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WAE R, IREZEIIHAR, UHEBHME W%
(convolutional neural networks, CNN) 7E 3% /K 4 [ i
R T2 M. HEGAZI %15 fii ] Sentinel-1 ¥4/,
A CNN AL, S H AR AR R S 88, 4290 30
PR ZRAE, SEHL T 3K 7 & B AR AT, GERH T
CNN A5 U7 AL R B T30 o] RN R 35 . SR, AR $E
CNN [ 5 K38 77 H-0 R B AL Tl AE R P, I8 75 2000
—UESCHEAN T . CNN NI — e S H RN S8, &
BAFEBFRZI RN AR b RN CNN
PITIPEREAE IR KRR E EHUR TS MR E, A6E
(R 2 000 B T RE 2 3 BN 48 )11 sk R rp s BAsH B ¥ 2%
IR 28 WS SSCRRE 1 A5 [ L, 77 ) 9 8% VA e R A R 1)1 2
R, Pk, ik EEE N ES s, DI MR
AR S B I 5%, 2 H AT CNN B 78 H 1) S8 ) 7
SU 25101 B 7RV SZ: (rime optimization algorithm,
RIME) , %532 58 o A 400 oK/l 1) 50 7 A 7 AR Kt
ey e R A 2R TR AR RE 2 LR, SR O v
AR R AT RAT N, BA TR RE ) A PR 2% 2
Y.

DNHIE FERE A R 37K 43 S R 2 7 AR R, AR
16 BT B 48 T 3 T 40 A AN P IX OB T X, BT
4% 4k RADARSAT-2 SAR (4 il Sentinel-2 J 2% 18 JE 44
W, JFRA&/NEZR M 8K . A A A
FORKIE &N RO T8 5 ) HUH REUK R, 2B
TR AR BROR  s RS FH 22 Bl B4 70 A A R R JCARH 2
PIALFFIES S, F Bk SAR FHIEZRIE R SRE N
HERTUARFFAE SR T A g, 8 A B{E 9% (mutual
information, MD) X} B4 SRR E S B0 AT Rk, 3RS
5 BOK M S AR E S 4G e iR T AT A
UK AR B0 1) A6 RH P 25 [0 24 A58 20 T A7 e 1A 1R B2 2 B,
SR 45 G SRR & 71 ) Csupport vector regression,
SVR), #4% RIME-CNN-SVR ## B k4T 1 487K 73 [ I8

1 ARXSHIEE

1.1 WRXER

W78 XA T b BT g 4 FR B T, A2 400 km?,
ZH XA TR A AR TR B N R 2, B TR
KRS E, LIRS AR LR, SHZMERME
K. HFRXERIEY EERNENER TR, RA%
INERE FORECAERE S, & /N —MRAE 10 A #EFr, Ik
6 HURER. ARSCIEBGRF A 1 IR R 28 g 46/
FIB o X 3K SEE 7
1.2 HiEsE
1L.2.1 #ER¥EE

1) RADARSAT-2# # : & A 3% & i
RADARSAT-2 #14, 2B HUS 18] 4373 4 2020 4F 3 H
15 H. 2020 4 4 H 8 HA12020 4 5 H 26 H. Hp=5k
AN AL S B 1% (single look complex, SLC), {4
R KGR DU H AL . RADARSAT-2 H¥E 7 Ak 7 5o F 3 32
FEHUERIE. EEEhn. 20 A TR A B

Refined Lee JiE3 M R IES: .

2) Sentinel-2 #(#5: H#E RADARSAT-2 $A1% 113K HX
Ifia], 3% B 5 RADARSAT-2 §545 3R BUR [a) kL H G =
) 3 5 L2A 25 1) Sentinel-2 J¢ 238 G 4%, R EU 18]
I3 2020 4 3 F 18 H. 2020 45 4 7 12 H 1 2020 4
5 H 22 H. A IE A 70 X &N 2 AR KRS TE T LR
WAREAN K, R I 3 S5 [F) 20 o 208 IR AR ORI
AN RADARSAT-2 1AL ik 355 2 R A 72 X ) 4 2E K
KA.

1.2.2 ZpEdELE

7 RADARSAT-2 T & iof 455 3 (] it 47 7 &b Sz b ) =

AHF T REE S AL B 1 BT

114°38'30"E

114°42'0"E

34°39'0"N

114°35'0"E 114°38'30"E
e A %P iSampling plot

B R E R EAA

Fig.1 Location distribution of sampling points in the study area

SEIHHE B LB ER . REAKASEZER
AR 2 /N2 R AR I g S A i

D EHOKAER: MTRANRAEA, EHWH 3.8
em KAL) TDR350 LK A& 5 UOR IR = 45
RRE KE, AR 2 RINER 2 EEE AL T 20 m. 2
JEEL S IR AHEAR I EL K B A A R 5 (0 Fie 2 - 338
K. R 1TRER TEMEESRKERAER .

®1 DRESKERET

Table 1  Statistics of soil moisture
Ei=ta ey RS IS PERE N
Index Calibration dataset ~ Validation dataset ~ All samples
FEAE: Sample size 750 30 780
% /ME Minimum/% 0.16 0.92 0.16
FHIE Mean/% 6.13 5.39 5.68
HAr 3 Medium/% 4.83 4.47 4.66
¢ KA Maximum/% 25.00 27.26 27.26

2) ZAFEER: S/ FR UG0S &7 8 2
PR RAE s G A AR, EAAEE RN 1~3m, Jffl
F WGS84 A br R4t ATie 3%, U SHEEE RS
A

3) EHRRSER: ARMEADNZRAEKRE, W&
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FEAd s T BN RAE AU A&/ 22 R AR A A A A v
KNEYEIA AL TR T I T AR R, MR
7£ 16.4~87.0 cm Z [,

