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Yield Estimation of Winter Wheat Based on Multiple Remotely Sensed
Parameters and Gated Recurrent Unit Neural Network
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(1. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China
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Abstract; In order to further accurately and real-time monitor the growth of winter wheat and estimate its
yield, taking Guanzhong Plain in Shaanxi Province as study area, and vegetation temperature condition
index (VTCI) , leaf area index ( LAI), fraction of photosynthetically active radiation (FPAR) at the ten-
day or growth stage scales were selected as remotely sensed characteristic parameters. The GRU model
was constructed based on different input parameters and time scales to obtain the growth comprehensive
monitoring index I of winter wheat. The results showed that the accuracy of the models at the ten-day
scale were generally higher than those of the growth stage scales. Based on the five-fold cross-validation
method, the robustness of the multi-parameter GRU model on the ten-day scale was further verified, and
the winter wheat yield was estimated based on the linear regression model between the growth
comprehensive monitoring index I and the official yield records. The results showed that the R* between
the estimated and official yield records of winter wheat was 0. 62, the RMSE was 509. 08 kg/hm®, the
mean relative error (MRE) was 9.01% , and the correlation reached the extremely significant level (P <
0.01), indicating that the multi-parameter yield estimation model at the ten-day scale can accurately
estimate the yield of winter wheat in the Guanzhong Plain. The distribution of yield presented the spatial
characteristics of high yield in the west and low yield in the east, and the inter-annual change

characteristics of overall stability and steady growth. In addition, based on the GRU model, the
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cumulative effect of winter wheat growth was captured, and the influence of inputting parameters step by

step in consecutive ten days on yield estimation was analyzed. The results showed that the model had the

ability to identify the key growth stages of winter wheat, and late March to late April was the critical

period for the growth of winter wheat.

Key words: winter wheat; growth monitoring; yield estimation; remote sensing multi-parameters; time

scale; gated recurrent unit
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Fig.1 Location of study area and crop planting areas

1.2 #E\RIFESHLLE
1.2.1  Fds kg

A SR FH 1 3 BB S MODIS (1 B M 32 15 B
FEA (MYDITAL) | H i R 55 7= i (MYDO9GA) |
mm R R A KOOt B A RO B W i T &
(MCDI5A3H) Fil 4ih & 78 75 25 &1 7 & (MCD120Q1 ),
JIER U 2011—2019 4 4 /N 22 5077 B 40 ok I T 3L
FrAET (Ve JRPET CEAST H ) St R &
A5 (R B8 THAF 25 5 T 88 1 B3 K e S0 DABR S 8 <%
JR AR o AR SCHE G R 2011—2019 4 24 A4~ B
() f =4 B BTN g VTCT LAT Rl FPAR B 48 /)
7 PR R AT A DR BIFSE
1.2.2 & /NEFpE X 42 B

MR R G i )R & /N 22 Bkl i B GE 1 Chap: //
www. stats. gov. cn/) , ¥ 10 4F ¢ 3k ¥ & /N 22 B kE 1

BUHX R, B sh 8 /e SCHR [ 16 J A5 R B, R4
it I A4 FH 4 5 1T R 2 52 ey ™ 5 ik B30 1) o kL
FHA IR AT X AR P B AR 2 AT . G
- JE A /N ke T R R bR AR 90% LA, A
WA BF 5% K F MODIS + M 78 35 2 A = 5
(MCDI12Q1) 474 /N A2 FiA X 1) $2 B, 12 i S ik
T Terra Fll Aqua TLA: /) MODIS {8 3515 /7,
5 PO ) Y A BT T O 28 U7 SR A L, A BT R
b Ve A= Pl 1 4 (IGBP) 1Y 73 2K J5 %8, i it MRT
(MODIS reprojection tools) i# 47 1l 4b HH I 5 #f 58 IX.
WATEGL R &N, A5 B0 R E (X)) 17
AR XA (1)

