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Abstract: Crop growth conditions are key information sources for estimating and forecasting crop yields,
which are of great value to food security and trade. With the continuous appearance of high spatial and
temporal resolution remote sensing data, the remote sensing data have presented obvious characteristics of
big data. Therefore, crop growth monitoring and yield estimation based on deep learning has become one
of the important means to guide agricultural production. The research status of deep learning at the
regional scale was investigated, which focused on the development of model samples and model structure.
Among them, the model samples were summarized through two aspects of sample construction and sample
augmentation. The progress of the deep learning model structure of convolutional neural network ( CNN) ,
recurrent neural network ( RNN) , and their optimized structures and model interpretability were also
summarized. Besides, the latest progress of crop growth monitoring and yield estimation at field scale at
home and abroad was elaborated from two aspects: unmanned aerial vehicle ( UAV) platform and satellite
platform. Finally, the existing problems and the future perspective were analyzed and discussed,
including improving the limitation of small samples through region-based and parameter-based transfer
learning, the organic combination of deep learning model and crop growth model to improve the
interpretability of the model, and the combination of UAV platform and satellite platform to ensure the
precision of scale conversion in the process of spatiodemporal fusion, which can further explore the
potential of deep learning in crop growth monitoring.
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Fig. 1  Architecture of 2D Histogram CNN yield estimation

WKS B .34 F 2D Histogram CNN, 3-8 7~ T F
TR S 25 REAE 2 ST RS R ATV A0 7 e TR 2 ook
1) — A JEIT 1]
1.2.2 RNN K HARfk

CNN I AE f% 50 1 My Acb B 58 SR A% 10 23 18] [
FASEME (B RE TS b2 1 24 A IRI R DG
I, 3T CNN R RENE 704 bR U 5 128 B
TR W VE Y B E . T RNN 2 —Ff LT 5]
BE A I 80 500 22 18] 9 AR 56 AL T 51 1)
THIE 7 1) R4 3 U F 3 U5 A 20 I %, B H Y 2
B Xt RS BB AT AR . 3 BB AR i A e
T BRI A LR SO B B AR s A TE
SUARER, RV — B 220 B4 5 19 05 75 B L5 2 i A 21
(15 DL YR 205 A R 145 8 8 g
EEMAL A T —B %], RNN Gefg F) FH i 25 B 220 1)
15 8 TEAS A I ) L SR, (AR S 500K K
/b, IF H RNN PRUHAE R 7 5 A0 3 T A S 1 fig
TR 53 AT 3 SIS 18] PP 47 AR Ak ) B AR AL . (U RS
)2 KA B RS, RNN 775 46 132 00 2 L 6 3 4
KELA T K WA B A L B 5 o Mg deix —
BB, 4 8 B 212 ( Long short term memory , LSTM)
PRS2 FH RS e A2 oA 8 RNN HR Y
A2 BT , 3 —BRAE W] 48 T 28 9 446 9 4 B TR E 12
RE 1, B A % A B K i P 5 B, HAIDER
A1 ORI IR G5 SR B LSTM il 45 W) 4% 465 0 £k 7 45
FEH =T RNN. [RI, LSTM i 25 o 25 55 70 gl |
2T A R B4 1) A 07 JIANG 2
T LSTM ML g ARl ( (5] 2, Hop  LSTM R
JEICIZ M 4%, WDRVI 26 7% 52 36 25 31 16 A8 4 45 4,
KDD /R IR H , GDD FR A K H |, Prec. Fn
FE7K &, GP1 ~ GPS R BRI S MBI, S N
MZTCAAPIRAS, 0, N 20 S /i L S, Mz
TGRS, 0, WA IR F M, o) W EFTT,
g NEATT, g NEHTT, 0 8 SR, o AR
PG PREL sigmoid , tanh A% HH FE0G BRI, BRAE AT