3 URHBTHT S FLUSCEE 60 A8 . TR B 2 SRR )
G T R R IBAR A, RN IX S 7 38 5 0 & KR 1)
SN IR GEK, AEA AT SR 5 AE 1l 32 8 0 h)
o M NAEEIEER, KRS HINEHENSE. A
TG R PE  SIRR AR N AR A R 5 R AR S
A 0], R S A SR AT T LA LA B R A 3 o
DA 5 B0 AR M R B vz A Re . 1 Sk S 3
PWETBIN 2 NTFE, BATES 30 HEE. £ 11
TR R E AT T B e, sk R TR
WERMAIREF A LR &M D ARIE S HCRAE S,
BRSO R AR T 5 2) HEKERTE
FIREREZ, OENEEREZ . SRR
WIR: BLUASREE S by, 7808 B IE 7 s e
PEEUREAS, FHBRAE S KL 2 MER (LS 20 m) .
WG, AFRMFHESEOR BA R RE, JikE 506
RUREAAE 2 [0 0 Z FEAE B 2 N IR AR . X R
75 398 77 925 AT LSR5 SR AE A AR BAH U RE A B, 7
VA b 3 22 12 5 L B PRI R AR 15 0 P [ B i e T
Blate. RAKBBHESEM 30 HigsmE 750 4. fEiX 750
HEHE T, 70% H T INZRIRBE S IR, Fl4 30% T
MR MERE . URAh, I 60 AEHE R R T 7H
AN 30 AFEA, T PPAb Y (RS A AT S

2 RFE

2.1 ETRUS B ANER S INEILE

i Freeman-Durden 43~ fif F A4 B3 S 1 D iRk A AR A6 AH
FTHRFER B, MIMTEER L SAR 155 w4 55 H 2R HUs
. HTELANEERX, ZIREURRER &R,
9 7 A% 2 THI IR 53 5 ) v S50k AR R 3 /K 40 B v I A
SR [17-18], ZBE —IRECH BITTHER. A5, JETK
AR T HE BEFIRR AL T 7 Z B R 3 4 0 R, DA R 5 %2
FEREFN S MO RE 300 R, B RT 15 2K R AL

i B AL A58 R AL T 1 338 5 1 S5O R 8L 2l
X (D~ 3 pror.
o _ ISu+TSp+TS,+TS,,

Ty = N (D

U&“NZISH—TS?%;SL+T&2 )
TS

oy = 233 (3

K «fARILHE, TSHRMBUN 7 &, TS,;%K~R TSH
MERIES i ATRIES jHITCER, o~ o Moy 30K
ACERRAL T 3B BB AL TS R SE SR AL T 1 3R i 1

AR AG T 20T 5 1) O 28 00 13 (1) 5 AR 1 1
BUBAEASTR], DR R AR A b B 2 T b 35 TS b 58 1 50 0
FHE: KPR B AR REHE (o Jody D~
el 558 ARAC T RELLL (o Jopy D
2.2 HESHIRER

At SAR B A S T EEMMARIEEE. AR
SR IR R X B AE R, R 2 PR AL o B R K
RADARSAT-2 $4l AT Wb 2 i, 3R1S 2 AL RRIE S
#, F'E SAR EHE M UG RE S (8] . H/A/ a5y fi#
Freeman-Durden 7} fi# . Yamaguchi 73 fif . 7N 7 & 43 filt Fl
L8R 5 PP A iR B S ER A 26 M RALRFIE 2>
fREZE, WSR2 P,

FEA TR HOR 3 T 1O W) 78 5 8 IR TE N 1) e S e 2
T E A S 20, O I A B R LRy
PEBRFAE . AT ST AR 0T 70 X P S b a2 1R, i 3 H
4 Fh B8 8 I WAt AR KR MR R A AR A, LR H — i
# ¥4 (normalized differential vegetation index, NDVI) .
KA Wi $8 #0 (moisture stress index, MSI) . filt & 8 ¥
8% (fusion vegetation index, FVI) FlJT—4k /KA +5 #

(normalized differential water index, NDWI) , i & =
DLSCHR [19-22]0

x2 AMRFANRESBSE

Table 2 Polarization decomposition parameters in this study

TETTIE

Decomposition f‘l’(_{%?%ﬁ %@#ﬁﬁ )
method Polarization parameters Physical description
A H, 4, « RS, B, TR
¢ Ny A5 23 LT AR £
Freeman Free Sur, Free Dbl, Free Vol FRME, IREC, ARECN
Yamaguchi Yama_Sur, Yama Dbl, Yama Vol, Yama Hel KW, ZWKEUR, REUR, SRR HUR
Ao Six_Sur, Six Dbl Six Vol, Six Hel, Six Od, Six cd  <HIHUR, —IKHU, Mﬁ@%*ﬁ?@ﬁﬁ% Er R, S
e Seven_Sur, Seven Dbl, Seven Vol, Seven Hel, Seven Od,  FMHHU, —IREU, AU, BIeAES, w©r@kredd, 246

Seven_Cd, Seven_Md

T, AT R

2.3 HHESHMIE

Ll FHLE: 2 S BORBEAT MDA S I, PRk & IE R
IR R E 2 . TUAR AR B8 7T RE 2 B2 19 2% 1)
e, XEREAL A% ST ROR P A SRR Y R,

A FAELE NG NT, DURE S 387K 55 Z 18] 1) AH
Ktk RHEAE AT IR, A5 S (mutual information,
MDD J7 i1 B e 7K 43 A DR 1 58 v (R AIE 2 B
BN, VAP mB A T s . S AR B E AL
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SERLE N EDWAN S T, RAHH— M EAE R (normalized
mutual information, NMD), {#75 NMI K& & FE 4 PR 1)
£ [0,17 22 18], NMI FMEMEET 1, RY] 2 MR Z I
A REBKR, B HEEh— R ErNE R, 1]
PARIG 5 — AN R E 2 15 B,

