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Abstract

Grey prediction model is an effective method for dealing with small sample data prediction, in
which univariate grey prediction model GM (1, 1, t") is an important research object. The
FAGM (1,1, t") model is a prediction model based on the first-order cumulative GM (1, 1, t“) mod-

el by introducing the fractional-order cumulative form. However, the accuracy of the model is not
high enough and it is prone to over-fitting. This paper combines the L1 regularization idea in Lasso

regression to regularize the fractional cumulative gray time power model FAGM (l,l,t"), and

proposes a regularized fractional gray time power prediction model LFAGM (1,1,'["), using co-

ordinate descent algorithm instead of least squares estimation to solve the model parameter. At
the same time, Grey Wolf Optimization (GWO) is used to search the optimal nonlinear parameters

of LFAGM (1,1,t“) model. Based on the agricultural farmland irrigation area in China (2008~
2019), the results show that the LFAGM (1, 1, t“) model has higher prediction accuracy.
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Figure 1. Grey wolf grade system
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Figure 2. Flow chart of grey wolf optimization algorithm
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Table 1. Accuracy comparison of FAGM (11,t") model and LFAGM (L1,t*) model

% 1. FAGM (LLt") BB LFAGM (11t") AN LR

ﬂﬂﬂ‘i@?ﬁ}iﬁﬁl FAGM (11,t") LFAGM (1,1,t)
i I (F A
HYE BUE HXH R 1% BE HEXH R 1%
2008 4 58,471.7 58,471.7 0.0000 58,471.7 0.0000
2009 4E 59,261.4 59,261.4 0.0000 59,300.7 —0.0007
2010 4 60,347.7 60,422.7 —0.0012 60,346.9 0.0000
2011 4 61,681.6 61,526.2 0.0025 61,424.2 0.0042
2012 4 62,490.5 62,528.8 —0.0006 62,490.5 0.0000
2013 4 63,473.3 63,496.0 —0.0004 63,531.1 —0.0009
2014 4 64,539.5 64,597.1 —0.0009 64,539.6 0.0000
SEYIAENT R 2% 0.0008 0.0008
2015 4 65,872.6 66,156.6 —0.0043 65,512.8 0.0055
2016 4F 67,140.6 68,740.7 —0.0238 66,449.0 0.0103
2017 4 67,815.6 73,275.9 —0.0805 67,347.3 0.0069
2018 4= 68,271.6 81,203.0 —-0.1894 68,207.1 0.0009
2019 4 68,678.6 94,669.2 -0.3784 69,027.9 —0.0051
IR 2% 0.1353 0.0057
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