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Winter Wheat Yield Prediction in Northern Henan Province Based
on CNN-LSTM Model

QU Jianhua, AN Tingting, YAN Junjie, SHEN Qianrong

(Beijing Huayun shinetek Technologies Co. LTO. , China Meteorological Administration, Beijing 100081, China)

Abstract: To explore the feasibility of using remote sensing technology and deep learning methods to a-
chieve early and accurate prediction of winter wheat yield on a large scale, the northern Henan region
of China was taken as the research area. Using the normalized difference vegetation index, tempera-
ture, sunshine hours, precipitation and county-level yield during the period from re-greening to matu-
rity of winter wheat from 2013 to 2022 as characteristic parameters. The Long Short-term memory
(LSTM)-Convolutional Neural Networks(CNN) was used to estimate the winter wheat yield in the
northern Henan region. By training the CNN-LSTM yield estimation models at different growth sta-
ges one by one, their early yield estimation ability was compared. The results showed that the CNN-
LLSTM yield estimation model in re-greening — maturity stages had relatively strong robustness. The
average coefficient of determination(R?) in the five-fold cross-validation was 0. 86, and the average
2

root mean square error(RMSE) was 402. 76 kg « hm *. There was a significant improvement in the
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yield estimation accuracy compared with the corresponding LSTM model, with the average R? in-
creased by 0. 18, and the average RMSE decreased by 188. 05 kg « hm 2. The CNN-LSTM yield esti-
mation model in re-greening— maturity stages was a model with high stability and strong generaliza-
tion ability. The R?, RMSE, and mean absolute percentage error(MAPE) for yield estimation of the
2022 test set were 0. 91, 337.25 kg « hm™?, and 4. 25%, respectively. Among the 32 counties(dis-
tricts) in northern Henan, 75% of them had a relative error less than 5% in yield prediction, of which
21.875% had a relative error of 5% to 10% in yield prediction, and only one county(district) in Linz-
hou City had a relative error of 15% to 20% in yield prediction. The CNN-LSTM yield estimation
model had early yield estimation ability. The R?* and RMSE of the CNN-LSTM yield estimation model
during the heading-anthesis stage were 0. 83 and 431. 98 kg * hm™*, respectively. This model had the
ability to predict winter wheat yield one month in advance. Therefore, the CNN-LSTM could be used

to establish a stable and accurate winter wheat yield estimation model, thus providing strong support

for agricultural decision-making.
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yield regions in northern Henan Province in 2022



< 1706 - % X WY

EE

%45 &

X2t H ™ ARG P4, H CNN-LSTM # #Y
FROAG 77 R 25 e RHE /N T LSTM BRI, 232 b T ik,
TCI FE A /NI 7= X P P X 2 R 7 X, A
LSTM #i %1, CNN-LSTM # %I ¥y BLAT 45 4 19 6
B LA 7 AR A R X I X 2
2.4 CNN-LSTM B =gt h =B RE S
Mz ) RO A 3T 2022 4 D3k 4 508
CNN-LSTM fili 77 #5555 82 AL 1l X4 /N 22 7 4 Tl

114°E

A5 592 P E 23 A1 34— B0, 2 22 P R i ™ . 74
JEER L AR = A5 i (] &) X EE P R B AL
PEALHR , A0 ARIH 7 48 L XA, e R AR R L
TR Y & e 2000 A& /N 22 P R T AR ik
111 X 2 B (DO I & /N &2 B iR, Bt X
32 A8 (X H AU T RIS L X 28 /)N 22 T
7 5 SR DX AR [ Ay L (XD &/ T
I 7= 5 S B i Ak A — 7 i ]

115°E 116°E

36°N

36°N

E‘Eﬁ] Legend

Predicted y"ield

36°N

35°N

0 50

100 km

Kb R
Actual yield/(kg * hm™)
T <4500
z " 4500~5 500 5
2 2 5 500~6 500 o
I 6500~7 500
9 L 100 km B 7500~8 500
114°E 115°E 116°E
114°E 115°E 116°E
=g o

36°N

FE#1 Legend
R ,
Predicted yield/(kg + hm™)
<4500

T 4500~5500

0 5500~6 500

B 6 500~7 500

I 7500~8 500

35°N

114°E

115°E 116°E

8 2022 FAEHIIMLPAELRZES CNN-LSTM #HE Z /N F 7= 2 = 18 9 7o X Lk B
Fig. 8 Spatial distribution map of winter wheat yield estimation using CNN-LSTM model in northern Henan Province in 2022