B BRI ER RS> A, Rk E 36 MFIES L,
fEFH MI € E1FAE R IE S80S LK AR G, k4%
H 5 33K a3 A DG T B = R E S H0AE D L 838K oy I
BRI NI SRR 5
2.4 RIME-CNN-SVR t&BYZE T

o CNN AL B P PR e, B /R A RIME
FEAA CNN BRI 24, KBS HEFESEHE
GRZEE (N BREBRN (K. #b3E KN,
WG 22 > % L2 IENAL R0, RIME S o 4 &R
HESAEWIIAGAT T Z S HAR R, FHm i FE 27 pL
TEJG KGR, Be ST Re B S A G . XP R
SEEESEIEE AR RS R 2 R, B
AP0 T R T 438 K 4y T A AT S B A 35 7 1R 2

(mean square error, MSE) 1F Ai&E N pR %, CLULHEE

RIME& %416

R, R BIRE R /ML MSE WERRESEL.

ARG, PRSP E IS & 8L CNN B,
Horp, sl St I EH AR A O SRR AR 1) 9D T - e YA P
WUUHE B2 AR BEAR 1 10) 8, ASHIE 50 MNP 285 i Btk J2 o 8¢
B 22 2] R B K Il 2 — 2 BR BETE 2%, 4 {8 A Tanh.
Sigmoid M Ay 7 F0 il B B, Y A ) RIS S
H, XA U SIOR FE 218 . ReLu BREUEEH
2 Mk R AN T 2 AR TR R K i RS R, IR
JRPEZER T Tanh pREUAT Sigmoid BREL, RIMEASCIESR ReLu
BRI E A S R AL

SVR AP et fi@ v (ol 9 5100 i . % F SVR J@&
BUH AR I . R I DL N & R, ARSIk
P& SVR ENRIATN T B, &5, Eik CNN A R
PEHURFAE, M N ECHE IR B = SRR R 7, AL e
% B S SRR 1 S BERFIE . SRS, (] SVR X IX Bk
TEEAT ISR, BT 5 SIRHE S B AR E 2 7] 1 20 2R 5230 ]
VAT . A< SC ) ) RIME-CNN-SVR WX 4% 25 4 411 4] 2
FiR, Hrde. m M on, I RIME 805 EA S, 0%
NG BRI/

Optimized RIME algorithm )
1
®
o EEE ]
o Regression rediction R
. < 7 2
. L S W
. e
° ‘ f
L]
[ ] ¥
o
®
- @
g NEHE ConV2D ConV2D ConV2D ConV2D SR Ty B
Input data N=C,, K=[m,, n] N=Cy, K=[my, ny]  N=Cs, K=[ms, n;] N=C,, K=[m,,n,]  Fully Output data

connected

W ConV2D NBRZE, NABBREE, K NBBRRKAD, C~C NEBWKANBUE, [mi~m,, n~nd] NERZEREIUE, SVR Jy3CREm & EEBR,
Note: ConV2D is the convolution layer, 7 is the number of convolution kernels, K is the size of convolution kernels, C,~ C, is the values of convolution kernel size,
[m~ my, n,~ n4] is the values of convolution kernel number, and SVR is a support vector regression model .
B 2 RIME-CNN-SVR A 54 7 & B
Fig.2 Schematic of structure of the RIME-CNN-SVR model

KH 3 F6 bR VPl OB B, 2h il g T E R

(R . ¥JJ7H % % (root mean square error, RMSE)

P24 %f % 2 (mean absolute error, MAE), HitH
T3 DL SCHR [28-30].

3 HRESH

3.1 WX EILGERESHIEMm

B3 RN T AR AL 7 20R R 05 A O R0 %
BRAA RO 4 B 2 5 R S U R S 3K 1
B PFI IR R WEI3ATLLEH, SRS, MEX
NI AR, AR T AT S RO RS
T KAy B M IR B R A, o, HH AR R BRI
J 1A HO R A0S K 2 A DG M e K. 2020 4 3 H
15 H 8 HH A6 T e i 5 1 BN 548005 387K 55 8] o
TERECN 0.41; HV AL T R 15 R HUR K205 115
IR AT AR PR B AK, 2020 45 5 H 26 HIY HV #Ak T
RGBT RECS K R E RN 0.25. &

BRABFREUN 7> 85, AERA T T Tk 5 O R 5
5 3K I ] TR 8 RECIIG R T2 Ry 5 1) 1) AT
F B B ARV R AN 3K S AR e, TG S T 5
Sy R B R HOK R . Hodr, HH BRAL T
5 MIHUR RS L IBK A ) B8 R
3.2 MHXM7HER

fEH MIZEATAHSRAE 738, FEXTRRES H S 4K
WA SCHEEAT THEF . A0k $E 7 A CIE S s IR AT 18
ANRHIEZ BRI SN, HoHE P A B 2 50l A
NDWI, FVI. o . o . MSI Six_Od. H. NDVI.
Six_Cd. Free_Sur. Seven Cd. Free Vol. A3, o9y /
OV v Ty~ Ow [0k~ AFI Yama Vol (% 3).,
HE 3 LA H, 4 MEEIREE LK fEERGE
FHOCHE . 3X 2 KA 400~2 500 nm (138 B xR AR 47 A B
RS BUR RN . FELO N, 2L B, LA B
AR I £ A B W T A I AR AR b, IX 4K
EAR -5 A AR L J L 38K o A SR 1 Rk
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SEIE Measure values/%

h. %,,(2020-05-26)

0 05 1.0 15 20 25 30
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. : : 0 0
Note: Dotted lines are fitted lines, O—HH,sur’ O—VV,sur

polarization, respectively.

