 [ B A ARORS B S A AN TR
R R 8w, 3SR E g B 4 s T 53.87% .
69.96 %0 . 4 &l 6 AR, AN [ 452 Y (1% A5 2 B50OR
BRAR o 35 AN [R] , 156 B AR 750 2 H50RT 4 A AL o ) 4K O
Fo WA H AR i 5 SSCAH MR AT, IF R
Z 5 AR A, X 32 2R A Pearson A ¢ 43 A
AHE AR BE SSC X B/ Mg 1k 47 A1 A2 B 22 8] (Y 4R G
2, W T i e R AE AR B SSC W I A Bl ) 4 A

YER T GA-SVR il PSO-SVR % J& T 6 ¥ 5 4 25
it A RO TS A4 S R AE A S S 5 AR Y
#ENT I B A AR AR A 1 [ B SOk TR &
o MAX T GA-SVR I ,PSO-SVR 7E & 1K %
AR #B 23 0 53k A A AU 24 /T B A O i R
EiE R AR T LN NERIS AW R il
I A SE Al AT B T AR RCR AR PSO-
SVR s 4 B HAURE T GA-SVR(E 7) 51T GA
TR R 2 R B A& 0L R D) AT RE S &
PR L7 3L PSS

Sk TR L 3y ik R Y SSC ) JR EARAE  7E
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Fig.7 Fitness changes with iterative optimization
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SVR Salinization Monitoring based on Integrated Feature Subset
Selection and Model Parameter Learning

Xu Hongtao'*, Chen Chunbo'?,Zheng Hongwei"*, Luo Geping'~,

Yang Liao"?, Wang Weisheng"*, Wu Shixin"”
(1.State Key Laboratory of Desert and Oasis Ecology, Xinjiang Institute of Ecology and Geography, Chinese
Academy of Sciences, Urumqi 830011, China;
2.Untversity of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: Salinization is one of the main forms of land degradation which leads to fragile ecological environment
and low efficiency of agricultural production. Remote sensing combined with machine learning algorithm is one
the most popular methods in salinization monitoring. In terms of machine learning algorithm, the model feature
subset and parameters is vital to modeling accuracy. Therefore, accurate identification and optimization of mod-
el parameters and feature subset is crucial for machine learning based inversion and prediction of Soil Salt Con-
tent (SSC). Based on Sentinel-1 SAR, Landsat 8 OLI images and DEM data, a total of 40 environmental fac-
tors of 8 categories were extracted. In conjunction with Pearson correlation analysis, the Candidate Feature
Variables (CFVs) were initially selected. The CFVs were introduced into the Grid Search (GS) algorithm,
Genetic Algorithm (GA) and the Particle Swarm Optimization (PSO) to simultaneously identify the model pa-
rameter and feature subset of Support Vector Regression (SVR). Salinization monitoring models (GS-SVR,
GA-SVR, PSO-SVR) were established, respectively. The optimal model was applied into the SSC prediction
of Manasi Irrigation District in growing season, 2016. The results show that the extracted environmental factors
showed good correlations with SSC, and the vegetation indices and feature spaces were more sensitive to salini-
zation than other types of environmental factors. Compared with GS-SVR, the GA-SVR and PSO-SVR meth-
ods improved the accuracy of the salinization monitoring while reducing the number of feature subset, and the fit-
ness value increased by 53.87% and 69.96% , respectively. During the growing season, salt accumulates in
spring and autumn and fades in summer. The trend of average SSC of the whole study area and the central part
and the southern part was decreasing—increasing, while the northern part was increasing—decreasing—increasing.
According to the SSC violin plots in the growing season, it was found that the trend of SSC range of the whole
study area and the central part and the northern part was expansion—contraction—expansion, while it was expan-
sion—contraction—stability in southern part of study area. This study provided the technical support for accurate
salinization monitoring and dynamic change of SSC in growing season.

Key words: Genetic Algorithm; Particle Swarm Optimization; Soil Salinization; Support Vector Machine;
Model parameters and feature subset selection



