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Abstract

As a major agricultural country, agriculture has always been an important cornerstone of our
country’s economic development. As the main food crop in our country, with the continuous growth
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of the population, the demand for rice is also rising. Therefore, the prediction of rice production
is very important for the development and construction of agriculture and guarantee of food se-
curity. Long short-term memory (LSTM) recurrent neural network has a good application pros-
pect in the field of crop yield prediction because it can not only deal with the nonlinear relation-
ship between various factors, but also is suitable for dealing with the prediction problem of time
series data. In this paper, a LSTM recurrent neural network based on improved principal com-
ponent analysis is proposed, which reduces the data dimension of the input of the neural net-
work, aiming to improve the convergence speed of neural network and eliminate the information
redundancy caused by the correlation between the input data, thereby improving prediction ac-
curacy.
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1. 5|8

IKFE R — P EEARAEY, B SRR D RSt K, o= E i F R B 2 RiEs . F&EK
R P B o5 AV s B R g — (1], DRI Fm0il JH = o Rl R R 5 el B R AT AR S = 2] [E]i
BERABIE AN T — DA R FIL[3], FHAr R AN ] gk G o A AR A = = A T idi[4], 45
HEMRRFFRXS KRG EIATI, ACE T TSR ESKE= ' A m, 08 R T4#
e T RS 25 ]

T2 Z PRI R, A FAE G0 AT KR 7= B A T A g PR M o 0 D 7 e o = A i A
FE B R EETR  K O ERR A KA 6] TR BTN 7]5 51, XLk AR TR 54T, ATLAVAF
T~ &, AHSEBRA = KR B S 2 R R R 2 AR RN R R AR LR M G R ([8], 1 F X EeAE G il
WTPEAEAETCVE SE DU = R TIOAS FE . BEAE N L& BRAH DCBIR AW A e 5 FE[9] [10],  #H40 X 2% DR L%
TR R AR AR e RIIR S, (EIEY = BTN A2 T ) 2 M A1, KA A Z(LSTM)
TEIFREE W28 25 7 RO BRI ) 7 5B IR 70, RERE 25 ER BMEA) = BRI (A1 B A AF e [RIB SEma AR
BHHREZ HER, HENEZMEAAAEERGRIE M, 172 AREAR Tt A B2, R A e
TAERRIFEE[12], XOREY = E N AR B R T RAE[13], F R i R R A I B A —[14].
F R TR — PP R AR VR [15], BT DR R AR S Oy — T R AR R R LA, H H AR
TEARYE 775 [0 P RoR B 4E 5, (A3 7R i/ MR ZF T IR SR, IRYERENS el s i IR s m 4E 25t [ 16] -

AR LSTM W /K FE I = St AT T, [ B 2 1T — el 50 1) 32 3 3 BT 7 Y5 0 o 428 ) 246 A 24 1)
WNVEAT O R 4E, LRRIFEIGEEE PR AR, R R REZ R FI M AT E S ER, /e
TG FE -

2. HHXTI1E
2.1. LSTM fEIF{Z L%
LSTM J& —FPREER FIPE A 28 X 25 (RNN), 38 I 7E b v RNN A 5] N 17145 5 T L & K i ebn #E RNN

DOI: 10.12677/sea.2022.113048 457 Bt TR S N


https://doi.org/10.12677/sea.2022.113048
http://creativecommons.org/licenses/by/4.0/

iy M, Kzt

HHRTREAECE BB LV R M 17]0 LSTM EI AR I 28 R AR SERan 15 1 Frose b f RIBST, 0 N
AT, o, NI, ¢ bRl RNN Lo gl x, Ron—MNMRIANT AL FERX R —MEIESE, bR
7~ t B ZNZ TR E B, C R W ZNAIZ e RES . o — Mok $E Sigmoid 1E UL R L, 32 25k
[T41ER, BT Sigmoid B H Y 0-1, X HH2m 0 80 1 RS2 L LRSI . tanh BREAE
AR RAFIEICIZH T ¢ BT, D HEHE A1 2 1 28], o285 T 0N 0 BIRHEsfi, BB
CRSHEHR 0 IS BT Sigmoid K%L
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Figure 1. Basic structure of LSTM recurrent neural network

[E 1. LSTM fEIRRZ 4% EE A L5 1)
HE 1 AT LSTM [ Ra8E it N 2 oo i B 40 1, FERT IR TSP 0 78501 N ] Fah
FIAHCIZ BTG, DA ORFERES G Bsh, —ERERE Rgh)m 7wk T 2 LA I e A2 i e
MEBS TR, TSR AR (1):
Ji= O'(Wx/’xz +Wyeh, +bf) (1)
Hrpw, FoRBUE, TARTPE fRORR AR ST TR, x R/ x, KB, #oX2 x, AR E