A 3

and O'%V are the surface backscattering coefficients under horizontal polarization, vertical polarization and cross
_sur

RRAACT X T & o @ #it Fo b &S @A B LKA SR L nlE I X &

Fig.3 Relationships between full backscattering and ground backscattering and measured soil moisture under different polarization modes

*3 FHESB SRS BEX S THIF

Table 3 Ranking of feature parameters based on correlation

between it and soil moisture

T FHESH VIFERA NMI
No. Characteristic parameters Physical description
1 NDWI A—A 2 K o FR AL 0.55
2 FVI Rl AR FE A 0.53
3 5. HuFe )5 1A R B (HH A4k 0.52
4 v R 5 THUR REL (VV IR 0.51
5 MSI VNS EE 4 0.51
6 Six_0d SE T (AR H 0.49
7 H WAL I 0.48
8 NDVI JA—Ab 2 R AR 2L 0.48
9 Six_Cd SHEMRTHS OSFER 0.47
10 Free Sur T HU 0.45
11 Seven_Cd SEMBWTHEG (LS R 0.44
12 Free_Vol PRHUR (Freeman 43 fif) 0.41
13 3 FEEAE 0.40
14 Ol /W o MR EUN RERALE (HH 5 VV) 040
15 L HV 1Ak 2 5 [ U 24 0.38
16 O Tl o MURJEHUN BRI (VV 5 HV) 037
17 A S5 0.37
18 Yama Vol RHLE (Yamaguchi 43 ) 0.37

LAY K oy S Can oK g i e B AR
1M 52 21 5 A B, 33 b AR Ak, AT 3 Jo A o i Ok A gk . M
BEBENR, @iy B LEBRERBE ' G
R 5 W B RS K M R R i, PRI T
TEAE W 8 55 X 3E AT 337K 43 RV BN A B 5 I A I R o
BE
3.3 MRINGESHER

434 RIME it 2 J5 ) CNN g5 BZE 1 16
B KN R [4.4], B8N 13; BRUZ 2 BB KN
M 3,31, HuEl 35 BRUZE 3 MBRANN[2,2],
B8 BRE 4 BRI KN [2,2], HER 86;
RN 178 IAEWIIG ¥ 21 %05 0.05; fefd: L2 IENL
ARHCN 9.7x107°, LAFT LA, AR R & 2 50
£ EZALfE /1. HAA RIME-CNN-SVR [ S 3% B
FEREINZE 4.


http://www.tcsae.org

915 3

T AR FT RIME-CNN-SVR R (13 H 38K 45 ) 3 99

#* 4 RIME-CNN-SVR M&EBSHIEE
Table 4 Hyperparameterization design of RIME-CNN-SVR

networks
P L A
NO. Hyperparameter Values
1 NG 178
2 = eIl LR 0.05
3 B L2 IR R 9.7x107°
4 HRE 1 BRI MEE AR 13@4x4
5 HRUZ 2 BRUZIEE RN 35@3%3
6 BRE 3 BRUZ AR/ 81@2x2
7 GBRE 4 BRI EEARAD 86@2x2

3.4 TIEAKERE
3.4.1  ZIRARAAA T ARAT B L3R K9 RIE

K AR ZHE 1 58 1K) 30 41 S BRI 13K 7 )
WORSIE, 4 POEEALI 3 A T AH R R IE S 504 A 1 i
NHHE . I S M T I T A Y T S R B 3 5
IR IR BRI AT 5 0 T3 S KR A 5
PERE, 0B A 22 BRAE B B B S A B R AU v
LB 4 N U AT AR A BT, 4 OB R 1 Ay B 4 IR
Kl 4 FioR e 2 Ja % 25 bR il B (0 b 3 5 1) B3O R A
NFHESH, FOGAT @ HT, 4 BB ik B 45 R
Wi 5 Fras. X ECRT SN, 25 B B R BSOS S 56 E 4
RIME-CNN-SVR #7! R? FIRMSE 49150.72 #12.78%. 5
TSR, R* 57 0.09, RMSE 180T 1.26%,
Ui IA 25 BRAE B M L3S KR Al T R R AT .

S 1148 & 1:14; )

g 25 1:1 Line - g 25 1:1 Line" .~

E P E .

T 20 ’ s 20 .

= =

s b g 2P S

BU0f. et R=05I Blop gt R=056

o s RMSE=3.92% S ogle . RMSE=407%

fﬁ ) MAE=1.39% = [ MAE=3.62%
2. ~ ae

o 5 10 1520 25 30 £ 0 5 10 15 20 25 30

SEYIME Measure values/% SEII{E Measure values/%

a. CNN b. RIME-CNN

8 1:14 BN 55 1:14% i

§ 25 1:1 Lir.le//' § 1:1 Line” -,

S 20 c 20 .

= =l

g5 B g5 B

B 10t .o R=058 B0} T R=0.63

~ ..~ . RMSE=3.97% A L RMSE=4.04%
ﬁ Sl MAE=3.07% ﬁ Sl MAE=3.14%
£ 0 5 10 1520 25 30 £ 0 5 10 15 20 25 30

Sl Measure values/%
c. CNN-SVR

S Measure values/%
d. RIME-CNN-SVR
B4 ZRALMR 0 A LK TM 4 R
Fig.4 Soil moisture prediction results before removing vegetation
3.4.2  ARSRALXT L3R AKHAE B AL R PR AT
WA S FTRUE R, IX 4 PR LR 4l S g
KA, R T —ERER RIS, SR
fE 11 & BT R . S5 b L AN R L AE i o £
RSB 5 3 A7 7E = il (R %, CHEN 2581 ZEF 50 4/
2278 o AR A AR S K R R I A — B4 ik
18 RRIX — B B A JiR D] AT R SRR S, K
A T AR e B AR AL VE [ R R A AR R b o AR AR 2 AT
1 D A4 32 BB AR A X B0 G B XIS e U A 2 el

