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Hyperspectral Rock Spectral Classification Based on the
Decision Tree-Support Vector Machine (DT-SVMs)
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Abstract: The methods of multispectral imagery processing, such as artificial neural network classifica-
tion and independent component analysis are not applicable to high spectral imagery, because of “Hughes
Phenomenon” (when training samples are fixed, the classification accuracy decreases with the increase of
feature dimension) and classification accuracy under small study samples can not be effectively solved for
high dimensional data. A decision-tree-based multiclass support vector machines is proposed and applied
in spectral classification for the multi-classification problem of surface rocks collected from the Beiya gold
mine, Heqing County, Yunnan Province. The results show that the average classification accuracy rate
can be above 93. 75% , suggesting that multiple classification based on decision tree classification support
vector machine (SVM) can be applied to spectral classification of rocks.
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Fig. 1 Reflection spectrums of rocks before and

after continuum-removal
L iR se; 2. ke,
3. LR LR )G G 2k

112 BORBHFAEAZL N T a2 PR
WO B L BB, I T i R A 1
PESHT, LA B KA S (P) . REE (h)
B (w) . XPRREE. WA (A) 753 mcRs
ST WS B R I I I R de /M
SRR 5 MRSCR B Sh WC A 55 M 81 A T 5 ity
RUS.S, BRI CHETRIREE L R RS TR
& e R MR FE — 2 b (9 0 T 5 5 WA E ] a2 S
A WS B AR R AR, A DT S A
DK A LR, TR Ry B R B Y 25 A B4
(K2),

B2 BEsmcRs it 25

Fig. 2 Spectral absorption characteristic parameters
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Table 1  Descriptive characteristic spectrum parameters from a part of rocks
Jh G K, K, K, K, Ks K K, Ky K, Ky K,
byl.019 0.3480 -0.0023 0.493 0.577 0.679 2.321 0.0888 0.238 0.0163 -0.5258 1.0493
1 byl.021 0.1292 0.0838 0.483 0.589 0.677 2.331 0.0754 0.238 0.0082 -0.6430 1.069 4
wlp.034 0.2902 -0.0106 0.536 0.577 0.686 2.328 0.1450 0.259 0.0163 -0.2187 1.1459
wds. 046 0.236 0 -0.0680 0.422 0.995 1.130 2.200 0.1750 0.112 0.0114 -0.2226 1.1865
2 wds.049 0.2527 -0.0556 0.412 0.996 1.126 2.206 0.1807 0.118 0.0137 -0.4540 1.1761
wds. 050 0.2757 -0.0702 0.420 0.999 1.128 2.206 0.1511 0.120 0.0093 -0.4767 1.166 8
by2.016 0.2421 -0.0452 0.503 0.566 0.684 2.319 0.0438 0.124 0.0026 -0.2251 1.0370
3 by3.000 0.3951 -0.0871 0.507 0.568 0.686 2.314 0.0532 0.123 0.0034 -0.1445 1.0523
by3.004 0.5789 -0.1015 0.510 0.563 0.722 2.315 0.0726 0.122 0.0043 -0.1054 1.0667
wds.030 0.2279  0.1020 0.495 0.561 0.681 2.310 0.2089 0.132 0.0129 -0.0056 1.2125
4  wds.036 0.4621 -0.0989 0.525 0.565 0.692 2.313 0.1656 0.143 0.0107 -0.1165 1.1741
wds. 062 0.2853 -0.0807 0.489 0.560 0.672 2.327 0.1136 0.129 0.0107 -0.3981 1.1025
byl.006 0.2505 -0.0046 0.497 0.562 0.743 2.306 0.1246 0.131 0.0134 -0.0625 1.0509
5  by2.048 0.4214 -0.0946 0.497 0.570 0.682 2.316 0.0841 0.149 0.0054 -0.2643 1.0789
jgb.006 0.3201 -0.1141 0.507 0.548 0.675 2.319 0.1118 0.123 0.0114 -0.3640 1.0680
hnp.030 0.2786 -0.0707 0.498 0.580 0.677 2.310 0.0676 0.161 0.0058 -0.0908 1.0725
6 by2.046 0.3821 -0.1250 0.492 0.583 0.676 2.319 0.076 8 0.163 0.0052 -0.2679 1.0782
wds. 000 0.2508 -0.0197 0.482 0.586 0.692 2.314 0.3011 0.160 0.0513 -0.0961 1.069 3
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Table 3  Classification results of rock spectrum
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