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Enhanced Whale Optimization Algorithm for Constructing a
Back Propagation Neural Network Model for Predicting

Grain Yield and Its Effectiveness Analysis

ZHAO Jing-jing, CHEN Yan"
(College of Information and Mathematics, Yangize University, Jingzhou 434000, China)

[ Abstract] A hybrid algorithm (IWOA-BP) combining the improved whale optimization algorithm (IWOA) and backpropagation
neural network (BP) was proposed to offer theoretical support for the formulation of grain strategies in the agriculture sector and its re-
lated industries. By introducing an improved convergence factor, nonlinear inertia weight, and optimal neighborhood disturbance strate-
gy into the modified whale optimization algorithm, the optimal solution of the algorithm was obtained. This solution was then utilized as
the initial weights and thresholds of the BP neural network, thereby enhancing the convergence speed and accuracy of the IWOA-BP hy-
brid algorithm. Subsequently, a grain yield prediction model based on the improved whale optimization algorithm was established using
data from China’ s grain yield over 45 years and seven influencing factors including effective irrigation area, chemical fertilizer applica-
tion, rural electricity consumption, total power of agricultural machinery, sowing area of grain crops, disaster-affected area, and per

capita consumption expenditure in rural areas. Through extensive experiments on a test set, it was found that the IWOA-BP model con-
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sistently outperformed other prediction models such as long short-term memory (LSTM) , extreme learning machine ( ELM) , BP neural
network with whale optimization algorithm ( WOA-BP) , and BP neural network with particle swarm optimization (PSO-BP). Compared
to the ELM model, the root mean square error (RMSE) and mean absolute percentage error (MAPE) of the INWOA-BP model were re-
duced by 77. 12% and 88. 18% respectively. When compared to the LSTM model, the RMSE and MAPE of the INOA-BP model were
reduced by 69. 11% and 47. 36% respectively. Furthermore, in comparison to the WOA-BP model, the mean absolute error (MAE) ,
RMSE, and MAPE of the INOA-BP model were reduced by 43. 78% , 43.22% and 45.96% respectively. Additionally, when com-
pared to the PSO-BP model, the MAE, RMSE, and MAPE of the INOA-BP model were reduced by 89. 67% , 90. 61% and 90. 82%
respectively. Therefore, the proposed IWOA-BP prediction model can be effectively used to predict grain yield due to its higher coeffi-

cient of determination, smaller prediction error, and faster convergence speed. It has important technical reference value for agricultur-

al departments and relevant policymakers.
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Table 3 Comparison of test results between IWOA and other intelligent algorithms
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PSO 5.19 x10° 11.4 x10° 3.88 x10° PSO 0.85 x10° 2.42 x10° 0.54 x10°
SSA 0 1.18 x10~* 8.40 x 10 > SSA 8.88x10°1®  8.88x1071¢ 0

Fy SBOA  1.64x107'2  3.53x10°*% 1.64 x10°%7 F; SBOA  8.88x107'¢ 1.74x10°1 1.53x10°%
MPA 4.05x107° 1.03x10°* 1.65x1074 MPA  4.69x10°%  1.70x10°" 1.22x10712
PKO 1.18 x10*2 2.36 x10° 1.78 x10° PKO 3.42x10 73 1.07 x 10! 0.10 x10?
IWOA 0 0 0 IWOA  8.88x107'®  8.88x1071¢ 0
WOA 0.40 x10° 5.64 x10! 2.79 x10*! WOA 0 5.60 x 1073 2.78 x10 72
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PKO 1.66 x10° 7.51 x10° 3.82 x10° PKO 4.68 x107° 6.05 x 1072 1.01 x10°!
IWOA 0 0 0 IWOA 0 0 0
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Table 4 Performance ranking results of seven algorithms

MR K% WOA  PSO  SSA SBOA MPA  PKO IWOA
F, 3 7 4 2 5 6 1
F, 3 7 5 2 4 6 1
Fy 7 5 3 2 4 6 1
F, 7 5 3 2 4 6 1
F; 5 7 3 2 4 6 1
Fy 5 7 1 1 1 6 1
F, 4 5 1 3 6 7 1
Fyg 5 7 1 1 1 6 1
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it

(3) BAERREE = WtRfe + EIEIF = O(N x

dxT),

IWOA FE 4 J LI LAY
(1) FERIGRAL: O(N x d)
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(4) FEHR: O(Nxd xT) .
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Fig. 5 Convergence box plots for seven contrast algorithms
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Table 5 Comparison of different forecasting methods

iH T R? MAPE/%  RMSE/10* t
ELM 0.990 79 0.872 98 611.526
(e LSTM 0.965 43 2.063 27 1426.810
IWOA-BP 0.999 97 0.002 12 62.989 7
ELM  -0.784 67 1.706 13 1 245.980
M LSTM 0.906 53 0.383 12 922.676
IWOA-BP 0.998 95 0.201 67 285.021
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Fig. 7 Prediction effect of the three optimization algorithm
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Table 6 Prediction and evaluation indicators of the three optimization algorithms

TH EA7S R? RMSE/10* t MAE/10* t MAPE/%
IWOA-BP 0.998 78 396.146 9 285.937 0 0.000 93

[ WOA-BP 0.998 96 31.458 3 18.004 3 0.000 92
PSO-BP 0.999 99 16.989 7 11.238 8 0.000 74
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