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Abstract

Using the photosynthetic active radiation (PAR) , scattering radiation ( PFDdif) and direct radiation
(PFDdir) from the ginseng base in forest as research object, a support vector machine model about
photosynthetic active radiation based on linear function (%, ), polynomial function (k,) and radial basis
function (k,) was constituted. By using K-fold cross validation method, penalty parameter ¢ and g
numerical value were optimized by particle swarm optimization. Penalty parameter ¢ and g numerical
value of photosynthetic active radiation support vector machine model were configured 16 and 1 by grid
search algorithm. 0.2k, +0. 8%, kernel function was chosed to construct the predict PAR model by related
coefficient and the fitting equilibrium principle. Fitting index of predicting set 1 and 2 was separately
89.213 2% and 81.789 6% based on the predicting model. By using particle swarm algorithm, the two
predicting models’ parameters were optimized. Fitting index of predicting set 1 and 2 was separately
92.156 0% and 90. 036 0% . The predicting model based on 0. 2k, +0. 8%, and particle swarm algorithm
showed ability to predict PAR variation trend.
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Tab.2 Related parameters of training set, predicting set 1 and 2 based on different new kernel functions %
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Tab.3 Related parameters of training set based on 2 ak, kernel function %
i=1
a3
@z
0 0.1 0.2 0.3 0.5 0.6 0.7 0.8 0.9
0 77.982 1 78.6730 76.7210 77.8309 78.9212 79.803 2 79.968 7 81.002 1 82.009 8
0.1 80. 009 8 77.023 2 78.2710 77.632 1 77.6520 78.8970 79.9320 79.798 0 82.5030 81.987 6
0.2 80.291 1 77.032 1 78.602 0 76.7018 77.406 0 77.39717 78.765 6 79.2378 82.3099
0.3 80. 8912 78.0219 78.118 0 76.4912 77.092 0 77.1978 78.2109 79.092 6
0.4 81.2819 76.990 8 77.7120 76.460 8 76.698 0 76.943 0 78.9850
0.5 81.398 2 76.091 1 77.509 6 76.309 8 76.262 9 76.129 0
0.6 81.5819 76.698 0 77.892 1 76.5912 76.098 7
0.7 81.7759 79.0810 77.2912 75.5412
0.8 82.2928 76.019 0 77.4012
0.9 76.982 1 79.2310
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