WL AN, 75 Y6 (i B (X0 4 /N2 T 7 i 5 5 B
FER AR R 22N F 596,21, 875 %0 I B (XD &
ANFE T 7 5 S BR 7 R 0 AR X 1R 25 7E 5060 ~
10 %6 22 [8) s A AT BRI T 28 /N 22 15000 7 o 5 52 B 7
AR R ZEME 15 % ~20 % 2 | (& 9, =& H
X 15 25 KA B (X)) B e & /N AR ™ X,
MM ALK IX S, SO — 2 & /N = i

D AP By B (DX L35 BB A5 T o sy o & /N 22 ol
T AR/ Hoor A B A R h A 15 S
] R ) 3 b MG A AR B R A 5 BB MR & /N A
ST RRAE AN A8 25 DA T AR AR ASE 200 ) A 7 P RE 5 —
JE LA e b M X AR B SR B R 2% &5 Bl A&
NG 7 i ARG B (DX 9 A B AR 0, 4 0 L
BR2E T A 7 R R AR B S e A L)
G o T 3 AR TR A 2Kl XAl 7 BB T AR



5% 12 3

PEEAEAE LT CNN-LSTM B8 (1 B2 b Ml X & /N 32 7= 5 fl i . 1707

114°E 115°E 116°E
7 Z
o o
on on
&4 Legend
MRTR2E
Relative error/%
<
Z 5~10 Z
ol - S
9 30 1001 ez . 20-25
114°E 115°E 116°E

9 2022 FAEAEILE 32 NE (X )CNN-LSTM R Z/NEFNU S KR EHMNREZE 5
Fig. 9 Spatial distribution of relative errors between the predicted and actual yield of winter wheat by

CNN-LSTM model in 32 counties(districts) in northern Henan Province in 2022

2.5 CNN-LSTM #E K R H & =8 R

FIHAS R A & B 40 %4l 42 Il 26 CNN-LSTM
TR ST 43 AT AR R (g SR A 7 e L A5 AR (5R 3D
TR A & BRI R 36 B R 2% — Al
W= Hh B — 4 0 > BT — 2RI >R
RMSE & 3 A 5 — ni 8 << 2 — 3 16 15 <
PO — AR <R, UL R — 2
CNN-LSTM #28Y f) 4k 7 K B e &, R® R 0. 85,
TAE — 7 WAL A R? F0 RMSE 23 %) 4 0. 83
F1431.98 kg « hm *, Al 7= 05 B 5 HE K — nig 24
B 22 S AN, PRI A il B — 4 46 390 ol A R A
] SR A 7, BTl R T — A A .

£3 FEEBERE CNN-LSTM 2 fy fh 7= 1% &
Table 3  Yield estimation accuracy of CNN-LSTM

models at different growth stages

B B W — i — WER — AU

IR R reent 2 T 1] #AEW  Filling o
e-greening e A .

Index ot Jointing Booting to maturity
stage stage heading stage stage
R? 0.47 0.72 0. 83 0. 85

RMSE/

(kg » hm~?) 757. 45 569. 84 431.98 421.70

I 2022 47 D0 32 A2 5000 X5 il AR — 4 46 0
CNN-LSTM #8475 Al 7 12, 25 2R (& 10)
N AL P B (XD 1Y 7= 5% 22 KT 600 kg »
hm 7 =4y 30 A~ E (KO BOR A7 78 B 1 7= & A%
Al B8 A o T RN S A T R YRR
HO0.86, A HE S 1:1 RIEAVAT IELNE

R 7 DTN 7 e g AT T S B L AHTSAE £ 600
kg« hm * B4 00 B EVE Ryt AT L ) A%
Ff S0 £ 52 25 X P I il X% B (X & /N 22 7
AR SAFAE—E M TR 22, (HH & A 20 50 7
AE 7, 1 T BEIA DAy I Aot B2 2% /N 22 1) FREORE 230 B RS
) 22 55 RF L B T R A DT AR S

8500 - — A 4K Fitting line y
—-1:14% 1:1 line A
| —- RE<600kg - h” T s

Error<600 kg * hm?*’, *
R

~
w
(=
(=]