FER AR A KR A T, R &8 2 T VAR IX e
vi2 L P 0 3K A T 5 R D S ) i 22

25 1:12% P 25 1:1£% i
20 1:1 Lm/e/,/ 20 1:1 LnT?//
15 15

10 . 7" R=0.65
sleat - RMSE=3.22%
Pyt MAE=2.71%

0 5 10 15 20 25 30
S Measure values/%

Lt R=0.67
L7~ RMSE=3.06%
it MAE=2.58%

5 {H Predicted values/%
{58 Predicted values/%
IS

0 5 10 15 20 25 30
S{E Measure values/%

a. CNN b. RIME-CNN
25 1:14% . 25 1:14; )
20 1:1 Line.~ 20 1:1 Line -~

L R X
slhct RMSE-2.78%
Sees MAE=2.20%

0 5 10 15 20 25 30
SE{iE Measure values/%

d. RIME-CNN-SVR
B 5 FBRAEARR R G LR K TN 4R
Fig.5 Soil moisture prediction results after removing vegetation
AR TN S (B0 35 K R AL RS BE RO RE I, A
FOBE T AR, MEEEE AR 7 RS KR
&T 1% KT 15% HIREAS, DA a2 Bl i o A A 7R T
MEeIrIFem, S5 R 6 Fron.

c e R=067
RPN RMSE=3.01%
,,:/:'-' ° MAE=2.66%
0 5 10 15 20 25 30
Sl Measure values/%

{5 AE Predicted values/%
>
fii 548 Predicted values/%

c. CNN-SVR

114k 114k
12 1:1 Line - 12 1:1 Line -
10 . 10
8 8

6 LIRS I
al o T R=0.69
S RMSE=1.85%
20 o MAE=1.63%
0 2 4 6 8 10 12 14

SEMI{E Measure values/%

6 “ e
Al e S R=0T6
" RMSE=154%
2y MAE=1.37%
0 2 4 6 8 10 12 14

SZ{E Measure values/%

At 5141 Predicted values/%
{5544 Predicted values/%

a.CNN b. RIME-CNN

2 2

z 14 114k 714 11k

212 1:1 Line Z 12 1:1Line °

> * . >

2 10 L 10

3 8 ) g 8 :

E= . = 3

£ o .. o R=074 £ 6 . T R=0.T8

b 41 ... " RMSE=1.64% a 4ty Lol RMSE=1.53%
o 20 v MAE=1.34% P 2F ¥, MAE=1.36%
= RE,

S0 2 4 6 8 1012 14 S 0 2 4 6 8 1012 14

S Measure values/%
d. RIME-CNN-SVR

B 6 £BRMBAEE G LIEKSTRM LR

Fig.6  Soil moisture prediction results after removing

S Measure values/%
¢. CNN-SVR

extreme points

XL 5 A 6, TTRLE HALE 1:1 8 EJ7 S
ARk, FIRRE BB — e et . X8 REW,
s B o A S A 5 S 3 K 0 e e ) A
FZ— DB EIE G, BERTEH HLK o8 X IR,
AR R —ENEE, RIUH E SR T AR .
AL g RIME-CNN-SVR 5 B A5 SR 7 4 Fidss Y v 2 3
BIF, R* 1 RMSE 739124 0.78 F1 1.53%, 5 5B 1t %k
PRI, R* 42 1 0.06, RMSE /b 7 1.25 NE 4 AL



100 flk TR (http:/www.tcsae.org)

2024 4

UEBH 7 BT R R 7 5 0 38 /K 43V 1) P LA e G T
HERATE, [FIBSBIGE T Fr R B B 7R A [A] H 3K 15 I
) B BT A (o R o7 1
3.5 WAREXTIEASRIEER

FER I 4 MR, RIME-CNN-SVR #81 L 3
AR HIFK MG ERS . T, AW RGN
IR 3K oy SO A, K N T AL X TR
KRINFRE S XAR T, 58 AN R R A 33K 423 Te) 1 1R
R R KA A B R AN R X, R S X A
FIX N EI S R A AR A X SR
AINEEAR X IREAT T 03K, X X a8 HaB

= B A X K oy S A R 7 B A ]
LUE F, 2020 5F 3 F 15 H #8585 7K S g 45 R B A

i

L RBBARE L

.= Soil moisture/%
- H1.0

a.2020-03-15

b. 2020-04-08

Bem, TIEARRUE KCRIIIE N 11.33%, X552 K 5
EBB N A SEEEE S, % H AR K E
R E, N 9.09%. X &K AZH A /NE IELA TR
KHICHERY B, 75 B0 AE B B R B K 3 1) 75 SR 8 e
AR RS R, Rk H ) A K R L H A
HEZE m . [l TR 7T X AR A B 2 (877 E
IR, AR S E S, KPR T ZH N R
FERMBEEZER. MELNEZNEKKE, ZHXT
VEMIAI K BT SRR K . TR 90 X 35k P B R 3502
GG, &/NEA KR I L3 K o 10 28 (R AR AL B
TR EZ T T, IXTE 202044 A 8 HAIS H 26
H it E 38K 5 S i 4 b 19 2 78 . X ik —25
IR T 1% 7 VAR 50 X 3 A /KR S T A R A R

| R
3 km
LR LR AR
Soil moisture/% ety Soil moisture/%
H 30 e, 2 H 30
1.0 1.0

¢. 2020-05-26

W7 BIRRELREAKSBIRER

Fig.7 Inversion results of soil moisture in the study area

4 & B

AR SCAER R 6T T 398K o OISR = A 47 THT 5 T 1)
], g AR AL A R R AT M AL R, R T —
FhUR IS % I AR S HUR AL NS, W T & RitEs
Kk B e /710 RIME-CNN-SVR B, DU m & /N R
H 3K S PERE . 456 SAR JEEAE . HhaEiE
JEK A AN SN K dE, X BT 8 RIME-CNN-SVR #5828 i3k 47
TR At IE . EE BT