1.2.3  Wf[E ] VICI 4 i,

PR 2011—2020 434 3—5 H Aqua — MODIS
()23 [6] 43 BE A 1000 m, B (8] 73 BE 32 1 d 19 H H
F EE 77 i (MYDILAL) Je H #h 2 23T 2 77 i
(MYDO9GA) , 2k I MRT % J& 4 £ 95 ik 17 17 6t 4% =X
Eefh P i HEORAE AR PR PR BY A Biab 3,
B R4GAE X F 5 B OLST Ml B NDVI, 32 Ji i KA
B L 43 A i A B Ta) RUBE B LST # NDVI £z K
(B W™ 5 3 T Z AR R — A1 B9 NDVI FlLST f% K
(BB B™ i, R T B KA G BT 43 30l A 1 22 4F 19 )
NDVI I LST f) e KRAR A5 0™ il 5 3 T8 4F 3—5 A
FRBER) LST f5e KAH G BU™ i, B4R 3 WU /MA,
A2 AR ) RUBE ST fie RS /IME A B 5 38 3
ZAEA] U NDVI I LST s K8 A ™ 5 i E IF 5
X VTCT 1y #ih it 3l aod 248 R) RUEE NDVI S K fH
B L A 2 AR RUEE LST S R—f/IME & 1™ fh
i VTCL B9 ¥ ih F, DL sk 3 5 A B 1) R 19
VTCI

L,.(N;) -L(N,)

VICT=1" (N ~ L. (V) (1)
Hrh L..(N,) =a+bN, (2)
L. (N) =a' +b'N, (3)

K VICI— 251 FE W IR 45 %k
N—2% —18 &K NDVI{&
L(N,)—WF5 XN B — 18 Z 1) NDVI

NI 1 3 38

L,..(N,) L, (N)——F5% XN 24 NDVI
GTF N BT A B
FHh R E R R
{8 J /MA 43 50 B

S U RESUR
ab.a’ b'—FFE RAL, HWFSE X NDVI

FLST (iR 181 3 A 4R A5

MR A& /N2 A BB A R o, B AR O —/F



210 £~k

IR

2022 4

A AL 28] VTCT (V- Y {EAE % A & ) 1
9 VTCT o A8 OGP e (X)) i A /N2 Fi i X
3 AR, A B AN 2 PR X T AL B R R
VTCI V-2 {8 AF o i B 3% 48 % R 803 4 & 91
VTCI,
1.2.4 #f[E] ¥ %) LAL #1 FPAR 4E ¢

YEHL 2011—2020 4F 4§ 4F 3—5 A [ MODIS
MCDI5A3H j~ 5 i#£47 LAT il FPAR (8 8L, 1% 7™ i
FH T Terra F1 Aqua T2 ) MODIS £ )& 2% 3K 15
f, 25 18] 43 BE A A 500 m, I [8] 73 BE AR 4 d o 3%
BRI KAE G B BR T3 0 KR, 22
2 R AR L B K Z8 ST BT Y S ), S B
SB [] Be LAL R FPAR 3% 2l 5 K, K g J e A8 1
LAT Fl FPAR {4 5 5215 00, HC i (8] 17 91 s A B 14 31
R B 2 Ak KR A, B A A2 2% 2% Savitzky — Golay (S —
G) Y& LAL Al FPAR HOH8 047 - 05 25 M Ak B, 22
B AL BES () LAT F1 FPAR il 2 2 -V 58, 77 &
AN SRR A R Y

VTCI 5 FPAR B ¥l 0 ~ 1, Jyffi LAI 5
VTCL #l FPAR HA7 4[] #) BUE W L, X S — G g i
J&i B LAT #5470 —fbAb B . 3548 3 B ) A 3 19
Z A LAT F1 FPAR B fie KAEAE R 4 A1 B9 LAT

FPAR, B AR 2 B — A4 & I 14 % 19 £ f) LAT I
FPAR (% fie KAEAE i 4= & B9 LAT I FPAR,
HR A O v S JELA T BB IX 0] (&1 R 4% /N 22 Fiop X 4 A
SRR AR (X)) WA & A 1% £/ LA fI
FPAR 1 F ¥ {8 7 1% B AR % A 8 4 8
LAI fi1 FPAR,

i F VTCI 5 LAI 1 FPAR %5 [6] 53 # R AR —
B0, WOR F 5 4B 3K 20K VTCT B R A 500 m 23 (1] 43
PR, HAh, VICI, LAL fil FPAR BRI 0 ~1 2
IE1], 1 4% /NAZ 27 J R 72 2 000 ~7 000 kg/hm’ 2 Ji]
W T H — A AN B B R e — 31 (0,1 ] L
1.3 MRFE
1.3.1 GRU &4 4t

