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Forecasting Chinese Domestic Soybean Price Based on Q-RBF Neural Network Model

ZHANG Dong-qing, LIU Huan,ZHANG Yun-qing

(College of Engineering, Nanjing Agricultural University, Nanjing 210031, China)

Abstract: Soybean is an important cash crop, and it is also the most important agricultural product with the highest degree of
marketization and internationalization character in China. So it is essential to forecast the soybean price. A Quantile-RBF ( Q-
RBF) neural network model is proposed to predict Chinese domestic soybean price in this paper. The model has two character-
istics as follows: (1) Quantile regression models describe the distribution over the range of the soybean price; (2) RBF neu-
ral networks approximate the nonlinear part of soybean price. The parameters of Q-RBF neural network model can be optimized
through the genetic algorithm (GA) and the gradient descent method. GA is a global optimization method, however, it might
be slow in convergence. On the contrary, the gradient descent method quickly converges to an optimal solution, but may con-
verge to a local minimum or maximum and is not efficient in discontinuous problems. Therefore, an improved algorithm combi-
ning GA with gradient descent method is proposed in this paper. In the improved algorithm, the gradient descent method is
used to improve the convergence efficiency of GA. The data of monthly soybean price from Jan. 2010 to Dec. 2015 were ana-
lyzed. Experimental results demonstrated that the Q-RBF neural network model and improved algorithm were accurate and ef-
fective.

Keywords: Forecasting; Quantile regression-radial basis function ( Q-RBF) neural network; Gradient descent method; Ge-

netic algorithm; Probability density function
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Table 1 Predicted values and errors based on the Q-RBF neural network model
ghH i (8] Time/ ( year. month )
Result 2015.5 2015.6 2015.7 2015.8 2015.9 2015.10 2015.11 2015.12
HH
3990 4030 4015 4130 4204 4056 3759 3800
Actual value/ (yuan-t ')
Y 7,
4011 3998 3964 4056 4180 4122 3701 3772
Predicted value/ ( yuan-t~!)
FAXTiR 2 Relative error/ % 0.53 -0.79 -1.27 -1.79 -0.57 1.63 -1.54 -0.74
SERIREXT R MAPE/ % 1.11
N ol
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Fig.4 Predicted bean prices based on the Q-RBF neural network model
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Table 2 Comparison of the performance between GA and the improved algorithm

Jrik fi}A] Time ( year. month)
Method 2015.5 2015.6 2015.7 2015.8 2015.9 2015.10 2015.11 2015.12  MAPE
HSA y,
3990 4030 4015 4130 4204 4056 3759 3800
Actual value/(yuan-t ')
GA T 5,
3952 3994 3968 3999 4109 4090 3890 3746
Predicted value/( yuan-t~!)
A5 22
-0.95 -0.89 -1.17 -3.17 -2.26 0.84 3.48 -1.42 1.77
Relative error/%
G RTS TR 9,
) 4011 3998 3964 4056 4180 4122 3701 3772
Improved algorithm Predicted value/(yuan-t~!)
AHX R 22
0.53 -0.79 -1.27 -1.79 -0.57 1.63 -1.54 -0.74 1.11
Relative error/%
®3 HiEUHRNEWRSERES
Table 3 Contrast of convergence efficiency based on GA and improved algorithm
T 2 15 22 1 AL T 2 1R 22 1 AL
MR Number of iterations to meet specified error HUNERY €' Number of iterations to meet specified error
Test times GA [lEHRERZS Test times CA [lERERCS
Improved algorithm Improved algorithm
1 0.1 21 16 0.6 297 81~
0.3 250 128 0.9 6 9
0.6 282 260 * 4 0.1 17 15°
0.9 25 18" 0.3 288 153*
2 0.1 13 24 0.6 153 80 *
0.3 277 131° 0.9 18 15"
0.6 N 95* 5 0.1 24 20"
0.9 9 13 0.3 103 N
3 0.1 13 16 0.6 238 35"
0.3 N 113* 0.9 19 16*

BRI RTE X — SR RO T OGERT; N 7RIk 300 YR TCIE I R =22 TR

“ means improved algorithm is better than GA on the indicator; N means the model doesn’t meet error limit after 300 iterations.
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