D fEMEREGX, HiAES 52T, ot
HeK oy RGBS, 1E 338 /K 40 S it 2 PR I R 4 S e
BOREE., KW M HE AR BET A R 55 1 4 10T
RN, AN et 36 1 U 2R 205 387K o R AH Sk
B o 8K o R HERA P

2) fE KA RIEBA R, FRES TR 20 R
g JWER P P R U S . SR M SRR TR IE AR I
REM A RO BRTURFFES S, SR BRI Stk B

30 SEMIK 4> BAE A Hh B AR s A 2 0] T 48 B K AL B
KL= AR ORI . B BRIRAE R J5 . /Ko RO R
WK EEE A EREE R — e dcE, RULER
A TN R 1

4) 5 CNN. RIME-CNN Al CNN-SVR # % #f Lt ,
AP Y RIME-CNN-SVR A5 78 B 5 5 ) S i i
IOF R Hoph i 20N 072, IR ZE N 2.78%, “FH
AR ZE N 2.20%. 1l F} RIME-CNN-SVR #3347 1 #F
FUIX AN A - 3EK oy 2 (B B, B0 T 5 AR A
INFE AR AR K Gy RO R A RS A, Aol

DX B 38K 7 B T ARSI T 2%

AR TR L IX 2 EARA Y R &N, ARk
RN —, ARSI TTEAEA R o XA 2L
PE RIS IE. AORTFRIFE A S ZREW I E A
DX i 3K 3 SRR T, Bk — PR IR A AE 2 AR
WA R A 1) 338K 43 B 5

(& % x W]

(1] EAFl, ), xR, & TN R ANLEDGERARE
A HIEEAGME ] AW TREFR, 2023, 39(6): 120-129.
WANG Mengdi, HE Li, LIU Qian, et al. Estimating soil
moisture contents of farmland using UAV hyperspectral
images of wheat canopy[J]. Transactions of the Chinese
Society of Agricultural Engineering (Transactions of the CSAE),
2023, 39(6): 120-129. (in Chinese with English abstract)

[2] ZHU L J, WALKER J P, YE N, et al. Roughness and
vegetation change detection: A preprocessing for soil moisture
retrieval from multitemporal SAR imagery[J]. Remote Sensing
of Environment, 2019, 225: 93-106.

(3] RAERE, TRRFH, Bk, S5 ETHRMEEFEN GA-BP #h4

W 2% 11 25 Y5 18 R Ak R 3 OK 4 IROEET). Aol TAR B4R,
2021, 37(11): 112-120.
ZHAO lJianhui, ZHANG Chenyang, MIN Lin, et al. Retrieval
for soil moisture in farmland using multi-source remote
sensing data and feature selection with GA-BP neural
network[J]. Transactions of the Chinese Society of Agricultural
Engineering (Transactions of the CSAE), 2021, 37(11): 112-120.
(in Chinese with English abstract)


https://doi.org/10.11975/j.issn.1002-6819.202207170
https://doi.org/10.11975/j.issn.1002-6819.202207170
https://doi.org/10.11975/j.issn.1002-6819.202207170
https://doi.org/10.1016/j.rse.2019.02.027
https://doi.org/10.1016/j.rse.2019.02.027
https://doi.org/10.11975/j.issn.1002-6819.2021.11.013
https://doi.org/10.11975/j.issn.1002-6819.2021.11.013
https://doi.org/10.11975/j.issn.1002-6819.2021.11.013
http://www.tcsae.org

915 3

£ RE: FT RIME-CNN-SVR B8 )2 H 387K 73 [ i

101

(4]

(3]

(6]

(7]

(8]

(9]

[10]

(1]

[12]

[13]

[14]

[15]

ZAKHAROV I, KAPFER M, HORNUNG J, et al. Retrieval of
surface soil moisture from Sentinel-1 time series for
IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing,
2020, 13: 3569-3578.

L E, H KV, XEE. TAU-OMEGA 8 4 5 A it
HESSEA[I. A TRE2ER, 2024, 40(11): 292-298.
MA Hongzhang, MENG Qingtao, LIU Sumei. Improvement
and parameterization of the TAU-OMEGA radiation model[J].
Transactions of the Chinese Society of Agricultural
Engineering (Transactions of the CSAE), 2024, 40(11): 292-298.
ATTEMA E P W and ULABY F T. Vegetation modeled as a
water cloud[J]. Radio Science, 1978, 13(2): 357-364.

TR, ZEE, RUER, S ETHACPEENRE LSS
IKEREAERIGEE SOE[T]. A TRE#4], 2022, 38(5): 87-94.
WANG Sinan, LI Ruiping, WU Yingjie, et al. Multi-model

comprehensive inversion of surface soil moisture based on

reclamation of Wetland sites[J].

model averaging method[J]. Transactions of the Chinese
Society of Agricultural Engineering (Transactions of the CSAE),
2022, 38(5): 87-94.

ULABY F T, SARABANDI K, MCDONALD K Y L E, et al.
Michigan microwave canopy scattering model[J]. International
Journal of Remote Sensing, 1990, 11(7): 1223-1253.