QIE M HEITTE M, BIEF QR E MR ITTE
FAINIEEE) |, DA K AE & AR ]y 41, 58 ik 4R
YIGEAR JB G 0 BRI A 45 R A T L
T K. SR LI, LSTM i 48 W) 45 A5 AU i %
PRI AL S AEBR P A P B B DGR SE T HERA
() B A = A D, I ELFE AR il R AR T 43t
THRERX =R . T CNN TGk > i [ AH 5
P, 1M RNNLLSTM $ifi 2 25 [A] R 1iE fig 7 A3 B, & X 1t
[IFL, SUN 25 M T — Tl () 22 G T i 2 > A Y
( Multilevel deep learning network, MLDL — Net)
(B3, Hrr Level T fifiFH CNN M 45 7 B34~ B [|] 25
HEFTA ] 13 50 55 40 25 1) ¢ AE R R Level 11 {
LSTM 28 AR 2 ) (8] J37 S REAE; Level T {5 FH AT LA
M 58 J M E i b B ECZS (R REAE A CNN R 2%
Level 11 #1 Level T B9% H #8852 42 il — > 1a)
B RJAP0E AR T2 E R FC) | %R,
£ LSTM 1 CNN e $2 e s 6] FE [R] R AE o i A 7Y
FOTTAL 25 5 22 B, CNN — LSTM #5% 70 AH %) T 24 —
CNN AR B P — LSTM 125 o 25 R 760 EL A o vy 114 o
WPk, fEF LSTM Ay — B 42 K, 1] 45 1 25 5 T
( Gated recurrent unit, GRU) OV RL LS A f I
(i) &b 3K B ) 370 50, A MBI DA B S 08
TP R PEBE. AR BAHDANAU 27" 78
HLEs BHE 5 T (440 A %o b 45 R 2 I, 3 7 N B 78
FEUAH Y, PRI K B0 0 00 R ™= A 00 o 75 AR 40
FEIX FRAE SR 2R B e P i 1 A B
1.2.3  fA]fRRt

Y TR p 22 P 2 R B “TR &7 e 1, (A
HoAT RS 1 o SR, A5 TR A ) R T
VE A S5 s DU = 8 Ak I AIF 5 ), 52 56 s RIF 9 45
A RBANFHAR 30 SR AR R R A 1 [ 0 5 5080 ok o)
SEFMRAL TR BE 22 2] B N 45 2544 5 S 280, LA K #
> RS EE | SR DO TR B 2 > AR AT fif P 55 1y ]
VR 27 > BSR4 0] g R B A AR AR 9 44 5
Z— o ALFE R A R B AR A AT AT SR Y



6 VI A1 R G S ¢

2022 4

K2 FEFUERKE RO LSTM) B ) 7= i 45 g Lo
Fig.2  Architecture of phenology-based LSTM yield estimation model

K3 LIRS B ( MLDL — Net) 2244
Fig.3  Architecture of multilevel deep learning network ( MLDL — Net) framework
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Fig.4 Overall structure of ALSTM model for county-devel

wheat yield estimation

28 P (B RAAE BT LR R LSTM 22
23 [AJREAE H 24T 55 %% 2 ( Multi4ask learning, MTL)
PLHIEA T2 ), o0 R A AR L R KA AL . 25
RFEW], DCN BEAYA] DL 3ok i [1] 27 > 15 He i 1] oK
AR O AR KB B, &5 ) 27 ) B AR 45 MTL
AL SR DX I R A ( G5 BE R 5 L A i v
Ti) , DCN BHL R S fi 25 A A= 772 KT 22 53 R IX
B AT R P A S T — A R T .
A, R B 47 NN UL ) T 45 48 BR800
( Bidirectional gated recurrent unit, BIGRU) PA&t—H9
BRFZHA , JFAE CNN HIl GRU ZEI51 A F 2 L
il Self-attention) , JF % T —Fhk T F i1 5 S HLHI
] [ TR IE I BT I B 28 I 25 21 45 ( Self-attention
C — BiGRU) 1 v 5 = f2t FL ) A8 78 . G 45 10 A1) )
CNN #9465 BUZ P2 HUR S AR, Self-attention F T i/t
— BB AE , BIGRU F04 % ARy 22 [ (1 2%
RN , 27 2 RS OBE AL, BRA S A b~ T 52 mel
HRFIE, T — 8 F2 B b4 1 A AU 1 AT fiig
Rt

