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Abstract This paper explores the possibility of applying nonrnegative matrix factorization (NMF) to process stream sediment
geochemical data for mineral exploration. The brief introduction of principle of NMF is followed by detailed comparison of the
results obtained by NMF and principal component analysis (PCA) applied to a dataset of 813 samples with six trace elements
from Gejiu mineral district, Yunnan China. It is shown that the NMF is not only suitable for processing geochemical data

which are usually of positive values but also provides superior results than that by PCA in the case study introduced in the pa-
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per. The example indicates that NM F might become a useful method for processing other types of geochemical data.
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1 =123 NMF

(9% (ppb ppm)’ Table 1 Encodings using NMF when =1, 2, 3
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Table2 Correlations among six basis vectors using NM F and three principal components using PCA

As Cd Cu Pb Sn Zn W1 W21 W22 W3l W32 W33
Cd 0. 642
Cu 0.692 0.711
Pb 0.617 0.831 0.588
Sn 0.747 0.731 0.748 0.713
Zn 0.614 0.810 0.618 0.842 0.630
W1 0.660 0.997 0.717 0.868 0.749 0.839
W21 0.645 1.000 0.716 0.827 0.734 0.810 0.997
w22 0.639 0.795 0.590 0.991 0.713 0.883 0.838 0.792
W3l 0.642 1.000 0.713 0.829 0.732 0.809 0.997 1.000 0.793
W32 0.592 0.806 0.562 0.999 0.693 0.841 0.846 0.803 0.993 0.805
W33 0.697 0.349 0.577 0.476 0.548 0.729 0.391 0.353 0.579 0.349 0.479
PCA1 0.824 0.911 0.834 0.86 0.877 0.870 0.931 0.913 0.889 0.911 0.867 0644
PCA2 —0.36 0.199 —0.35 0.351 —0.26 0.368 0.216 0.191 0.345 0.196 0.380 —0. 14
PCA3  0.379 —0.15 —0.39 0.099 0.038 0.023 —0.11 —0.15 0.139 —0.15 0.111 0234
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