R, FAR, WSt %5 PROSAIL BUAUHUK A&
SFAR AR 0], A TR, 2018, 34(20): 117-123.
CAI Qingkong, LI Erjun, TAO Liangliang, et al. Farmland soil
moisture retrieval using PROSAIL and water cloud model[J].
Transactions of the Chinese Society of Agricultural
Engineering (Transactions of the CSAE), 2018, 34(20): 117-123.
SHI H T, YANG J, LI Pingxiang, et al. Soil moisture
estimation using two-component decomposition and a hybrid X-
Bragg/Fresnel scattering model[J]. Journal of Hydrology, 2019,
574: 646-659.

WANG R, ZHAN J H, YANG H J, et al. Inversion of Soil
Moisture on Farmland Areas Based on SSA-CNN Using Multi-
Source Remote Sensing Data[J]. Remote Sensing, 2023,
15(10): 2515.

WREF, B, VPSS, S TANLZ OGRS %
A E W OK AR R A S K R[] Ak TR AR, 2020,

36(10): 63-74.

TAN Chengxuan, ZHANG Zhitao, XU Chonghao, et al. Soil
water content inversion model in field maize root zone based
on UAV multispectral remote sensing[J]. Transactions of the
Chinese Society of Agricultural Engineering (Transactions of
the CSAE), 2020, 36(10): 63-74.

WANG H Q, MAGAGI R and GOITA K. Comparison of
different polarimetric decompositions for soil moisture
retrieval over vegetation covered agricultural area[J]. Remote
Sensing of Environment, 2017, 199: 120-136.

HAJNSEK I, JAGDHUBER T, SCHON H, et al. Potential of
estimating soil moisture under vegetation cover by means of
PoISAR[J]. IEEE Transactions on Geoscience and Remote
Sensing, 2009, 47(2): 442-454.

HEGAZI E H, YANG Linbo and HUANG Jingfeng. A
convolutional neural network algorithm for soil moisture

[16]

[17]

(18]

[19]

[20]

(21]

[22]

(23]

(24]

[25]

[26]

prediction from Sentinel-1 SAR images[J]. Remote Sensing,
2021, 13(24): 4964.

SU H, ZHAO D, HEIDARI A A, et al. RIME: A physics-based
optimization[J]. Neurocomputing, 2023, 532: 183-214.

WANG H Q, MAGAGI R and GOITA K. Potential of a two-
component polarimetric decomposition at C-band for soil
moisture retrieval over agricultural fields[J]. Remote Sensing
of Environment, 2018, 217: 38-51.

XIAO T F, XING M F, HE B B, et al. Retrieving soil moisture
over soybean fields during growing season through
IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing,
2020, 14: 1132-1145.

TR, Ealde, g, S5 RGP LR &G ik b g 4R
AL FNZ AR Rk TRESER, 2008, 243 2):
196-201.

WANG Dacheng, WANG Jihua, JIN Ning, et al. ANN-based

wheat

polarimetric decomposition[J].

biomass estimation using canopy hyperspectral
vegetation indices[J]. Transactions of the Chinese Society of
Agricultural Engineering (Transactions of the CSAE), 2008,
24(Supp.2): 196-201. (in Chinese with English abstract)

BFE, EARML, XU R ARG A Y AR i K R
RO R T]. A S oK 2R, 2010, 29(3): 185-189.
ZHAO Xiang, WANG Jindi, LIU Suhong. Modified
monitoring method of vegetation water content based on
coupled radiative transfer model[J]. Journal of Infrared and
Millimeter Wave, 2010, 29(3): 185-189. (in Chinese with
English abstract)

RN, Tk, 27, 45 T Sentinel-1/2 1E BHE &
NFE T A AR K MR S D). F T S AE R AR, 2021,
43(3): 692-699.

ZHAO Jianhui, ZHANG Bei, LI Ning, et al. Cooperative
inversion of winter wheat covered surface soil moisture based
on sentinel-1/2 remote sensing data[J]. Journal of Electronics
and Information, 2021, 43(3): 692-699. (in Chinese with
English abstract)

MCFEETERS S K. The use of the Normalized Difference
Water Index (NDWI) in the delineation of open water
features[J]. International Journal of Remote Sensing, 1996, 17:
1425-1432.

FHER. BT SVR SRR 2 i MUy b et [X - 3K 73 38 B
EITEMIFLD). % K22 K5, 2019.

WANG Yating. Remote Sensing Retrieval of Soil Moisture in
Ordos Blown-sand Region Based on SVR[D]. Xi’an: Chang'an
University, 2019. (in Chinese with English abstract)
KHUSHABA R N, Al-Ani A, Al-Jumaily A. Differential
evolution based feature subset selection[C]/International
Conference on Pattern Recognition, IEEE, 2008.

HU Q H, GUO M Z, YU Daren, et al. Information entropy for
ordinal classification[J]. Science China Information Sciences,
2010, 53: 1188-1200.

GUO J, BAI Q, GUO W, et al. Soil moisture content
estimation in winter wheat planting area for multi-source
sensing data using CNNR[J]. Computers and Electronics in
Agriculture, 2022, 193: 106670.