(=)
[
(=
(=2

W
(¥
(=4
(=1
L ]

y=0.86x+771.99

TR =&
Precdicted yield/(kg - hm™)
&
=)
S

35000~
3500 4500 5500 6500 7500 8500
S2FR7 8 Actual yield/(kg + hm™)

10 2022 FHBE—HIEH CNN-LSTM £ /N EfH 7=
BEFNFE5XR-E8AE
Fig. 10 Scatter plot of the predicted and actual yield
using CNN-LSTM winter wheat yield estimation model
during the booting to heading stage in 2022

3 it

CNN-LSTM ## JH T- 4 /N F Ak 7= i A7 —
ERE I, AR LSTM 5 CNN 7 fh e gzl
B8 R T PR A O A TR R B
R? J30.91,RMSE >} 337. 25 kg » hm ™%, A [t A



« 1708 # K F W

NFEST A LSTMY R CNN AR R 5 & /N % 1y
i = R B ¥ B0 W 4R E . LR R AT RE 2 CNIN-
LSTM HEAITE % 8GR (B0 280 Hl Bl 5 1
MR ELEFNYAKELR S ™ & S [H
STt 2 T A AR B A ) G AR AE S
PR A SR TR A AR A L o — A8 R AT 2 5] #
WEFRNGER., E8HEIKsD L AR T
BE(NDVD &S 4 %4 (SSH, TEM #il PRE) {E 4
FRAE 2R M A fy CNN-LSTM # A He £ 8 B
AEOAN T P 1E JEBCHE (T B B O A A U
S B 25 A7 R A TR FBE 5 00 A8 I 1) TR S o 4 T 4% A
RURE 2R ME B 5y o X U0 ) i 7 B AR A 7
RIREHE 285 & 0 E A KA B gt
AR T HE SR AR A MERE . R A, CNN-LSTM £
TR AT R b A FE B 5 A /N2 7 D) AH G R O B
Y, T ARG 1 AN A SCBLA N B A R .
T GRU B 5 LSTM £ A1) Jy RNN 5 #1 fiy
AR, DR O 5 08 R I B ALY 32 T CNN-GRU
BEAIZE G MODIS 3% 55 2% M Hb 3% 5 15 i B 48
I 4y e 1) A& AN A AT ARAR I 408 — 3. Hix
BRI TE 4 /N IR 7= DX 36 B4R 25, 1 it 1 o 0 42
MR EA 2 A4 DA X 3T 90 %0 B B (X)) Ny
KNG I DRI AR A I 0 A 7 A
S rp ARG P XA D N G AR R A 4 AN
AR DX A AR 1 AR ) A 2 X 2 S SO AR AE A /)N
AR X RN BB 2) & /NE L7 X &
FAERAEIN Y B X, X S b X NDVI, A 4 %
FR 55 WL R EE AR, BRHE R R 22, A&/ N R R T
D3k 82 PP R 3R Y S (E 25 S BURE 7 A5 2R
A 2% .

T E CNN-LSTM & /N Al P AL TE B
b 1 DX S FH R S R Sk BTN 22 T S B AR )
b 1) Fh A = R R 2 A ST 7E 4% /N 22 R A 3 Ak
IR PR AR T A /N EE AR T IR RS B O
HE, AUFIEE T Sentinel-2 A% 13 2k 5L
A /NG TT IR PR o AR 3 0 A A X S s
7 U O BR A3 AR S B 5] B AR AT FE AR 25 5%
BB B T DR A 2 2 B 1k O T A T A4/
FHNKEE . 2) B ET CNN-LSTM A 7= #5712 &
MRHIE 2 R AR A A AR B AR R H LR
EHELET RERZ B AN R AR, R
SRR S B T R AR A 2 R R e B
Yk CNN-LSTM #5#Y , LLR = A5 R (1) £k 7= A

