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Table 1  Test functions
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fs Step Function 30 [-100,100] 0
fo Ge"';flrlejnszcﬁ‘z";fers 30 [-500,500] -12569.5
£, Eneralized Rastrigin’s Function 30 [-5.12,5.12] 0
fi Ackley’s Function 30 [-600,600] 0

fo Generalized Criewank’s Function 30 [ =50,50] 0
fio Generalized Penalized Function 2 30 [=50,50] 0

x2 BHEBH
Table 2 Parameters for each algorithm
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Table 3 Comparison between WLBES and other optimization algorithms

FREL Sk ST/ (=N (o1 = R 7311 = =S €°'C 'O | ISR 3¢ Sk wAUE CPEE fRfEE Bk
WLBES ~ 0.00E+00 0.00E+00 0.00E+00  64.67 WLBES -4 189.83 -3 046.68  803.29
BES  0.00E+00 0.00E+00 0.00E+00  93.80 BES ~ -4189.83 -3074.06  883.80
WOA  2.74E-96 5.68E-84 2.93E-83 WOA  -3003.11 -2597.22  135.82
fi PSO  3.97E-07 1.34E-02 5.40E-02 fs PSO  -2083.12 -1261.87 295.89
SCA 1.29E-37 2.37E-24 1.27E-23 SCA  -2508.67 -2225.15 139.35
SSA  0.00E+00 1.12E-14 5.92E-14 SSA -4175.34 -3 044.44  210.00
GWO  8.89E-125 3.78E-118 6.80E-118 GWO  -3380.46 -2826.10  325.74
WLBES ~ 0.00E+00 0.00E+00 0.00E+00  129.37 WLBES ~ 0.00E+00 0.00E+00 0.00E+00  2.53
BES  0.00E+00 0.00E+00 0.00E+00  189.63 BES  0.00E+00 0.00E+00 0.00E+00  4.33
WOA  2.66E-58 8.63E-53 4.27E-52 WOA  0.00E+00 0.00E+00 0.00E+00  464.03
5 PSO  2.54E-03 1.10E-01 1.51E-01 fr PSO  8.24E-07 1.57E-01 3.72E-01
SCA 1.95E-23 3.80E-19 7.47E-19 SCA  0.00E+00 7.40E-01 2.76E+00
SSA  2.36E-204 1.45E-06 4.65E-06 SSA 0.00E+00 0.00E+00 0.00E+00  360.77
GWO  1.29E-68 1.13E-66 3.04E-66 GWO  0.00E+00 0.00E+00 0.00E+00  155.43
WLBES  0.00E+00 0.00E+00 0.00E+00  64.50 WLBES ~ 4.44E-16 4.44E-16 9.86E-32
BES  0.00E+00 0.00E+00 0.00E+00  94.97 BES  4.44E-16 4.44E-16 9.86E-32
WOA  1.79E-38 6.81E-26 3.63E-25 WOA  4.44E-16 4.44E-16 9.86E-32
fa PSO  8.04E-06 1.40E-02 3.04E-02 S PSO 1.69E-04 8. 17E-03 9.02E-03
SCA 1.03E-16 4.72E-10 2. 18E-09 SCA  4.00E-15 2.44E-14 4.81E-14
SSA 0.00E+00 3.83E-11 2.00E-10 SSA  4.44E-16 2.39E-07 7.55E-07
GWO  9.53E-63 2.70E-52 1.45E-51 GWO  4.00E-15 4.35E-15 1.07E-15
WLBES ~ 0.00E+00 0.00E+00 0.00E+00  129.30 WLBES ~ 0.00E+00 0.00E+00 0.00E+00  2.97
BES  0.00E+00 0.00E+00 0.00E+00  188.03 BES  0.00E+00 0.00E+00 0.00E+00  5.07
WOA  6.58E-25 2.78E-20 1.14E-19 WOA  0.00E+00 0.00E+00 0.00E+00  492.1
fa PSO  7.06E-03 5.72E-02 5.99E-02 5o PSO 1.OSE-07 6.76E-05 2.34E-04
SCA  3.96E-12 2.06E-07 5.68E-07 SCA  0.00E+00 4.03E-02 1.10E-01
SSA 0.00E+00 1.06E-07 5.51E-07 SSA 0.00E+00 6.85E-16 3.11E-15
GWO  1.58E-40 5.08E-37 1.12E-36 GWO  0.00E+00 1.06E-02 1.12E-02
WLBES ~ 0.00E+00 0.00E+00 0.00E+00  106.50 WLBES ~ 1.35E-32 2.23E-21 1.19E-20
BES  0.00E+00 3.59E+01 3.61E+01 BES 1.35E-32  1.96E-01 3.31E-01
WOA  8.96E-06 8.33E-02 1.07E-01 WOA  6.18E-06 6.32E-02 6.31E-02
fs PSO 1.94E-07 2.18E-04 6.28E-04 fio PSO  2.10E-02 6.89E-02 3.61E-02
SCA 1.70E-01 3.70E-01 1.06E-01 SCA 1.80E-02 1.09E-01 6.34E-02
SSA  4.96E-12 3.33E-08 1.05E-07 SSA  3.50E-13 7.80E-10 1.16E-09
GWO  3.43E-07 8.37E-03 4.51E-02 GWO  2.06E-07 9.76E-07 4.74E-07
JERFAN ] B4 A0 AS [ A A i 251 A5 28 1 Tt F4 EAl LSTM REFHMERFHME
K B A B 2 T, WLBES-LSTM il il 4% #Y f4 Table 4 Evaluation index values for base
RMSE \MAE A& MAPE 433/ T 15. 776, 16. 646 LSTM model prediction results
kg/j\%ﬂ 3.6 /l\ﬁﬁj\)fi, RMSE 1 MAE W& %] T 10 il RMSE/(kg/ N)  MAE/(kg/\) MAPE
kg/)\l/y\ V‘] , Wﬁﬁ;’ﬂﬁ*ﬁﬂi@ﬁ 10 kg/}\uj:ij‘ﬁﬁﬂiﬁii WLBES-LSTM 23.798 23.293 0. 050
SV B LB UL e TS we e
FETHIZTINASE R B PTG 2 | AR T U EERRAE X 3 WOA:LSTM 14756 14210 0. 004