https://doi.org/10.1109/JSTARS.2020.3004062
https://doi.org/10.1109/JSTARS.2020.3004062
https://doi.org/10.11975/j. issn.1002-6819.202309086
https://doi.org/10.11975/j. issn.1002-6819.202309086
https://doi.org/10.11975/j. issn.1002-6819.202309086
https://doi.org/10.1029/RS013i002p00357
https://doi.org/10.11975/j. issn.1002-6819.2022.05.011
https://doi.org/10.11975/j. issn.1002-6819.2022.05.011
https://doi.org/10.11975/j. issn.1002-6819.2022.05.011
https://doi.org/10.1080/01431169008955090
https://doi.org/10.1080/01431169008955090
https://doi.org/10.11975/j. issn.1002-6819.2018.20.015
https://doi.org/10.11975/j. issn.1002-6819.2018.20.015
https://doi.org/10.11975/j. issn.1002-6819.2018.20.015
https://doi.org/10.1016/j.jhydrol.2019.04.049
https://doi.org/10.3390/rs15102515
https://doi.org/10.11975/j. issn.1002-6819.2020.10.008
https://doi.org/10.11975/j. issn.1002-6819.2020.10.008
https://doi.org/10.11975/j. issn.1002-6819.2020.10.008
https://doi.org/10.11975/j. issn.1002-6819.2020.10.008
https://doi.org/10.1016/j.rse.2017.07.008
https://doi.org/10.1016/j.rse.2017.07.008
https://doi.org/10.1109/TGRS.2008.2009642
https://doi.org/10.1109/TGRS.2008.2009642
https://doi.org/10.3390/rs13244964
https://doi.org/10.1016/j.neucom.2023.02.010
https://doi.org/10.1016/j.rse.2018.08.003
https://doi.org/10.1016/j.rse.2018.08.003
https://doi.org/10.3724/SP.J.1010.2010.00185
https://doi.org/10.3724/SP.J.1010.2010.00185
https://doi.org/10.3724/SP.J.1010.2010.00185
https://doi.org/10.1007/s11432-010-3117-7
https://doi.org/10.1016/j.compag.2021.106670
https://doi.org/10.1016/j.compag.2021.106670

102 A TR Chttp://www.tcsae.org) 2024 4E

[27] VAPNIK V, GOLOWICH S, SMOLA A. Support vector 014507.
method for function approximation, regression estimation and [30] HAN D, WANG P, TANSEY K, et al. Improving wheat yield
signal processing[J]. Advances in Neural Information estimates by integrating a remotely sensed drought monitoring
Processing Systems, 1996,9:281-287. index into the simple algorithm for yield estimate model[J].

(28] EiAs, 4, A, . BCURIONE R s IEEE  Journal
ISR A R I 2 2R S T PR B2 R0, Ol B 2 5 0 9 23
2023, 43(5): 1598-1605.

BALI Jie, NIU Zheng, BI Kaiyi, et al. Bi-directional reflection
characteristic of vegetation leaf measured by hyperspectral

of Selected Topics in Applied Earth
Observations and Remote Sensing, 2021, 14: 10383-10394.

[31] CHEN L, XING M, HE B, et al. Estimating soil moisture over
winter wheat fields during growing season using machine-

lidar and its impact on colorophyll content estimation[J]. learning - methods[J]. IEEE Journal of Selected Topics in

Spectroscopy and Spectral Analysis, 2023, 43(5): 1598-1605. Applied Earth Observations and Remote Sensing. 2021, 14:
(in Chinese with English abstract) 3706-3718.

[29] YE W, MA T, JIN Z L, et al. CBTA: A CNN-BiGRU method [32] LI H P, LU J, TIAN G X, et al. Crop classification based on
with triple attention for winter wheat yield prediction[J]. GDSSM-CNN using multi-temporal RADARSAT-2 SAR with
Journal of Applied Remote Sensing, 2024, 18(1): 014507- limited labeled data[J]. Remote Sensing, 2022, 14(16): 3889.
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Abstract: Soil moisture is one of the most influencing factors on the crop growth in agricultural production, particularly for the
water management, yield estimation, drought monitoring and precision irrigation. Therefore, it is very necessary to rapidly and
accurately detect the soil moisture. Fortunately, deep learning techniques have been widely applied into the soil moisture
inversion in recent years. However, much efforts have been focused mainly on the optimization of model structures. It is still
lacking to explore the hyperparameter settings of the models. In this study, an optimization strategy was proposed for a
convolutional neural network (CNN) model using rime optimization (RIME), in order to improve the performance of soil
moisture inversion in winter wheat farmlands. The polarization decomposition was also combined to correct the impact of
vegetation on the accuracy of soil moisture inversion in the vegetation-covered areas The reason was that the vegetation was
negatively correlated with the soil moisture inversion. The RIME was then employed to optimize the hyperparameters of CNN,
in order to form the RIME-CNN model. Subsequently, the RIME-CNN model was utilized to adaptively extract the feature
parameters. Soil moisture was then estimated to regularize and feed into the feature parameters using support vector regression
(SVR). Additionally, the wealth polarization characteristics were contained in fully polarized data. Various techniques were
employed to perform the polarization decomposition on the RADARSAT-2 data. As such, the wide ranges of characteristic
parameters were acquired after polarization. The original feature space of SAR data was further enriched to eliminate the data
redundancy for the convergence of the network. Mutual information (MI) was also used to optimize the characteristic
parameters. Synthetic aperture radar (SAR) and optical remote sensing data were used to invalidate the efficacy of the RIME-
CNN-SVR model in the soil moisture inversion of the winter wheat farmlands. The results showed that: 1) The high accuracy
of soil moisture inversion was achieved to improve the correlation between surface backscatter coefficient and soil moisture.
Therefore, the polarization decomposition was effectively weakened the interference of vegetation. Among them, there was the
highest correlation between the surface backscatter coefficient under HH polarization and soil moisture. 2) The MI was
employed to optimize the feature. The unnecessary feature parameters were effectively reduced the data redundancy. The
performance of network training was enhanced for the high accuracy of soil moisture inversion. 3) The RIME-CNN-SVR
model was obtained in the higher inversion accuracy, compared with the CNN, RIME-CNN and CNN-SVR models, in which
the determination coefficient was 0.72, the root mean square error (RMSE) was 2.78%, and the mean absolute error was 2.2%.
At the same time, the RIME-CNN-SVR model was also feasible and suitable for the inversion of soil moisture in the winter
wheat fields. The finding can also provide the accurate and reliable means of soil moisture monitoring for agricultural
production.

Keywords: soil moisture; convolutional neural network; support vector regression; rime optimization algorithm; polarimetric
decomposition; synthetic aperture radar
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