AW FE LR AL AT X 38 ] 2013—2022 4F
MODIS & %% i NDVT 7= 5 | v [ - e <M 96
B 50HE % (SSH, TEM #l PRE) J 55 i1 4F %
SLBR P B L T A CNN-LSTM 4 /)N 22 il 7 4
RV fig B WAL 7 e ). AH b LSTM 52 50,
CNN-LSTM #& B 58 51 A &4 #1422 #8 NDVI, SSH.,
TEM Fil PRE 5 & /N2 77 1 22 [6] (A DGV, R B
AR B R e MERNZ AR ) . B AT 3
NIGUE I R? 0. 86, F 1) RMSE 4 402. 76
kg« hm *, 7£ 2022 4F /) UK 4 . CNN-LSTM
flfi 7= B 8 R® S 0. 91, RMSE & 337. 25 kg -
hm ™", MAPE 2y 4. 25 % ; 2 /N2 Ak 77 A G 35 22 /)8
F5URE (XD B X 23 E (XD B 75%.
AHXTIR 2276 590 ~10 % Z 8] (1 B (XD 5 B b b X
AR (XD Y 21, 875 Y6 AN 1T — A~ 8 (X)) Y
FPAARAH IR ZEAE 15% ~20% 2 (], HhEE — 454
1 CNN-LSTM Al 7= 452 8 5L £ 5 4 1) 7 30 £k 7= g
J1. 78 2022 AE XA P ALY R® y 0. 83, RMSE
A 431.98 kg « hm 2,

S E WK

1B, B, sk R A5 /NE B AT AR Bk 5 & Rt
LT AL 385 BRI A 4R . 2018, 19(3) 1430,

LIUZ Y,WANG D W,ZHANG A M,et al. Current status
and perspective of wheat genomics,genetics and breeding [ ]].
Journal of Plant Genetic Resources ,2018,19(3) :430.

L0 E Al 8. 2013 o [/ 22 B o 4 5 (], A 5 4k Tk,
2015(3) :66.

Ministry of Agriculture of China. 2013 Wheat quality report
[J]. Grain and Feed Industry.2015(3) :66.

[3lZaie, £ . 803, 4. 3T A KB B FIRE K & Y =
FH K B TN A R AR (). Rl Bh2%,2018.,35(4) : 857,
PENG J L,WANG J,JIN W Z,et al. Construction of a yield
prediction model for whole crop maize on the basis of climatic
data in South Korea [J . Pratacultural Science ,2018,35(4):
857.

[ATERRUEL, FALZE  EHEE L %, 2T WOFOST £ 1 15 328 J8 55 i

[ A 19 B 9 R EORA P2 B SE LT 1. PR BH AR Ml R 24 %7 4R, 2024,
55(2):138.
QIAN F K, WANG H J, WANG X G,et al. Study on corn
yield estimation at county level based on WOFOST model and
remote sensing data assimilation [ J]. China Industrial Eco-
nomics »2024,55(2) :138.

[5]JMCCOWN R L,HAMMER G L,HARGREAVES J N G,et
al. APSIM: A novel software system for model development,

model testing and simulation in agricultural systems research



1z

PRAEAESE LT CNN-LSTM AL ) 3 Ab X & /N 22 7 5 T + 1709 -

[J]. Agricultural Systems,1996,50(3) :255.

[6]DORIGO W A,ZURITA-MILLA R,.DE WIT A J W,et al. A
review on reflective remote sensing and data assimilation tech-
niques for enhanced agroecosystem modeling [ J]. Internation-
al Journal of Applied Earth Observation and Geoinforma-
tion ,2007,9(2) . 165.

C7DMEIR AR, B0 L TR 8 4 . 45 25 T CNN-RNIN [ 25 1 v [ 4 /)N

F AL Ak TR 241, 2021,37(17) 1124,
HE X H,LUO H T,QIAO M J,et al. Yield estimation of
winter wheat in China based on CNN-RNN network []J].
Transactions of the Chinese Society of Agricultural Engi-
neering »2021,37(17) :124.

[8]ZHANG Y,WANG P X, TANSEY K,et al. Enhanced feature
extraction from assimilated VTCI and LAI with a particle fil-
ter for wheat yield estimation using cross-wavelet transform
[J1. IEEE Journal of Selected Topics in Applied Earth Ob-
servations and Remote Sensing ,2023,16:5115.

(972 F°, T EE k. H: T CNN-LSTM-Attention [ £ 1) ] i 45 4
ANEE TR BN T, 22 A 4. 2024,44(10) £ 1352,

JIANG Y,MA T H. Prediction of Henan winter wheat yield
using CNN-LSTM-attention network [J]. Journal of Tritice-
ae Crops»2024,44(10) :1352.

