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[Abstract] The aim of this study was to distinguish between heartwood and sapwood for
non-driftwood and driftwood of Cinnamomum kanehirai Hayata, and to explore the mechanical
properties of the woods. The experimental specimens were provided by the Pingtung Forest
District Office of the forestry bureau of the executive yuan agricultural committee. The wood
samples of the main section of the burdock logs were compared with the appearance and physical
properties of the driftwood and the non-driftwood timber. Using the statistical calculation and
AZURE mechanical learning system, in order to determine whether the test material belongs to
the driftwood or non-driftwood. The results of mechanical learning 0.980 > compression 0.941 >
bending resistance 0.811, which were shown that the shear decision tree was better than the
others. The results of the project had been training well. Using mechanical learning, the training
results of determination system could classify the driftwood or non-driftwood timber more

objective.

[Keywords) Wood Mechanical Properties, Machine Learning, Driftwood, Sapwood and
Heartwood.
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Fig. 1 The experiment process.
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Fig. 10 The boosted decision tree (a), averaged perceptron (b), and neural network (c) of

ROC curve in the bending test.
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Table 4 The comparison of mechanical learning methods
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(AUC) (%) (%)
Boosted Decision Tree 0.941 87.17 12.83
P
Averaged Perceptron 0.741 74.87 25.13
Boosted Decision Tree 0.740 67.30 32.70
s Averaged Perceptron 0.768 70.44 29.56
Neural Network 0.811 71.70 28.30
Boosted Decision Tree 0.980 92.91 7.09
Hing

Averaged Perceptron 0.909 81.21 18.79
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Fig. 14 The test of ROC space in the compression (a), bending (b), and shearing (c).
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