, 2019, 34(12): 2717-2731 http://www.jnr.ac.cn
Journal of Natural Resources DOI: 10.31497/zrzyxb.20191218

T &, ZHE, T4, PACHIKIN Konstantin®,
R PEE,HER
(1. E BB e A A 5 M ZE T e 5 2 B 5 T S0 003, 1949 K5 830011 ;2. P EIRMEBE R,
JE5T 1000495 3. H ERR2E B Ao 2L A S IR EEHEIE L, 8RS 83001154, I B s lHH +- ekl 2= kol Ak
2EWFFT  PA B SO BTRAE] 050060)

FEE . Hlansr I 856 2 I8 A I 0K o i (SMC) J2& H F SMCHFFE i #8, BR#b
HIRIRIE GRS EE SMCR WA T, SOE 45 RAFE— R MAH &P . A Sentinel-1 5215
MODIS j*~ i Fil SRTM i , $2 B 14 J5 10 B REEE 324> SMCSZ A H -, ZAH G F e 45 27
A E 1) SMC R A F (P<0.05) E A R 7, I =AW 7 A X =4 FA55 5
S RENLARAR SRR 1T BP MR 4% = FAILAS 2 S kg G, RIS TR MRS & i
HF R 46, I SMC OEAS BE fems , 1Z4H & ¥ iR 25 RMSE 4 0.039 mP/m? K% 5 9 T
B 2017 A K B IR I s b T T SR XA T SMC, S5 53 A EFF 2 R SMC gk 2
BRI AP B 2 25 FEMME SMC K& Z4AL. SMCER T2 H
T B S A I FRAR PRI 22 R R . FRT R A H SMCE & T 1S, SMC
114 25 428 PR 2 o 8 5 b R b A IR 5 76 52 2, K A0 1) 4 PR A 4, A FH T VG
RN TGS 25 o K R, S s 8] PR R R SMC ZS [ 25 R
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W RERRE LUK 05T, TSR RAE R 1 8K S 23 R AE , {H i 28 (8] 53 B¢
RAM, BEAREHTH/NRBERAR B SMC W, BT 300k Bk (synthetic aper-
ture radar, SAR) MJZ5 5P mik® Py BB ALEL ITE SMC s 3R B B s
PE, (EAGRE D) 32 B M MR FE 5200 . 15 25 E 45 6] WG LU /MR 5 SAR Ul i 1t
R, JFREET 2R R 1Y SMC SO BAS BAFRCR Y, (28560 5¢ R BRI HAE

FIHZ U5 B, B TR SMC 5 m A RO R s FEHERE L, R H+
SHLERF S IS G i SMC RGEBRY, $ISMCI 25 8., BA BELE, Homlk
N SMCWIFERIE Z T 02— fEblgs 7T BT SMC [, BP £ 2% (Back Prop-
agation Neural Network, BPNN) "' EF# 4 AYAEL PEMLS 8 71 M2 bE, HA A
JrriB i/ NAlEE, Z e G SCAFM R I (Support Vector Regression, SVR) ']
AL RS AR REE, (HRWRE TR EE R REL D LI R T LR 2 ) SMC
B B E W T, WoR I RAFROREEE | B U AR AR . FEPLARAK (Random
Forest, RF) ZAbRE 100, ATt a, (HXTME B R AREAS U %, RF 7E SMC J2 i
N I A A A Yy B 2 SO B AR B2 0 Y, BT BPNN, SVR Y
SMC AT, F A58 E il Fih%dlE (W RADARSAT-2/Envisat/Sentinel-1) )5
IR R vy, VH) "R A RE ST WO 2T 4MEdE  (41MODIS, Land-
sat) FREHE AU NDVIPO LU SGX B AL &Y, /D% IR . 7880k . B %
X5 SMC 52, X AE— B B 52 SMC R HORS B, 389 H S v 45 S AN 22 P