RNN BE 6% 2 #8504 i i) B )5 A5 B DA B i AR
S — 5 T A B ) A0 B A 2 2%
GRU J& — Rl R¢ ik 28 B 1) RNN [ 4% , GRU A5 7 25
WE 2 iR, &4 GRU ARG Bl (g sE 3 17] (Z,) Fi
EIT(r,) o GRU REHE2E > AR A W] B[] RUBE 1 (4K
HiOCF gk RNN (19338 9 & P, 58 70 A H B 20
4 P TR AR AT, - i phe RNIN (R 2% v g < A A ) >
[, GRU % LSTM Z: %50 /b | 25 k4 AR % 157 5, 200t g
i3k 55 LSTM MM R DI fiE, HHE 2 5 14,

i AN A ) B

i

= KA IR

% | cru CRU CRU CRU [ EE ]

é ¥IT Fon ST PAST -1 ! i

% [ cru GRU GRU GRU

2| %t HIT I I

4 [vIc VICI VICT VTCT ! [k

/i / LAL / / LAL / / LA / / LAT / !

2 FPAR FPAR FPAR FPAR e
B BTH FE-TER A LA @

2 GRU #HE R ) 25 44 [&]
Fig.2  Structure diagram of GRU model

HRRVTEERT] Z, MEE ] W, R A
Apte x, 5 b — I 2 BRORUZ 25 2R b, W) DFHE AR 2
sigmoid JELR LRI 5 g A B SR 1] o, s A 2 /0
b 2 AR S AR RRE S I A S T %, HEE
PR Y RPRS S LA RS R, R ME
/N B 22 W ) D s Bl . B TR 2 AR
1 b, LIPS AL x, PR ET AR Lt A2 e, 1
2 tanh pRBCHCTE A5 21 25 BTN 220 46 2 BRURCE 1R 2

Bo HEHTT RO BRI - — i %0 R A A
W Wit 1 - Z, 450k, TERE E— 25
AR RGE £ e L= A AL
HIANAE Ay 24 i Bt 20 B 2 (IR 25 1 e, , 2 0 o

2 PR HE B AR A By, b, A5 30 25 i A 20 455 D 4
H oy BRIHEEART N

Z,=o(W,[h_ ,x]) (4)
ro=a(W[h_ ,x1]) (5)
h, =tanh(W; [rh,  ,x,]) (6)
h,=(1-Z)h, , +Zh, (7)
y,=a(W,h,) (8)

AF o sigmoid JE 7 PR AR
Z,——t W2 B T AR
¢ B 2 TR S

B —— 1 Ff 22016 3 7RG 22 P R

r[



59 1)

EMH 2 HT IR S RO 18 55 50T R 45 19 £ /N 22 507 Ak 211

¥, ——t I} 55 95 ey iy ¢y

x,——1 IR} 055 70 1 iy A

h,  —— b 2 B2 R 2

b, ——1 I 220 B )2 R 25

W, —— T 3 | 1R A

W —— B R A

W, ——— i 1 5 7 J2 AR 4

W, ——fiy )2 9 A0 T A

W, W, W, W, & GRU 128 [ £ ¢ i %) 75 %
IR AL R, o, W, W, W 43 2 AN AL
W

WZ:WZx"'WZ;I (9)
W =W_+W; (10)
W;=W; +W;; (11)

Aop W, AE ) BRI A A
W, — % A 2 5 )00 ACE
Wi, —— i A A 3046 35 1 17 A 46
W —— b — B Za i 35 0 380 50 11 A T B
W —— b — I 20 i o 1 1) o 8 ) A A
Wi — b — B 20 i 35 {1 38 40% 32 18 A R 96 o

