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Improved Artificial Neural Network for Determination of Plant Leaf Area
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Abstract; Leaf area is an essential indicator of photosynthesis for the study of crop and forest
productivity. The Levenberg — Marquardt back-propagation optimization algorithm was coupled with
Bayesian regulation to train the artificial neural network ( ANN) , and the predictive model was developed
to determinate rapidly and accurately Moso bamboo leaf area. The results showed that the best input
variables were the combination of leaf width and leaf length for ANN model, whereas the leaf shape index
did not significantly affect the variability of leaf area. The optimization ANN model possessed with
excellent performance and predictable accuracy, with the high determination coefficient of 0. 992 and

mean relative prediction error of 4. 28% . The ANN model would be allowed for estimating accuracy the
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leaf area of Moso bamboo.
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Fig. 1  Architecture of BP neural network
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Tab.1 Partial data for modeling neural networks

FEA S L,/mm> L,/mm Ly/mm Ly
1 123.5 32.12 5.35 6.01
2 376. 1 77. 40 8.16 9.49
3 314.6 68.12 7.29 9.35
1199 1760. 6 115.36 21.18 5.45
1200 1772.6 126.51 20. 10 6.29
A 528.5 75.1 9.9 7.93
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Tab.2 Statistics of ANN-model performance  mm
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Tab.3 Weights and biases of BP artificial neural

network model

Vi
S b, W, b
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1 59941 -6.3042 -5.5637 13.0240
2 36.8528  11.4058 -38.1863  0.0962
3 59482  -6.2210 -5.5013 -13.2076
4  -1.7890 -0.3512 0.0606 -8.929 5
5 -25.2924 -3.6603 17.1735 -0.1099
6 -4.8710  3.5788  1.3570 0.0738 0.0488
7 -1.8588 -0.3621 0.0513 8.1154
8 1.2555 -1.0312  0.9148 -0.4548
-0.7879  19.0382 -17.6503  0.067 4
10 41692 -1.2006 2.6180 0.1006
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Tab.4 Performance comparison between BP — ANN

models and linear model for Moso bamboo leaf area
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