[1oJ3% Scg KR4 [, F il 55, 36T T8 A B2 AG RN 4 A0 28 1 4

B 7K RS & AR B BN BT 5 L)/ OL L. p st Rk R 222 4R
2024, https://link. cnki. net/urlid/32. 1148. S. 20240616.
0000. 002.
JI'W H,ZHENG H B, WANG D,et al. Research on yield
prediction of rice breeding materials based on UAV Images
and convolutional neural networks [ J/OLJ. Journal of Nan-
jing Agricul Tural University, 2024, https://link. cnki.
net/urlid/32. 1148. S. 20240616. 0000. 002.

[11]JSRIVASTAVA A K,SAFAEI N, KHAKI S, et al. Winter
wheat yield prediction using convolutional neural networks
from environmental and phenological data [ J]. Scientific
Reports 2022,12.3215.

[12JMOE P W,TYELL H F,HOOVEN N W. Physical form and
energy value of corn grain [J]. Journal of Dairy Science .
1973,56(10) :1298.

[13]LIU SL.WANG X,MA S T,et al. Extreme stress threat-
ened double rice production in Southern China during 1981 —
2010 [J1. Theoretical and Applied Climatology »2019,137
(3):1987.

C14]FE 30 3 BRIE 8, 55, 26 T 2 G Al LSTM A6 2 (1) &
WA /NEAG LT A AR HETE . 2023.44(6) : 1117,
WANG X, LIU B, CHEN Z C,er al. Estimation of winter
wheat yield at county level based on multi-source data and
LSTM model [J]. China Industrial Economics, 2023, 44
(6):1117.

[15]JCAO J,ZHANG Z,TAO F L.et al. Integrating multi-source
data for rice yield prediction across China using machine
learning and deep learning approaches [J]. Agricultural and

Forest Meteorology ,2021,297:108275.

L16]x) MR 2401, Bk 0, 4. 5 T I 5 S AR R [ R Y iy ok

Wil P FELT ], Jeilar 5 3% S B, 2023, 43(8) 12627,
LIU Z,L1 H P,CHEN H,et al. Maize yield forecasting and
associated optimum lead time research based on temporal re-
mote sensing data and different model [J]. Spectroscopy and
Spectral Analysis2023,43(8):2627.

C17]F AR 7 M. F 3. 5. 36T MODIS EVI 8] 5 51 1477 7

AN g R R H SRR, 2020,
50(6) :645.
WANGZ Y,FANG P,WANG X,et al. Phenological extrac-
tion of winter wheat in Henan province based on MODIS
EVI time series [J]. Journal of Henan University ( Natural
Science) s2020,50(6) :645.

184N 7, ERE. & /N EARR AR BER R K 20 ™ & % m

U ek b W ()], 22 AW 240, 2018, 38(4) : 487,
LIB J, WANG T H. Double quantification analysis of the
effect of meteorological factors on yield in winter wheat at
different growth stages [J]. Journal of Triticeae Crops.
2018,38(4) :487.

CIOJMEHa . 7 23 . 2% HE. 1981 — 2019 AR AU AR AL X 30 g 45 ¢

ANFEAEE MR ST LT ).t AR AR, 2020, 52(12)
30.
TAN Y J.YANG H J.LI H. Impacts of climate change on
winter wheat growth stages in Henan Province from 1981 to
2019 []]. Shandong Agricultural Sciences,2020,52(12):
30.

[20]E WG4 . VLA, 3K DL, 45, 2 T I8 &L S8 CNN-Trans-

former HY4&/INZZ B P= AR T ], A4k MUK 24 4 » 2024, 55(3) -
173.
WANG P X,DU J L,ZHANG Y.,et al. Yield estimation of
winter wheat based on multiple remotely sensed parameters
and CNN-transformer [J]. Transactions of the Chinese Soci-
ety for Agricultural Machinery 2024,55(3) :173.

[21]ZHOU M,MA X,WANG K,et al. Detection of phenology u-
sing an improved shape model on time-series vegetation in-
dex in wheat [ J]. Computers and Electronics in Agricul-
ture ,2020,173(9) :105.

[22]7R 0525 5l — L. AN TR) A= 15 300 /A 28 f X i i 48 46 /N 22 7 o

B A AR A (1], IR AR L A 22,2022, 50(12) : 238,
LI BJ,ZHANG Y F. Quantitative analysis of impact of cli-
mate change at different growth stages on winter wheat yield
in Henan Province [ J]. Jiangsu Agricultural Sciences .
2022,50(12):238.