TEAME TR, i Al Keras HE 22 #4) @ F1 1)l 2k GRU
BR REALAL G 1 A2 2 A GRU 2 1 A i
2o RSB R O A BRI R ) Y
H,X = IR, P BB -, FL AU | sk
X={3 7 rf,3 Aa),3 A 4,4 4 LA),4 A
f],4 ATN4A,5 A A5 Aa),s AT Al . 34
WS H(VICL, LAL 1 FPAR) L = 4k ik & 1 45 =X
AL LAY GRU REHI A I 25, R B = 4k 5k i
(BEAECR x BEEIE R x RRAE SR ) R/ R 216 x
4 x3 8% 216 x9 x3, ¥ 2011—2019 4 VTCI,LAI,
FPAR F1 505 i [8] J7 51 5 48 Bl B 4] 43 80% 1 Ay il 25
LE TN 20% A g A, T 55 80 0 0 25 R0 D o )
W 2% 22 YOl 25 I & B0, e R RSEoh 16, I 2R 25
500 4~ epochs, #1 2 ST HL H Ky 64, 3% PR A tanh,
HIteE24 2] %5 0.001, 1L 2% 2 Adam , 35125 R ECH
By 2%  mEE, 51 A dropout Jf 1 # iy 0.2 L)k
P 28 I 2 3k B v i A 40 A, B v AR A 1 37 b g
I R AL 1R T A GRU A7 15 5] 4 /N 52 K 3
ZEA WIS H T,

R O3 AT 3 5 ) T g A i A SO A T 1Y
S, E TN A /N 22 O B A K B B,
2011—2018 4F 1y £ 4l VIl 2R 155 AU 5 5 7E 2019 4F 3%
sem)vh & APy A VTCI, LAI 1 FPAR, UL F| F§ GRU
ZEMI AR AN A K B T L g R
TRURG 2 () B2 = B2 B, 43 BT A D A g ) 1) 7 A O M
fE, 79 31 430 i A S B06 7 Ak I i S

1.3.2  HERIPERE DAY

i 1 T [ i A RO B A S 80T GRU 468 7
fydis H 5 AR ) TR P R E R (R R 5 AR 5
25 (RMSE) , 13 2 A [a] i ) ROEEfiy AZ 80T GRU #E
TR MRS E , DL VAl 4 o ) & /D A KRR
S5 K R

VAL GRU B RL A 5 4, SR A 5 37 58 USRIk
L% 2011—2019 4 VTCI,LAI FPAR F14 /N2 B
PR BERL Y 9 5 A K A 23 i AR — U N i
BRI AR R TRy 4 2T WAERIIZGRE, 1T
A — YR AR 9 R AN RMSE Sl Ik B 78 14 1 i

BT R U A 3 A0 I A LA R R T
5 AN Gt B 22 () B A I U AR R ek G
I 2011—2019 4 4% 8 (X)) &/ 22 57 i 474k
SELATSBIRL Y R RMSE P 2 H X 52 22 (MRE) 2
VAL /N B A I E O BE AT B AR R A9 A/
¢ AN S A Al 00 B 7 Y AR B A L T DX 8 S ]
I A RFAE

2 HREHH

2.1 KBEEHRNEHIHME

539 LA /N A2 ) RORE AR 7 I ROBE () B 2 K
(VTCI,LAI 5%, FPAR) . X\ Z % ( LAI fil FPAR ,VTCI
F1 LAI 5% VTCI 1 FPAR) J2 £ % % ( VTCI, LAI FI
FPAR) 1}y GRU #5284 i i ARRAE | 2 /N A2 B A Oy
GRU # A AR 25 , i) A S 2 G W 45 25 1, 15 3R
[] B[] RUBE Fi i A S 80T GRU BERIKS B (R 1),
A LA ) RS [A) 2 B0 B 3 4E 11 R 70, 30 ~
0.62 Z[a] ,RMSE 7£ 0. 11 ~0. 15 Z i, H ik 5| #%
K (P <0.01) , 32 B ) RUEE (19 AN [] 2 B 75
AT LA VTCI LAL Fl FPAR H A 2t 3 5 & /N2
A O I R AE | 300 3 A A (14 2 1 e B Ok SR A5 )
B UE R ) S G I B T, TR S R A
o, B FPAR 5 AR BE A i 5 5 XS BB AL, VTCT
F1 FPAR 5 RUKS B B i, B [ J& FPAR [t LAL I g

x1 AMEENHARER GRUEREE
Tab.1 Accuracy of GRU models at different time scales

P : R A IR
R RMSE P R? RMSE 14
VTCI 0.30 0.15 <0.01 0.27 0.16 <0.01
LAI 0.55 0.12 <0.01 0.54 0.12 <0.01
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Tab.2 Comparison of accuracy between estimated and

official yield records in study area from 2011 to 2019
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2019 0. 66 488.77 <0.01
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Fig.5 Cumulative effect of winter wheat yield estimation
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