CIFP AL, HARBUEREE, b RoRiBE T M B, b ] DS 2 1A TR ¢, i, 23591
Wa@2). ARG AHE4):

i, =c(W,x, +W,h_ +b,) 2
Ot = O-(Vonxt + VVhohtfl + bo) (3)
¢ =tanh(W,x, +W,h_ +b.) “

HARAE 1 AR, BREITRMEERA x L — ZREERE h SR SREER DN WA
TSRS x AR RR S BCAZ B e R EE RN S TR TN x R 2 114 H Bk
TURCAZ BTG IR E /N . X 84 @ g F TR B C M by, AR — B I B % N1 R AR 4
MNE B HETTEN ARG A K(6):

C =C  *f +¢x*i (5)
h, = o, *tanh(C,) (6)
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A BV AT EAAE A 0 2 BE A AT AR S T R AR

2.2. ERAST

FE RS 4 M A — P S AT PR R BT VR 18], BB T AN IEAC AR, Ko AR DI SR B AL AR
RN BEAMKIHBENA R, DIJTZREE IS RAEREEENZ D, LM RE BRI
JiR BB AL AR B (10 Bip 7 222 0 B A 3 PRt A LR, A T LART b PR 2 SO o 5 AR 2R 38 3 % 0 A1 e e A 48 1o 1)
APRER, AR PTA AR A SRR BRT B AR bRl A, ELB B AR FR Bl R I RE A BT O R DT R, RIS ZEERCR
WA B F1 N ZR K —NEREA S, AR FL RE—F5, WH F1 AR URIEEZ R4
A, 25 S IR R A & T ZE i R Z It A S F2 AR 95 3 iy, RIS mT DAAR Y 7 2
Mg = LR E 2 F U

WRIEE R y = (Y, .Y, .Y, ) » FTEEMEAT o M0 B R AT AR
B, WANY,Y,,Y,, Y, B E M5 (Principal component, PC), N Z,,Z,,Z,,--,Z,, T—NFEH7H=Z
Y,Y,,Y,, -, Y, BIZE 4 &

Z =aly =a, Y +a,Y, +asY, +-+q,Y,

!’
Z, =ayy =a, Y, +ayY, +a,Y; +"'+a2pr

— ’ —
Zp —apy—aplY1 +ap2Y2 +ap3Y3 +---+appr

A P AR AL 5 107 AR R PR R TR RO TR & R R BE R 2D, BRI B ok
WEE—A TR 2, R Var(Zj):a;Zaj R, [RII 2 s 2 1) R /e AAH DR, A5 WA AN 78 70 B
YR, WO RN CRAE cov(Zj,Zk ) =a/Za, =0,

PRUON B> T B 4% 8 7 22 TR B AR AT HE P JF 20 el B, 58— 2> Z, = a)y KITT 2R ROR
1, B aZa K, WEHTTZRRIEXAMEE HUIR o WKEBR, W T aZe WK, HIHETT
FEVTRR N I AN B2 07 22 B0 K/ MR, O FE RS S PRLRIN b R E 264 alay =1, T @y RO — > PR B
BRI S —EMI Z, =ayy T BAEW AL aja, = 1 IR S KA TT 22 a5 Za, » {H T 5 7> 22 1) 7 295 2
AHIRNE, I cov(Z,,Z, ) = a/Za, = 0 . LABLSEHE, 55 j £l Z, =a)y M EHiL ala, =1, Ha'Za, =0,
Kb k=12, j- 1WA, FAUTEadZa,; .

WA R APEARHOEE, M FAER AR a Al pxp MO FRAEFE S . 128 (A.e,) N S RFGERS, oo
Jj=123 pHA 2422222, 20, W (a'Sa)/(a'a) 1E a = e WHAGER KM, BEKRENL . Ha
5 e.e, e IR I (a'Za)/(a'a) fa= e S e KE, B KRMEN A5 HAdrj=23-,p-1,

2 AT AT, BLal N, 4302 aiZa, =0, BT a =¢, WAl ale, =0, a)5e &
MEN, TLUE HZE Bl DU T A SO o R 7 ZZ . WA R Y, Y, Y, Y, IS j DB A

Hn=(7):
Z, =ely=e Y +e,Y,+e Yo +te, Y, =12, p @)
St (4,0, ) Jothn BERERESAORHERS s A, 2 4, > A>3 A, >0 FLSE RIS NbRIERHE TR, 7L
0T e
Var(Zj) =e'Ye, =1, ®)
cov(Zj,Zk ) =eZe, =0 )
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2B Hy T DA B (10):
Zlevar(Zj) =>" var(7,) (10)

