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Prediction of Warehouse Tobacco Mildew Based on HP-Elman-LSSVM Model

XU Xiaoguang'?, LI Hongjuan®, TIAN Zhenwei’
(1. China Tobacco Henan Industrial Co., Ltd, Xuchang, Henan 461000, China; 2. Zhengzhou University of Light Industry,
Zhengzhou 450002, China; 3. Kunming University of Science and Technology, Kunming 650093, China)

Abstract: To improve the prediction accuracy of mildew rate on warehouse tobacco, an HP-Elman-LSSVM-based model was
established. In the model, input variables are environment temperature, humidity and moisture content of tobacco, which are the major
factors affecting mildew of warehouse tobacco. The training and validation samples are from the actual production data of a tobacco
enterprise. The prediction model was able to efficiently predict the mildew rate. The experimental results showed that the prediction
accuracy of the HP-Elman-LSSVM model is better than that of the single models. Meanwhile, by inputting different training samples,
the results showed that the average relative error were between 5% and 6.5%, which can meet the requirements of engineering
application.
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Fig.2 Comparison of different forecasting methods

Elman LSSVM
HP-Elman-
LSSVM

5%~6.5%

(1]

. 2009 5 15 78-81.
[2] . BP
(1. 2013 30 3
71-75.
[3] .BP
1.
2013 44 8  1351-1354.
(4]
(1. 2004 3
30-34.

[5] : ]
2010 10 53-56.

(6] : 1.
2011 32 3 80-83.
[7] . HP-Elman-LSSVM

[J1. 2013 48 6 22-31.

[8] Hodrick R J, Prescott E C, Postwar U S. Business Cycles
an Empirical Investigation[J]. Journal of Money, Credit
and Banking, 1997,29 1-16.

[9] Cheng Y C, Qi W M, Cai W Y. Dynamic properties of
Elman and modified Elman neural network[C]//2002
International Conference on Machine Learning and
Cybernetics, 2002(2): 637-640.

[10] . Elman

[J]. 2006 22 8 305-306.

[11] Pham D T, Liu X. Training of Elman networks and
dynamic system modeling[J]. International Journal of
Systems Science, 1996, 27(2): 2212-2261.

[12] . Elman

[D].
2008 20-42.

[13] Cheng Y L, Huang J C, Yang W C. Modeling word
perception using the Elman network[J]. Neurocomputing,
2008, 71(16/17/18) 3150-3157.

[14] Gao X Z, Gao X M, Ovaska S J. Trajectory control based
on a modified Elman neural network[C]//Orlando Florida,
USA: IEEE International Conference on SMC, 1997,
6(5): 1212-1228.

[15] Vapnik V N. The Nature of Statistical Learning Theory[M].
2nd Edition. New York: Springer Verlag, 1999

[16] Suykens J A K, Gestel T V, Brabanter J D, et al Least

Squares Support Vector Machines[M]. Singapore: World
Scientific Pub. Co., 2002.