BEXT R ML 2 5638 BRI SMC JGEMTRAFTERIA 2, AR E et T2 IX
SMC 5H FFm A B AgAHSEME, #4 BPNN . SVR Il RF =ML as2 > i AE T2 X
R SMC JEE I s FERCEERT b, e8Pl EPLAR S > ik, T A bk | 2
(Google Earth Engine, GEE) V-5, Szt HA K Z SMC R A8 4k, AR SC %
W Bir k. (1) 5T GEEV- 5 2 iFEBEGE, R SMC M T, BT ik
RS AR SMC B S A 5 (2) BEEE R R i s R ak I X, #R9
ANN. SVRHIRF = Ff AL g8 ) 05 i SMC Wi Ve, SRR HLAR 7 > 7 kil
SMCHENAS B ROHA ST (3) KLU 2017 AE85 R 1T vh I Ui U E % A T AR K 2 smC
Bzs 284k, 43Hr H ) 28 S ASAHIE .

1 W57k SRR

1.1 R XER

BRI A R YA T % v S L A R A R e N (RIFREEIA M) RS
PO BURIEIN (FRIFRTEM) Y (61°14'16"~71°12'9"E, 40°29'50"~46°13'59"N), Hukb & 2=
ICHE . B 7RI ma R s SO B VD5 20 2 km, PHIG )R, AREERPIEL . Bl Arg
BRI (D). 3493 6~12 °C, M E<200 mm, AFERFEZEEUR 292000 mm, %X
BT, BRI . WEZEEGR R, R TR A KR T R . Hel IR
AAROLE, BRI R R AR S AR e PG4 AL LR AR SR R
i, R BB AR M AN RS o B K] I T b e i B AR R R L
AR E, TR, R B E T O RS A, R TUhAR &
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Fig. 1 Location of the sampling points in the middle and lower reaches of Syr Darya River Basin

(1 2) o ASCHIFTEXT GBI A 8 KT i sl b T A FH Xk SMC ) 33 37 1 1 3 78 0k LA R
AR AEAR BT R

ARSI R IR AR FH A b PR A B B, K SR R T R A B A 4 A ESE - IX
(F 1), 75 BB R b e, REGMEE, Aok &0, HEG
Sy AT I AR &I 250 m AR Sk, P A BH i b AL R (R s ] SMC 9 e i X RIS (i
X, IR A 250 m &5 SRR R o3 G e B AR PE PN Y A T DX 3R 43 40l 43 S
FX1 (FX1) AR FX2 (FX2) XFHRE. N, KA B iR
A R B PR A B DX 43 R T3 A 2 AT DX, T U S AR B R 8 S i X R S g T
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| 0 FX1 8 FX2 0FX3 8 FX4 0rb a 0 TRI+TX2 B TX3+T7X4

b a b a
ORI AL T HORLZH AL

P2 BRimiaidslrh N (0~10 em) M{E SARIMEZE %S AR
Fig. 2 The spatial characteristics of means and standard deviations of soil texture in the middle and lower reaches of
Syr Darya River Basin (0-10 cm)

X3 (FIX3), PR REMIX R A X4 (F1X4),
1.2 HEKIE
1.2.1 Google Earth Engine V- &

HHHERT | (Google Earth Engine, GEE) & HHi# 0 i nd i BREHE R 240 =
FH5, GEE#A KiEiE B A1, SRS PRI TIT3 MRS, SCHF JavaScript £l Py-
thon 15 & WU HFR P 44 1 (APD) . BE 5500 TR, JET M8 BT A& IR 5T 5
KAVEAE AL B #7505 B2 38 . AR SCIHET GEE - 5 AR B 5 Frifs iY@ Bk s, Jf %
FIHZ- 6 BTS2 BRI g8 2% 2 O AR 58 i SMC S i o
1.2.2 ¥

TS K A0 4 1 SR Sentinel-1 SAR 1% . MODIS 7= 5 53 Al SRTM =5 A2 4k
Pl K SMC BrAh st (1)

BT GEE VG201 7 A K= (4-10 ) SMC B %5 [ i I 21y MODIS M3k A
YIS B . Sentinel-1 SAR SR L & SRTM i R 44