HI(10)ZURT LA Y, 75 3 3 e mT BASE A Hlid B AR AR B 1K) U5 22
SEhRAE R, ARREE T 22 A RE 2 R O R R AN [ T 3 B o3 AL Ry 22 K s /N IR, O 1T B
B ORI, W] LORE SR AR A R DAbR#E 22, AT A3 B O PR E AL R B oR HEAT 7y 70 A, B

W, =Y, ~u)/ o, ()

Hor 7y 7 BOAE R BEAT O Ao TR A2 585 PR W 5 22 0 K B O JR AR A2 B AR OQ AR B R, PRl kT DL
ISR e AR B AR 5C 2R IO B (R R AL (B RRFALE [ RV BR B A RO REMR, IR BUARAELL I H (1 (RS 7 B0
R, XM TR R P B M EME AN T R A SRR, 3 Z A Rl d i T R A 2k
PEAS AT He AL o

2.3. ERS AT TF AR e R & it

FRAE 5 RFAE 2 18] 1R 52 M B2 2 0T DL E AR AIE 18] 09 AH 20 R BOR Z0 i1, 1T RRA0E 110 728 5 R P ) A% S R 4
(Coefficient of Variation, CV)kZliH, 85 REHH 7 A2 R, Ho 7 bz, BN F1E:

cv=2 (12)
Y7

W A D) P BARHEAL I RS B8R AT DL BR 40T 7 22 1 RS2, (B b4l 5 i AR i B 2k
T IR A AT B AR R BOERERHEAT (1, WLERAHSC R BB FE AT LUK IS s /2 1, RIFRHEAL A
AREITTEHAR R T 1, MR TR B AR R R, AT AN e e BE 2 B AR AR B ) 4 S 2

N T gk B, SR A A3 Frs BIFR AL T

Xij
Yy == (13)

~

Jorp x, FRAEAE R n x p SEREHRIOTCE,  y, ABRAELS ARG R, x, AR B RS j 51
{6, BUEE j MRHERIEE, HRONE A XA PR:

5=, (14)
ﬁﬁ@%ﬁ%ﬁ@%%ﬁ%ﬁ@%C:@mw,ﬁﬁﬁﬁ%@&ﬁﬂ@%%:
 Q— — —
Gy :;zkzl(yki _yi)(yk/‘ _yj> (15)

HAR(13)F2A R(14) 5 HAF bRl 5 0 B P AV IE R A 1, By, =1, ATf5:

¢ =£ZZ_{@—1][&—1J (16)
n xi X.

J

b R (16) AT 15

c. = 17
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FATE R T4 TS R By 2 A IO TE 2, A5, R FE C RO e 2 MR A
BT R I7, FIHA AR LB Tk A8 A SRRSO . IR O BEhR v A S M O 6 R 8K
BRI BIOAEREON p, » CRTVRREILIE N, s, RIGAS BBy 7 2 M P 1 TG 25

C..
S 18
7 oo (18)
hRAT) e, ==, ARSI, BEARAIT:
Xt X;
(19)

S..

_ i
===
Sii S

S""\/fzpij, iR A 2= BRI B M X REE S, 25 EITR, ZArdEtb J72mr
St “AlS

DL e 20 R 25 B ) 15 6L
3. ERIGE

X PR A Bt A AN EAT R AT, R AN K FELE A 1F 9 LSTM AT /i, BRASSER e 2 fr
o HH XX, X, IR R, G B T e B AP, B PCL A PC2, fELLIX
AN A 4 R 2% BRI N TS R BEAT T O B (Yield) o

i}
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Figure 2. Structure of LSTM based on PCA
B 2. BT EMD ) LSTM 54

3.1. ERSAHTHEXITE

B HEEFEE R KMO (Kaiser-Meyer-Olkin) i6 36 (i f1 Bartlett ERFEATIGAE, PLAIBTIZ AP 2 15 &E
BT E RS BT KMO {E KT 0.5 HBET 1 I S8R & 24T £ B3 40 it Bartlett BREATIRAE /N T2
EIKE 0.05 B 0.01 B IE A 3T 5o 404

PEATSCHR ) S0k E B e A, Se B B AT AR v A J5 450 FH L B 77 22 46 B R R AIE LA E D 4R Aok e
Ry, I sy — B AE LR JE . RHEE KT 1 R Z 5Tk KT 85%.
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3.2. HEMEIREE

R4 Kolmogorov ¥, S AHINZ. b E M H )21 = 22 M2 a] DU IR I TR — AN IESL R
[19], BUEAFRIFERHBNZ. RBEEMEHERN Z2 AR EME M, BREERERECEH
Softmax PREL, HithEEOE RECR A ESE . IZRR 2 8o i b A B UE X 0 45 SR 2 ki e,
AR 1 PR

