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Coal Classification Based on Visible and Near-Infrared Spectrum

SONG Liang, LIU Shan-jun, MAO Ya-chun, LI Tian-zi
(School of Resources & Civil Engineering, Northeastern University, Shenyang 110819. China. Corresponding
author; LIU Shan-jun, E-mail; liusjdr@ 126. com)

Abstract; The portable spectrometer SVC HR-1024 was used to carry out spectral tests on the 92
bituminite and 58 lignite coal samples from various coal mines. By comparing their spectral
curves, the differences between bituminite and lignite samples can be observed visibly in spectral
characteristics. The reflectance of lignite samples is obviously higher than that of bituminite
samples, as well as the slope of spectral curves. On the basis of spectral characteristics analysis,
the MAO model algorithm, random forests, BP neural networks and ELM-neural network were
selected for the classification of bituminite and lignite samples. The results indicated that the MAO
model algorithm and random forest algorithm outperform other algorithms on classification. For
large-area and rapid recognition by remote sensing, the MAO model algorithm has a great
advantage in the classification time. While the random forest algorithm can be used for
classification in small mining areas.
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Fig. 1 Visible and near-infrared spectrum of 6 bituminite
and 4 lignite samples
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Table 3 Comparison of results for different classification

methods
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