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Classification of wood board laser speckle images based on deep learning

DU Yangqiu, LI Xin, KANG Hui, SUN Hui
(School of Electronic and Information Engineering, Heilongjiang University of Science and Technology,

Harbin 150022, P. R. China)

Abstract: This study proposes a wood board recognition method that integrates laser speckle technology with deep learning.
Conventional photography and laser speckle imaging were employed to capture wood board images before and after modifica-
tion treatments under both normal lighting and adverse conditions (including darkness and defocusing). A corresponding
dataset was then constructed. Classification experiments were conducted using the ResNet34 deep learning model. The re-
sults show that the ResNet34 model achieves high recognition accuracy when classifying laser speckle datasets and maintains
good performance even under adverse environmental conditions. Furthermore, by introducing a convolutional block attention
module (CBAM) to optimize the ResNet34 convolutional neural network, the classification accuracy for laser speckle ima-
ges reached 93.29%. The combination of laser speckle technology and deep learning provides a low-environmental-require-
ment, efficient, and promising approach for wood board classification.
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Fig.1  Schematic diagram of the laser speckle image
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Tab.1 Dataset related data
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Fig.2  Wood board images and their laser speckle images
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Fig.3 Processed wooden board images and their laser speckle images
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Fig.4 Wood board images and laser speckle images of wax wood under different environmental conditions
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Tab.2  Partition of training and testing sets
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Fig.9 Classification process of laser speckle pattern
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Tab.4 Comparison of experimental effects
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Tab.5 Comparison of accuracy based on ResNet34 and
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