Table 1. Parameters

*= 1. SHIRE

24 1A

Sk 0.01
Batch-size 8

2 A IR A 4 A 0.3
BP &= 15 A 8
LSTM Fajel)= 17 st 64

BRI EL 500

FH 5 280 78 (171 NS0T DU, BP #2850 19 SR80 2 /N T LSTM e p 9 s 8, s R
T T IR I R £ A A 2 A AR T LB i A0S RORE R, R R R 3 UK P R 4 D 2% P AU T, TR
TEFRLA 1) BT BP A5 W0 25 171 5 o 98, LSTM DR LA B B 1) |14 45 W A 73 L OB S AN 4532 3]
B s e, T P DA BRI R B 8 AT R A REAE, DR — e FR R LR T PR AR LA R T R
P£[20].
4. XBHERR 7
4.1. BURE

N T B UEREARLA E,  AR ST A AR 5 KRS 77 s 4 v [ 46 A% B A0 7 [ W B (Precipitation) . %
35 Z (Minimum Temperature). 1337 B (Mean Temperature). 1% = ik B (Maximum Temperature) #H <A
)75 /K & (Reference Crop Evapotranspiration). F1E [T 1 ( Area) F1 & 7= & (Production) »

4.2. HESHBTERBIETLE
A 2 BT g0, 28R4 KMO > 0 H Sig < 0.01, R EZ AR, FAEGERES,
A AT £ HT

Table 2. KMO and Bartlett’s test of sphericity
3= 2. KMO MEHEFFIFFER AL

KMO #6561 BRI R S0 1H (Sig)
0.676 0.000

P E5 i A o S I AR AL g VR AR HE S T S O ZE R R FLRF AR R AT R IR, TR R
W 3 friomo
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Table 3. Variance contribution rate

D%y Ji % V14675 22 TR AR 1% RUHTT ZE TR %
1 3.991 57.019 57.019
2 2.282 32.606 89.625
3 0.491 7.009 96.634
4 0.112 1.569 98.229
5 0.080 1.139 99.369
6 0.030 0.423 99.791
7 0.015 0.209 100.000

R 4 32 B B0 PR SR DU mT e, s AR N B A AN BN 2, R — RN FL, BB
N F2, HEA RN 4 iR

Table 4. Component matrix

= 4. ROKEME
J 462 B EHIY FL HERIY F2

Precipitation (X)) —0.781 0.490

Minimum Temperature (X;) 0.796 0.325

Mean Temperature (X3) 0.949 0.157

Maximum Temperature (X;) 0.991 0.023
Reference Crop Evapotranspiration (Xs) 0.925 -0.192
Area (Xg) 0.058 0.973

Production (X7) 0.076 0.963

M1 4 R R EOT 45 3 i 23K N 20) A 2 1D AR .

F1=-0.781X, +0.796 X, +0.949.X, +0.991X, +0.925.X, +0.058X, +0.076 X, (20)
F2 =0.490.X, +0.325X, +0.1573, +0.023.X, —0.192.X, +0.973.X, +0.963 X, 1)
RAE12) A (13) A s F1AIF2, MPKEAS & 7 4Ep%3) 1 2 4.

4.3. ERIXTEL

L AR AR [F) B0 £ LS AR BP A I 46 (0 BN R AN 28 10 250k SR 1y 70 BT JE 1) LSTML A28 i 2%
(IPCA-LSTM)FRIIACR, DARRIEA SR A Rk o PR bR R 2977 HR R 22 (RMSE) I 25 46508 7 45 B
RZ(MAPE), tHHEERIARQ2)MA(23), H h(x ) AIIE, y AIME. 15 3 A1 4 755105
BP #2225 Fl PCA-LSTM fE Il Z54E LR IEARREUE NI B1 2% (Loss) BRI DL, BRAR AR NIEARIREL, A
AERRNER R . SRIREE RN 5 FiR.

RMSE(X,h) = \/%z:’_l(h(xl.)— ») (22)
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1
MAPE (X,/h)=100%x—>"" |1 (x,) -y (23)
n
1.2
1.0 A
0.8 1
%06
—
0.4 4
0.2 1
0.0 T T T T
0 100 200 300 400 500
Iteration
Figure 3. Loss of BP neural network on training set
3. BP HZ MG HERR K
1.2
1.0 1
0.8 A
2 0.6
0.4 1
0.2 A
0.0 T T T T
0 100 200 300 400 500
Iteration
Figure 4. Loss of IPCA-LSTM on training set
[ 4. IPCA-LSTM I ZRIER 2k
Table 5. System results of different models on the dataset
=5 NERBAERIEE EHER
FEFR RMSE MAPE/%
BP 0.0542 3.57
PCA-LSTM 0.0261 1.26

MSEIRSE RAET Hh, ASCHRE 938 T 250k 3 e 20 ) LSTM. A28 i 25 R A T (LA AT BP Al
22 2% (XA AR ELAT B v I TR 152, 3R 22 B /N FLASE AR e SR
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