GEE V-5 T Y Ig s A A4 J8™ i 55t , 8928 17 WiAb#E . XFF MODIS 7™ i s ) il
AP, AFERRSIRCIE . LA IE RIS IE S . DEM R i ok RAL B 14 e D 22 il
(Shuttle Radar Topography Mission, SRTM) V3 i, Sentinel-1 SAR %4 i [ Kk =5 Jm)
(European Space Agency, ESA), ZAHFFERHIAY SAR &l 4 C R B T 5ilE (IW, in-
terferometric wide swath) HsEEZ M= (GRD, ground range detected), btz i
HAk. GEE-F-15H Sentinel-1 $54l 7 Ak B BRAFEHUE T BB IE . RIS o) 1 1 744
MR R L ARAIARCHE . JE T SRTM Edi 1) 1E S A% 1 LR I ) 5 3R B e 4R 43 DL
FERIHIK B8 25 Bl g e e =

AR AR AL FRAL R Ry . #E GEE~F- 51 JavaScript AP S 1a] ol S0 T s 18 AL
e (F1D) AL LI20174E4 H 1 HAH 1 HAGARY . ZakmfE), #i# 16 d e
SIHERSTRIME SMCHZ R F AR (R2), B &A ™21, L4 14 R+
B, TR SMC BT E AR . WFFE X 6 4119 MOD13Q1 A # 48 B0™ i A7 1E
Fr i TR, AR R RS MYD13Q1 B, A5 S k4 VT e LA 5
SRALER, A =R R AE R A B R AE 2 90 mo FE TR . mERG Y 2017
4£9 H Y Landsat 8 5245, i H AL PRERBCR H o3 A ) R i Bds , FIHIZR s Bl s
L SMC R BHAS Rt T#8Y .
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F1 BRAP TR 2017 EEKFESMCHERBLE
Table 1 Data of SMC inversion and analysis of farmland in the middle and lower reaches of Syr Darya River Basin

during the growing season in 2017

ol 23 (6] 43 % /m 6] ] 43 %% /d HeIR Ji:Bzs i [

Sentinel-1 SAR 5x20 12 ESA(https://scihub.co  SMC i FF 20174F4-10 H
pernicus.eu) IS VeI

MODO09GQ Hi 2 )5 8 % 250 1 NASA(https://Ipdaac. 20174 4-10

MODI11A2 v4 i i55E 1000 8 usgs.gov)

MODI13Q1v6 i k45 %1 250 16

MYDI13QL.v6 i # %k 250 16

MCDI15A3H - AL S 4L 500 4

MODI16A2 v6 ZE Rk 500 8

MCD43A3 Hi 3z IR % 500 1

SRTM v4 &= s 90 CRIAR(http://srtmcsi.
cgiar.org)

SMC S ¥t rhERRERE RN %5 201749 H 18-20 H
B T T 25 ST

z2 HBRARIE R T SMCEIEF

Table 2 SMC factors in the middle and lower reaches of Syr Darya River Basin

SMC 50 P F-25 7 E2) PSS
i Py P Jei T 2 8% (backscattering coefficient, BC) BCHIMH A KA A/ M
F A JA—AEA e % (Normalized differential vegetation NDVI¥HE A KA A/ IMEL
index, NDVI)
HASRRIFE 9538 %0 (Enhanced Vegetation Index, EVI) EVI¥H /A KA /A /IME
MR BEFE  (Soil Adjusted Vegetation Index, SAVI) SAVIYE /B R A8/ B/ IME
WSS (leaf Area Index, LAI) LA E A KA e/ IMB
AR MR (Surface temperature, LST) LSTYE/ S RAA/ e/ ME
FER AR Z&H% (Evapotranspiration, ET) ETYE /A KA A/ M/ R FEUE
TR AT DGR R R (Albedo in VIS, A1V) ATV A/ AE A M
UTLTAME R R 4 (Albedo in NIR, AIN) AINEIH/ AR A A/ IME
P 2 (Elevation) e/ /5 1/ T RIS

W (Slope)
Wem) (Aspect)
LRSS (Roughness)