2 HHIRREEWRKE N0~ 268 0

Rt

W TR P = > A DX I RE VR A 4 e =

T SE AN WRA | E— 20 AT ROBE , B I H
A0 R 7= A AT 5 LA 1) R RLBE, i ShobG vEAe
MRS K S O HRTRYBE R AR 2 — o ARS8 1]
DXCIRUEAE P 4 e D BT 0 P A 1 ke 531 505+
JUR 3 P8 10 18 Y | X5 T v 1 2 FH e RUE W
SOFEE S S U A DR SRt (511 8 < [ 1
23 3 PR I 2 SRR AT S R FH R RUBE M Ay e e st
IR REOT o« AN IR 8 2 ) 5 ¥ A FH Bk
FUBE VR S D K ik U AJE 5 v L S ) 2 e
TR 2 A R B 5 AN TR, 29 g 1 T8 A AL
5T ARG Y PRGBS VR YA S5 0 A
AL .
2.1 EFEANFEERBRREEWKE ENF
FEEEN

TENALF- 5 B EA A Bl SRR il
TR FEE S S 1) P42 5 R A i 0% A W
VEW A5 b A T - 15 71 g 251 15 Ta vk L AU
AP BB T B I A 1 B AR Y
W9 REE S B ROBE I, SE AR 25 1) 3 BE Rt
BT EON R E A AR . AR TARGEE N
AR R s IR DG E ™ T 2% > ik AT LA T
ARIUR R4 S 1) 2% IRV URFAE ™, 35 B0 &2 2% 1
REAE , DA T S5 A B 18 A ) 7 ity 0 45
YANG 45 3T I AT G R RGB A2 1%
18 A1 F CNN 2427 > 55K REFF L et AH DG 1) H 22
AR T S BRAE /K R 2l 1 = A T . BEE
CNN BHY ) ik — 20 T Ji | A5 10 5 Ay 53 94k JiE 720 ¥ 2
Tt J s A 58 47 e 1) AR, S 45 T A 2
To PR EUSFF I r el b, PECGREE &3 L i
J5thi i AR S B A% B J5 T JZ TP Y ResNet18 1E4
PO T RAE AR PR (0 HEAS 10 28 2544y, S B R AE W)
R SLW S P DO Se - anll o e sk (R 7). Za BN DI
PRAB B, YANG %51 Fil FH 6 ALK U AR, SR A
FCN — AlexNet 1 SegNet ¥ #H £5 o) 4 4 44) 2 57 [
Gt Ay HIAY SR T R T ARUReS FH ) 7K e £8) AR 1
Dt

gtk AS TR CNN &5 kg ot A 4 4 34 s
F 3 R D00, 945 A " 5 5t TG A HILSR 4 1T LS 5%
14, 53 IR HEFE T AlexNet VGGNet. GoogleNet 3 it
PRZEHESLY CNN ALY SCI T H AR AR5 01 & T AR K
SR, 25 R W, AlexNet A58 7E Rk 85 At | A=
W7 T 2% B i 4 GoogLeNet 455 7Y 7 - 1 £ 48 44
Va5 e RE S . K AR S R AHLREAR
HENT A ET ISR AT UG S B 4 Ol R
FNAEW R BRI I — M 22 3 A L, 3¢
5 Ff CNN £ #4: EfficientNet. ShuffleNet v2. ResNet



8 VI A1 R G S ¢

2022 4

DenseNet . ResNeXt 7351 #E 17 0 46 AT 5L 5, 5256 45

7R, DenseNet TR BIRE B B iy , {H 2 NZR5HG BE Al
HEFLIF AR ResNet IR E . 25 BT LIA
XF T BRI I 5, A TR B 2 ) 5 2 i 3 T EATS

FIHINRBE 2 2] I B T TN B TR K
P ALY 5 25 5 52 PREE 52 W) L To vk Ry K
N [B] e S A S AR IBAE AR IR B 2 ) SRk S e
o MFERTHCSEAN JE o AR AT Ui — 205838 Te APl
JRREER , B i Bl AR IO Ak B R e M R — B A
TSR PR SRS IR 1 R A 1 L S92 A I ) e 27 P )
KA A = A A, AT S A R
YR R R SR I ROR
22 ETIEFAMHERREEDKB BN~

E &

Bt v 2 [H] 2 P TR BN 8 B B AR EE T
TNHF- 65 BT BA 183 w5 05 Bl 003, R s =
(] 3 B3 TR B A T B RO AR A A e )
B EE T —E . i, CAO Y it
B HERT | ZE ( Google earth engine, GEE) & H
O TERT I BCHE , X B TR B 28 ) 4% ( Deep neural
network , DNN) \1D CNN FI LSTM 7£ H e )R p= i
TN 3 FH P, 25 SR W1, DNN 7E H e RUBE 3R B
U o SR, FEA i 2 B] 23 PR TR AR AT R
REEFEY RS, 6 R RS 2B RS
SO, TR AR A RUEE B0l W 5 2. B XX —
() T, PSR FH R 7 0 2 R A e BB 5 19 O
A R T i 23 B 40 fil B 9 J7 125 0k fofe 2 5000 2R AT R
FE, PTG A2 B ) R 32 M 1 5