NS )=7
MR PSO-LSTM 45. 685 45.239 0. 096
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Table 5 Evaluation index values of prediction

results after adding SAM layer

AR RMSE/(kg/ N)  MAE/(kg/\) MAPE
WLBES-LSTM 9.594 6. 704 0.014
BES-LSTM 13. 819 11. 846 0. 026
GWO-LSTM 19. 702 19.119 0. 041
WOA-LSTM 23.313 22.671 0.048
PSO-LSTM 15.759 12. 882 0.028
3.2.3  AABRTRM &R 5T

i3t T3 WLBES-LSTM 791 0 45% 4 1y 39000 F 5
S [ 1 7k 2 N F) 45 SR 2 A, 5 31 2011—2021 4F 19
HRAL 7™ BE TR (B, 55 b [T e, 0] FH S AR5 v & [l A A 2
(Support Vector Regression, SVR) | 2243 H [81 4% 3))
SF- #4745 Y ( Autoregressive Integrated Moving Average
Model , ARIMA ) | LSTM # %1 f1 WLBES-LSTM #% 71 55
HE AT EE, DL 1 3 Fh LSTM AR AP AT SAM
JZ , NTTAS 2 5 Fofr Fo0 000 452 3 14 5000 3 A0 8 5 F1 - 225
BT[]

®6 5 MBMRBLERILE
Table 6 Performance comparison between the

proposed model and 4 prediction models

B (ﬂ:/si/ ) (fgf)ﬁ() wape *QSW/
SVR 32.07 31.47 0. 067 1.982
ARIMA 30. 94 29.97 0. 064 8. 658
LSTM 25.94 25.37 0. 054 7. 821
WLBES-LSTM 9.59 6.70 0.014 10. 027
WLBES-LSTM-RR 6. 47 5.73 0.012 10. 083

H 5 6 T LLA ), WLBES-LSTM-RR 4H &4 50 1)
STV HE bR 35 2 B AR e, A T sz ket LU 5%
TEUT, K B A e, T H— B0 SVR | ARIMA A1l
LSTM 522 A B R IR 22K, Lo iE il T
TR AR TR A5 AR PR — AU R WLBES-LSTM
5 75 B 4. WLBES-LSTM-RR 2H 4 #5 %I () RMSE FI
MAE #H .3 WLBES-LSTM 43 $IFE% T 19% . 13%,
Ul BH I A 04 [ 05 8% 22 18 1F B A5 A S50 IR 1R 22, 3K
A LSTM {5 B &R B IE &, 38 T 214 Tl 455 40 i)
TOUNKS 2 W] s, 7T LA ) WLBES-LSTM-RR 40 A #5
RS- 24732 47 B ) e 1<, 32 RO 78 S0 2 7 o
LSTM [ JZHOR R 23 %247 B [ 3 B, R 2 K
BT T UG B, ZEAR B RN b, YROORS B AR
S T LIS AT A T A2 L DY
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Fig.3  Grain yields predicted by various models
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4 #ie
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B AEAE R ), 78 LSTM Rl A vE & AL AR R
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Data-driven grain productivity forecasting model

ZHANG Yue' CHEN Weizhen' CHEN Mengjiao'
1 School of Electrical and Electronic Engineering, Wuhan Polytechnic University, Wuhan 430023, China

Abstract
in distinguishing primary and secondary features in Long Short-Term Memory network ( LSTM) for grain yield ca-

To address the problem of numerous hyperparameters,loss of long time series information and difficulty

pacity prediction, this paper proposes a combined data-driven grain capacity forecasting model. In the
hyperparameter part,the proposed model performs hyperparameter search optimization for LSTM by introducing Dy-
namic Weights and Laplacian variation of Bald Eagle Search Optimization Algorithm ( WLBES) , to avoid the
process of manual parameter adjustment.In the prediction part,the proposed model uses Ridge Regression (RR) to
correct the residuals of the prediction results to make up for the deficiency of LSTM data loss,and adds an attention
mechanism to distinguish primary and secondary features by weight size to enhance the importance of features with
greater relevance to grain production.The results show that the combined WLBES-LSTM-RR model decreases the
root mean square error (RMSE) by 75% and 19% compared with the LSTM and WLBES-LSTM models, respective-
ly,and substantially decreases the RMSE compared with other combined models of optimized LSTM.This combined
model has higher prediction accuracy in grain yield capacity prediction.

Key words grain production capacity forecast; bald eagle search optimization algorithm ;long short-term memory

(LSTM) ;Laplacian variation ; attentional mechanism ;residual correction