20174F-9 A 17-20 HFES /R T T it 19 5 A508) BRIk 1 JRl 3 i 47 Hi 3R 0~10 em SMC 55
DGR A, T SMC BRI R 5 50IE . 7 Google Earth 3 /82 1% I A B RAEAE
Jiy SRFERL, W RZA B 5~20 km Al B —ASREERE T, BT HCIR “MEAETE A A
7 FERN 150 m FYFETEVE Bl N A0 B 3~5 - RAE S . 7EEF4R F Hydra Probe I 7l 133
R IBRAR X BEAS RAE S 5 Uk, S YR {1 A (B R i R A i 30K 43 % & SMC
(m¥m?); [FIEF, RAEHE R GPS B B AR A S T e o 3 RINA I 1SN FE
HoRAE 61 DREES, B AT H M 7E 100 kmx80 km JE I Py, oAb 40 S RAE S AL T
AP,

1.3 AR FE
B, EGEE-G M, i MEHTSCHT A (1) 38 B Ab B 25 BEXT Sentinel-1 SAR 14
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MODIS /ity . SRTM i FEEUEEA TAL BE, FFARISMC M T K SMC S5 9 A
55 2 WA sE e AR E A AR OC e, e RS SMC B AR DGR A (P<0.05) BN
SMC B R F-

SRIG, FET9HMSMC RGEA T, it =4I A%, AR 7 90 s
K15 SMC SZIEAE M A K, 435944 ABEMLZR M (Random Forest, RF) "7, 3%
FEmEEH (Support Vector Regression, SVR) ' BP#iZ: %% (Back Propagation Neu-
ral Network, BPNN) =Rl 0k, MR SMCHLAR 7~ SOsiie iy, JFgEfy
FEREVEMY o R AUR R, 75% M9 S SMCEE T2k . Hir 25% T 50 UE, AHt
FEEF 3 P HEAR AT SMC ROEA & R . FIERE (R B2 ( RMSE )

(1)

(2)

YiZ Vil 100 (3)

1%
MAPE= ;2{

by, SEIE;  y, MBORRE; Y, SRS IE ;AR

TEBLIERN I, SRR AL~ e ARl 5 22, i 2017 4R AR K 2R /R
A SMC IR 23 4345

KR /N E 2 R R SMC . MR E LST . MRS B ND VIR 1 338 J5 H (g sl
BISF

RF 5T Bagging A, MFAEALE P e sl k MINGREEAEE , BN IIGRFEAR R
H—PRIL B (Classification and Regression Trees, CART) ", SRR UM A9 55 D
FEAE mtry MUFEREAREE B9 MANFRIE e B, 422 BT N 20 BE e/ N i )M R s 45— e LA
TEXS Y ST 2R K o RIS 1 [ A 25 5k 430 kAR SR A [l 1T 25 S X (E . RF 2
R, PERERRE . 7E GEE V-5 il AR R BB 5 pR 458 il RF BRI 4

SVM FEAE L K iy A AR ) @ BAT D0, AR Jirt B g 2 o S 28] 5 4 25 [
th, R R REAR AR MR S R AT WO L T 4y, R BRI B A U B AN
[F2E . SVRAE SVM BYBEA JFHE F I A e NEUR R £ AL SEA S 2R, 7E MATLAB i
7 libsvm T HA7 H Rk FH MRS R 60 2 SVR 5L, 51 GEE F- S A AL 5 ik, 58
A SVR B AUFE

BPNN®™ | HA AR AE L PEmL 8 )1 5 M4 221 . BPNN IS5 EHMAZ, B
JEFNE)Z o AR R 2 B AR T AE . BE S S R BOE R 2R ME . 2RI
FEA SRR R 25, WP AR SR 22 07 R R R R 7 1), S 1) 13 I 4% X AU A R R
R AW . A MATLAB i 5 Neural Network T4 5¢ i BPNN (4%

2 SRt

2.1 SMCHIEZEZIEF
AR % B SMC R R 2, AUFGR By #ar . fgk . IR, 2Rk . WiE .
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AR R AR 6 R T 32 SMCE R 7 (362). BRHIEAR & W e (EHAh, BA
AR TR, HARSEEmME TS5 SMCHE HAAME 5 NG T F A R A 8Bk, A
ORAR R ME, 1w HHAE (KA. e/IME) X SMC RIBEAFAE A 1] Z 0% [ 520
LA B R A8 S BT E IO () MODIS 77 it B4 5 Sentinel- 1 £l i, 48 —4& 8 16 d 1R[] 43
BRI BIA BME (mean) . fe K (max) . fe/ME (min) 3R, F1EN SMC R
T WAL S, KEUk (ET) S22 SMC I BR8N )y, fERAERK T,
Br%Z IS HIME AR S, HAERZENREFUE (accumulated ET) [FIFETTE S &,