ARG T2 1R B, Tl i B m] LAWK F bR
B R HL G A7 3 S A K i) L R gl T LU R
B 55, ISl iple 228 JR L 4 TR i 00 3 3R 1Y
BT o DAL, Rl e A e 2 TR T LAt —
AR e Y iy AR R SRIRE . R, ZERLS O
¢ 5 R R TR B TR T T, AR IMITSE R OGTE A
TR T R IR ER AN G TR R T 18]y 4
B U1 ZHAO %5 JETFBF A 51 Sentinel — 1 &
TR B VYV R VH WAk S, i o R
1D CNN AU ST T b A AR O AR AIE , 9K T K 32
SEUHS R 1) P 9] T SR AR AR R S A LSTM #8541, ]
PIFR L) B} 1) 2 1) 1) Sentinel — 2 27 105 0 S 1
) NDVI 1 3h 287284k, fe e 8] 7 51) 454 NDVI
R . P e AR K — D EEN R, 2
VEP S ) — A SR . 15 58 Tl i
TR YA R A R AR D AR ICRE 7, B T (ol ipl 8 Jk
(VRS % 0 2 BBOR M 22 195G TE . i MERONT

SEO B SR R 2R B, BB T Sentinel — 1 Al
Sentinel —2 K47 e I/ 4 49y Aok i 1 2 B, ke B
Sentinel — 1 [ 525 5 55 Sentinel —2 19 S 45
REAW I, HAHL T2 =5, & MR T L
PR . RIRWTSE R, 6 H A il e
AVEMAR S5 T B A B PR FE . O T A
Z5E IR BRI H RIEE, WA — e s LG
AVER R EI [ IV S AR g A X AN AR AR TR
SEGA B A A A5 AL iy A SR B4R A ) B
[ byt s A T SARAR B e ok RO B 2 S (B
A5, 401 TENCO %5 1 J i) 351 ) Sentinel — 1 1
Sentinel —2 455 73 B 15510 1) g A8, 51
5138 ik ConvGRU + Attention 43> 3 A1 CNN 4337 , B4~
73 S Al B 2 2 A% LU & o SRy T g
71, Bl A R i R g R . BT H
T TR RS AR 0y 7 s 28 R JBORE J32 AR, e o
JE27 21 D5 TRl G 6 RN TR TR 1 A AU oY
FEAR AR o 285 T, AR SR RUEE B9 4 7
AN A IR D

AH 3 6 22 Al 1 SR A Rl 5 110 O s, Bk
T A B Rl 7 A RE A8 S B SRR B 9
A, 30T LA A7 P B R W) i A v oy B ] Ry
23 ()7 HEAR R, DT E — 25 42 iy B R K 34
I R = Ak I AR BE . SR S B AL A E YD
B MR K 7 e Ak 00y el 3 5 v 4 () 0 B R
35 101 653 P 8 23 B R B8 R I ELAT g ) 2 PR 1) 1
TSI T HEA T F e RUBE B VR 4 35 M ) K = i
AN o T i T e 2 5 il 1) B RUBE AR A 3
N 7512 AT AR I 2 B Rl T AR ], 43 oA i
TR GG T/ il T AU H R AR BT DL Bl i T
O] HBETIRAR S Bmb s @A k™ e 2
I8 FH 1 b R e AR IR 7 % K A 1
FERAGI O e BT 5] [ B A Rl A Tk
AR B 7 2 SRk 2 S AN ) o B s AR A i AR
RN G RN AR, DT A LA RS B 1Y
[N iES 2V

Bl A TR B2 7 > (AN W A e, i T IR B2 2 ) S8
st 2 B il A BN — OB O B9 S B . CHU 251
fifi H PIAS B ) A% # #2845 ( Back—propagation
neural networks, BPNNs) F1 i 37 1 38 #t 28 W] 2%
( Independently RNN, IndRNN) 5| A B} [EJFEAIE , T
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