(230K WA i B BE. 28O0 20 4RSI 4 & /N E R SR %

R Ik 2 728 A R HG 3 W PE I 5T (], 2 2R AE ) 2 4. 2013, 33
(4):652.
GENG T,FU W,CHEN Q,et al. Spatial-temporal feature of
climatic resources and adaptation of winter wheat during last
20 years in Henan Province [ J]. Journal of Triticeae
Crops»2013,33(4) :652.

(24702545 BH. T IR BE 2 ~J 19 38 S 18 4 /N 22 Tl A T R 2 JBUBIE 5
[DJ. FBIH 3] F Al K2, 2024,



. 1710 # K E

L7/ 545 &

LI R Y. Research on extracting winter wheat planting areas
from remote sensing imagery using deep learning [ D].
Zhengzhou: Henan Agricultural University,2024.

(252525 JEEN . & . 2F OTSU Ml Canny & F B £14M &

BRFAE ST, PRS2 TR %4 CH AR /O L 2019, 35
(6):33.
LIBY,FANY G,GAO Y. Infrared image feature extraction
based on OTSU and Canny operator [ J]. Journal of
Shaanxi University of Technology ( Natural Science Edi-
tion)+2019,35(6):33.

[26]JHE J,LI D L, YANG B, et al. Multi view facial action unit
detection based on CNN and BLSTM-RNN [C]//2017 12th
IEEE International Conference on Automatic Face & Ges-
ture Recognition(FG 2017). ACM,2017.848.

[27] STAUDEMEYER R C, MORRIS E R. Understanding
LSTM: A tutorial into long short-term memory recurrent
neural networks [ EB/OLJ. 2019: 1909. 09586. https://
arxiv. org/abs/1909. 09586v1.

[28]SAVITZKY A,GOLAY M J E. Smoothing and differentia-
tion of data by simplified least squares procedures [J]. Ana-
lytical Chemistry,1964,36(8):1627.

[29]L1 C C,ZHANG L,WU X F,er al. Winter wheat yield esti-
mation by fusing CNN-MALSTM deep learning with remote
sensing indices [J]. Agriculture ,2024,14(11) :1961.

C300k WU, £33, skIEE, 6. RN T & /N & T RREMN LA
SANTLCT. / /IR RG24 2007 ARSI SCEE— LB
T I PR A 2007 - 1.

ZHANG M Z,WANG W Y,ZHANG Z G et al. Comprehen-

sive analysis of winter wheat drought disasters in Linzhou
City [ C]J.//Proceedings of the 2007 Annual Meeting of
Henan Meteorological Society— Meteorological Disaster Pre-
vention, Reduction and Response to Climate Change, 2007
1.

C31IXUIR Y, J& S, B SE L 45 3 F NDWI FI U 28 0 2% 11 &
ANZE TR AN T L], AR HLAR 2 41 L 2021, 52(12) £ 273,
LIU J] M,ZHOU Z,HE X T,et al. Winter wheat yield esti-
mation method based on NDWI and convolutional neural net-
work [J]. Transactions of the Chinese Society for Agricul-
tural Machinery ,2021,52(12):273.

[32] e v MRl 0 5,58 BT T8 AN 2 I A I8 B AR 1Y &
NZE RG] 2 A A, 2021,41(10) 1 1298,
SHEN Y Y,CHEN Z C,HU H,er al. Estimation of winter
wheat yield based on UAV multi-temporal remote sensing
image [J]. Journal of Triticeae Crops,2021,41(10):1298.

[33])8 8. 555, B, 3 T BB A M40 b E AL 5 &

/NG T AL L) ], Aol TA2 24,2019, 35(15) : 119,
ZHOU L,MU H W.MA H J,er al. Remote sensing estima-
tion on yield of winter wheat in North China based on convo-
lutional neural network [J]. Transactions of the Chinese So-
ciety of Agricultural Engineering ,2019,35(15) :119.

(3400 K, BRA 55 , i B 2. ARl T 5 Wi 55 4 /N 22 4if 7= 1F
FELI]. A 4R . 2023,43(5) :1936.

YANG T Y,QIU J X,XIAO G A. Agricultural drought mo-
nitoring and winter wheat yield estimation in North China

[J]. Acta Ecologica Sinica ,2023,43(5):1936.