s R (3R3), FHRMEGTREE R (Albedo) 5 SMCHWIMHCHERAL, 7T
WIEH R IR (AIV) SRR R (4IN) $H(E . oRME . T/ IMER AEGE
Fl 8 0.67~0.76, @3 (P<0.01). H#ASE NDVI, EVI, SAVIS SMC MR, —
FHME . R . B/ MER AE I 0.35~0.62 (P<0.05); LAIBYH/IME AR AR 1
(»=0.74, P<0.01). J5InECHT REC (BC) M9 3 WA A S M AT, ~»{E LN 0.37~0.44
(P<0.05) . HuJE7AZ & @& 2 Elevation 535 0] Aspect #H MR, 24351 -0.68 F10.56
(P<0.05).,

3 HBRARE AR TESMC S ZNETFHEXES

Table 3 Correlation analysis of SMC and SMC factors in the middle and lower reaches of Syr Darya River Basin

TR Tk B T K 43 R Wy HJE A SR S S AR
r P r P 2 P
NDVIF-¥IH  0.615  0.006 LSTV-¥){E -0.385 0.034 ALV A 0.673 0.002
NDVIHKAE  0.584  0.009 LSTH K -0.757 0.000 AIVIKIE 0.723 0.001
NDVIE/ME 0584 0.009 LSTH/IME -0.492 0.026 AIV e/ ME 0.701 0.001
SAVIEIME 0358 0.042 ETV-¥1E 0.100 0.356 AINF-291H 0.698  0.001
SAVIFRIE 0354 0.047 ET 2R -0.328 0.050 AIN e KAH 0.726 0.001
SAVIf/IME 0373 0.039 ETHe/ME -0.334 0.048 AIN 5/ ME 0.752  0.000
LATFY1H 0.183  0.197 ETH:KAA 0.394 0.031 Elevation f& P2 -0.682  0.002
LA R ME 0.165 0.270 BSY-H41E 0.437 0.031 Aspect 1] 0.556 0.013
LAI e/ IME 0.737  0.001 BS KA 0.379 0.037 Slope i -0.238  0.188
EVIF-#{E 0.380  0.032 BSH/IMH 0.366 0.040 Rough WiIHLRERE  -0.242  0.184

EVIE R 0.526  0.018
EVIHIME 0.526  0.018

AR B A1 S A R LA YE . LAT S KA . ETF3{E . Slope 3
& . Rough Hb IFVHLURE B2 45 5115 o
22 RESMCRERZE

BT SMC ATt iR A G HE (£4): 5B—4HSMC K F27% Pasolli
SERIBETE, A R ELR AL VY R IR S R U R A A 4145 G Paloscia A" K
R, BB VYIS I EUR R EUS NDVIZS A AE R SMC RGER T 58 =i h £ 2% I8
PR SMC RO AT, BT Bk =290 %, 405k iR RF. SVM., BPNN3FifL
e IR, W SMC RO, FET I (461 RAER) SEAERBe (159 RAE )
K G T RN (RF) 456 WA ROE P TR 80 SMC ROERIRURE B s (K13),
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®4 TRREAGHSMCREFESIT

Table 4 Quantitative statistics of the SMC retrieval with different combinations of parameters and models

o . FET NGRS ST FET R RS ST
Hlagp I fm RIHE R
R?  RMSE/(m*/m?®) MAPE/% R RMSE/(m?*/m?) MAPE/%
RF |44 0.69 0.041 112 0.52 0.065 175
NDVI+VV 0.78 0.038 10.6 0.59 0.054 135
SRR 0.80 0.035 10.3 0.68 0.039 10.5
SVR 474 0.71 0.042 115 0.53 0.056 13.8
NDVI+VV 0.75 0.037 113 0.55 0.059 13.7
i R 0.78 0.037 10.7 0.64 0.043 10.9
BPNN 44 0.69 0.042 11.4 0.49 0.086 18.4
NDVI+VV 0.73 0.039 10.9 0.54 0.059 14.1
AT ¥ 0.74 0.038 11.0 0.59 0.052 11.9
Sk N Y 08 r AL
a. YR B b. BAEHBE
0.6 * .
0.6
& &
E 04 . E
O o 04t
pi=i ? pi=i
2 02 X R=0.6831
®  RMSE=0.035 m¥/m’ 0.2 RMSE=0.039 m*/m?
MAPE=10.3% MAPE=10.5%
0 . . . 0 1 . . )
0.2 0.4 0.6 0.2 0.4 0.6 0.8
SEMSMC/(m3/m?) S SMC/(m/m?)

