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Fig. 1 Convolution kernel extraction information process
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Wood Quality of Chinese Zither Panels Based on Convolutional Neural
Network and Near-Infrared Spectroscopy
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Abstract Currently, the instrument production industry relies mainly on the subjective judgment of instrumental technicians
when selecting the wood for Chinese zither panels. However, this method lacks a summary of scientific theories and is ineffi-
cient, which limits the objectivity of the selection and the improvement of the yield. Moreover, the current model for judging the
wood grade cannot satisfy the large demand of the musical instrument market. Therefore, achieving rapid and intelligent grading
of wood for Chinese zither panels is an urgent problem to be solved. Near-infrared spectroscopy contains information about the
molecular structure of an object and is very suitable for measuring organic substances containing hydrogen. The chemical bonds
of the main chemical components of wood used in Chinese zither panels are composed of hydrogen-containing groups, and the
chemical compositions of the panels of different grades are different. These differences are reflected in near-infrared spectral data
by light, which makes it possible to judge the wood grade. Simultaneously, convolutional neural network (CNN) has a strong
feature extraction ability for nonlinear data. Therefore, this paper proposes a method to analyze the spectral data by using the
CNN model to determine the wood grade. In the experiment, this paper applied two spectral preprocessing methods, like the
Savitzky Golay first-derivative and second-derivative preprocessing methods, and two data compression methods, like kernel
principal component analysis (KPCA) and successive projections algorithm. Through the CNN model designed in the paper, the
optimal preprocessing and data compression methods were selected by using the classification accuracy rate of samples and the
loss value in the model construction process as the judgment indicators. In order to improve the ability of the experimental model
to extract and analyze spectral data and avoid overfitting, this experiment applied multi-channel convolution kernel, batch nor-
malization and early stopping strategies. Finally, the feature information extracted by the two convolution layers was sent into
the fully connected layers to extract other residual features, and the prediction grade of the panel was obtained using the softmax
function. Thus, the final experimental model was determined. Finally, Savitzky Golay first-derivative and KPCA were the opti-
mal data processing methods. At the same time, the main key bands for distinguishing different wood grades were obtained,

which were 1 163~1 243 and 1 346~1 375 and 1 525~1 584 nm, respectively. Applying the proposed model to the test set
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samples, the grade classification accuracy of the wood for Chinese zither panels was 95.5%. Experimental results revealed that
the proposed method can efficiently process spectral data and identify the key features of different grades of wood for Chinese

zither panels. Therefore, it can provide specific technical support for the broad instrument market.

Keywords Convolutional neural network; Kernel principal component analysis; Successive projections algorithm; Chinese zither

panels

(Received Jul. 10, 2019; accepted Nov. 2, 2019)

% Corresponding author





