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Testing the generalization of artificial neural networks in predicting rice

tillering dynamics
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410128; 2. Institute of Botany, Chinese Academy of Sciences, Xiangshan, Beijing 100093; 3. Agricultural Bureau of Ningziang County,

Ningriang, Hu'nan Province 410600). Acta Ecologica Sinica,2004,24(12) :2967~2972.

Abstract : Neural networks (NN) rely on the inner structure of available data sets rather than on comprehension of the modeled
processes between inputs and outputs. Therefore neural networks have been regarded as highly empirical models with ltmited
extrapolation capability to situations outside the range of the training and validation data sets. With rice tillering as an
example, the back-propagation artificial neural networks are established to simulate the rice tillering dynamics and to compare
with statistical model, basic dynamic model and composite tillering model with cross validation and independent validation. For

tillering models with one input variable, the degree-day-tillering NN and days after transplanting-tillering NN have higher

performance than the degree-day statistical model and basic dynamic model. At the same time, two cross-validated models have
similar performance to the two independent-validated models, showing that the two NNs have ability to extrapolate. For
tillering models with multiple input variables, cross-validated three-variables-tillering NN offers better performance than the
degree-day-tillering NN, days after transplanting-tillering NN and composite tillering model, because three-variables-tillering
NN takes more factors into consideration and has more model parameters. However, independent-validated three-variables-
tillering NN has much more severe overfitting than composite tillering model. Therefore, it is shown in this study that neural
network is able to extrapolate and predict tillering dynamics of the data is within the range of inputs of training set. The
generalization of NN heavily depends on the large amount of training set, and inadequate amount of training data results in

overfitting of available data and neural works that are not generalizable. NNs provide better performance than the algorithm
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model mainly because of the greater number of adapted parameters, which requires a large amount of training set to grantee the

robust parameterization of NNs. The smallest training set size required to enable NN to generalize and predict rice tillering:

dynamics is found to greater than 6. 75 times and less than 13. 5 times as many training patterns for each weight. When a large

number of variables have to be included in the input vector of NN with inadequate amount of training data, we strongly

recommend that the dimension of the input vector should be reduced using principal component analysis (PCA),

correspondence anal

ysis (CA) or similar techniques to decrease the number of weights before the training procedure to improve

the generalization ability of NN. On the other hand, NN should be strictly limited to be applied in predict the situations in the

same systems, and NN should be cautious to be used in predict the situations for different systems when training data is not

enough to ensure a robust parameterization of NN. The artificial neural network provides convenient and fast tools to simulate

rice growth and gets ride of the limitation of traditional models. The generalization of neural networks present a wide spectrum

of problem, and the proposed approaches in this study are not confine to modeling rice tillering dynamics but can be applied to

other agricultural and ecological systems.
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Key words :rice; tillering dynamics; artificial neural networks; crop model; back-propagation; cross validation; independent
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Table 1 R? and RMSE for subsets of observed data and estimated data .
AN ; [
i BT whole | RMSE RNSE of  RMSE of teining The number of
Type of neural networks Validation type data subset testing subset subset parameters in model
RRG T RE CV 0. 7883 83. 52 89. 03 )
Degree-day statistical model IV 0. 7768 98. 96 84.5
RiR-2REMERR CV 0. 8028 78. 54 83. 67 ‘
Degree-day-tillering NN LV 0.7974 98. 41 79. 31
BAD FEBHE CV 0. 7552 84. 52 92. 72 ;
Basical Dynamics Model LV 0.7534 83. 10 94. 64
BB G K- nBEM SRR CV 0. 755 88. 86 91. 50 ]
IV 0.7534 84. 60 94. 36 :

Days after transplanting-tillering NN

CV A HIFE Cross validation;IV M 37 88 {iF Independent validation
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Fig.1 Correlation graphs between observed and estimated data of rice tillering dynamics (tillers/m?) by different models
(2) XEBIFHFRB-SEMEBEE from cross-validated degree-days-tillering NN; (b) v B iF B -7 BEEM LR E from independent-
validated degree-days-tillering NN; (¢) &2 H ¥ iF B RE % TR from cross-validated degree-days statistical model ; (d) 4 37 1 fiE ) #R iR 4t
i & from independent-validated degree-days statistical model; () X B IEFI B 5 R - BEMLZ R R from cross-validated days after
transplanting-tillering NN; () M7 B UF I BB J5 K- BERN 25 B from independent-validated days after transplanting-tillering NIN; (g)
ZFHBIFHEASD 2B from cross-validated basic dynamic model ; (h) VB IFREAZ HFEER Bd SR TISGEE, DBEAEN

WP from ind nt-validated basic dynamic model. Points stand for the samples from training data, and circles for the samples from
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Fig. 2 Correlation graphs between observed and estimated data of rice tillering dynamics (tillers/m?) by different models
(a) X HEBIEMNE LB R from cross-validated composite model; (b) 07 B iF R E & BEE & from independent-validated composite
model; (¢) X HBIFHN =B MEBEA from cross-validated three-variables NN; (d) I IFR = B MEER  Hh RTINS EE, 5
B {t % W] i L #E from independent-validated three-variables NN. Points stand for the samples from training data, and circles for the

samples from testing data
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Table 2 R? and RMSE for subsets of observed data and estimated data

: BT HEER R WRABEEN  NEBEEN RMSE  HEHESHEH
MY o T 2 Y ; RI
. S TR R? of whole RMSE RMSE of RMSE of training The number of
Tillering Models Validation type _ .
data subset testing subset subset parameters in model
HasaEEi CV 0. 823 69. 66 80. 21 )
Synthetical tillering Model v 0. 82 87. 87 76. 54
ZRBrEDISMERE CV 0. 864 71.18 67. 67 ”
Tillering NN with three viariables as input IV 0. 786 127. 81 67. 97
CV AHIIE Cross validation; IV Ji 537 88 ik Independent validation
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