[#3 Sz SMC FBENLARAR RE 454 22 8 104 52 3 SMC UL K]
Fig. 3 Scatter plots of observed SMC and retrieved SMC based on The Random forest with the group with all input parameters

PRHZ 5 B T RO RFFEIX 2017 4R 4 K2Rk FH SMC I 28 434
2.3 $5/RIA TSR H K 43 B B 2 45 AE

BRI REXE, FX 1, FX2, FX3IMFX 452017 441K 2= SMC 5350 R
0.452+0.093 m*m?. 0.448+0.094 m*/m*. 0.450+0.088 m*/m*. 0.472+0.088 m*/m*. 0.500+
0.084 m¥m?, P, MUA L, M EF (FIMTIX2) ZHE (FIX3) MIFH (F1X4),
By R A K 2 SMC BRI A, (I E B E R 225 M 12
25,

230) |, AR RKENIMEZE (4-5H), SMCHYEEIX I FEETETIX 2, FR3AT
X4, BIMKAJRINBLAK R R 0 2 e 0 s PO B R 38 A 30 st i FR R 8 R M X ([&14)
MMWEAR6 IR EIH TFH, SMCEEET FHWE RSB THEXE, FX1., T
X2 B K2 SMC AR LA S SR AN IR, B “FRAR—3n—F%AL” (K15); FIX
3. FX AW SMCA LIS, B “FRAE—(A R — in—uk >
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a. T DXARRL

FX4
0 200 km
[ |

— B/RW

SMC/(m*/m?) 0
<034 041 045 051 =059
B —

F4 BRI A T X3 2017 4548 K 2= SMC I 25 434
GRS SIS TIX 3 AT X 4 123 il fi s, s SMC =S [l B R )

Fig. 4 The retrieved SMC in the farmland in the middle and lower reaches of Syr Darya River Basin during the growing

season in 2017 (In order to highlight the SMC spatial distribution, the positions of region 3 and region 4 were moved)
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:vg ;
S
=
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4/7 4/23 5/9 5/25 6/10 6/26 7/12 7/28 8/13 8/29 9/14 9/30 10/16 11/1
iRl H)

KI5 2017 ARAE KB RIRR T iEAR H SMC B2 1L
Fig. 5 Change of the mean SMC during the growing season in the middle and lower catchments of the farmland
in the middle and lower reaches of Syr Darya River Basin in 2017
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(1) HIJH Sentinel-1 1% . MODIS /= i Fl SRTM £, H2 B4 R Tl it 8k b 1 9 it
DB IR O R MR EE A, MR . ZREUR . T R ERRE S R A 1Y 324>
SMCIHNT-, ZARK e 1 27 B/ SMC U N T (P<0.05), 5 SMC iR
Hf g, o Albedo 5 SMCAH My, AT WOEHIERI B (AIV) Sim2r s i 1R
F(AIN) WA, &KE . B/MES SMC AN EILF] P<0.01F K-

(2) T B EAKM 27 A SMC N F i =ik g r %, 5055 FPLARA RF
LHER A SVR . BP £ M4 = Fifldnsp I BIRIZE S RIILT RF 454 SMC A H
TG, HSMC IR i, 207 0T R 2017 R4 K 28 R i i
XA H SMCH 58 8175 .

(3) BRI R UEF TR IX N F 50 2 Hp A A K 4 SMC R BB i 253, (1
A BN 2257 . HREMKE SMCE SR Z58%. XM 2 h B, #us
AR AR F T B (R 22 5 R A . B2 SMC I T4 I 12 - 48 b i b AT
BORDE, PRI R A H SMCE ST FEBSMC; 78 E 24 5K 70 i T4 N 1 B e
5, FEESE) R AR R A SMC 2SR 2 AN L B SMC Y 15 ] AR
DRI M R N S b 22 S % SMC R sEm, S RIS SMC 5 M| 22 S AR 2%

(4) FT Z IR IEE R RN fE 4 I 3RE SMC W2 R 1, FE LSRRI R P AR 24>
REAY, ]I AR SMC SO AS B, XFE— B L oa il 1 K% JE SMC S A i 4k
WO g SMCHSRERIRR I, Ak 5 MR S 4y
3.2 i

ARSCI T HEH I =AM B (1) FEFAH 0T N 2 52 B A 1 19 SMC 5%
M PR i o S i R (2) F R IR HLAR 2% 2 7 I SMC 52 i 2% i 3 26 7 56
(3) REARKFRESMC, X358 HAR@, FR% I8 Sentinel-1 143 B AL IS 9] 5 R 4K
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Fig. 6 The spatiotemporal difference of means and standard deviations of SMC at different time
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Fig. 7 The spatiotemporal difference of means and standard deviations of LST at different time
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Fig. 8 The spatiotemporal difference of means and standard deviations of NDVI at different time
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Table 5 The comparison of different machine learning methods for estimating SMC by remotely sensed data
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Inversion of soil moisture content in the farmland in middle and
lower reaches of Syr Darya River Basin based on multi-source
remotely sensed data

WANG Hao'?, LUO Ge-ping"*’, WANG Wei-sheng', PACHIKIN Konstantin®,
LI Yao-ming', ZHENG Hong-wei'’, HU Wei-jie'

(1. State Key Laboratory of Desert and Oasis Ecology, Xinjiang Institute of Ecology and Geography, CAS,
Urumgqi 830011, China; 2. University of Chinese Academy of Sciences, Beijing 100049, China; 3. Central Asian
Center for Ecology and Environmental Research, CAS, Urumgqi 830011, China; 4. The Kazakh Scientific
Research Institute of Soil Science and Agriculture Chemistry, Almaty 050060, Kazakhstan)

Abstract: The use of machine learning method to estimate Soil Moisture Content (SMC) from
multi- source remotely sensed data is a hot topic in the SMC inversion research. However,
taking no account of the important variables of SMC in the ML method makes the SMC results
uncertain. The Sentinel-1 and MODIS image products and the STRM data were obtained and
used for extracting 32 SMC variables, such as backscattering coefficient, vegetation index,
surface temperature and evapotranspiration. A total of 27 significant (P<0.05) SMC variables
were selected as input parameters referring to the correlation analysis result, and the input
parameters were assigned to 3 groups. Random forest, Support vector regression and Back
Propagation Neural Network were tested with 3 groups parameters. The Random forest with
the group with all input parameters showed the best estimation accuracy, with the RMSE being
0.039 m*/m3, and it was used for the inversion of SMC in the farmland in the middle and lower
reaches of Syr Darya River Basin during the growing season of 2017. The retrieved SMC
gradually increased in the middle to the lower reaches during the growing season, but there
were significant temporal and spatial differences: SMC in spring and autumn was higher than
that in summer. These differences were mainly caused by seasonal or spatial differences in soil
texture, heat conditions (temperature) and vegetation cover. In spring, SMC in the lower part of
the plain is higher than that in the upper part, and the main SMC controlling factors were soil
texture and vegetation cover. In summer, the main SMC controlling factors were heat condition.
Irrigation compensated for the influence of heat condition difference, resulting in no significant
spatial difference of SMC between upper and lower parts of the plain. The main SMC
controlling factors in autumn were soil texture and heat conditions, the influence of surface
temperature compensated for the influence of soil texture on SMC, as a result, there was no
significant spatial difference of SMC in autumn. With regard to overcoming the limitation of
taking no account of the important variables in estimating SMC, the research method adopted in
this study improves the retrieved SMC accuracy to a large extent.

Keywords: soil moisture content; machine learning; middle and lower reaches of Syr Darya
River Basin; Sentinel-1; MODIS; SRTM



