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Abstract Three-dimensional fluorescence spectra of polycyclic aromatic hydrocarbons (PAHs) in soil are directly
recorded using a fluorescence spectrophotometer. To identify the components of PAHs in soil, nonsmooth non-
negative matrix factorization (nsNMF) are used. Results show that NMF can effectively extract the fluorescence
spectrum signal of a single PAH from the mixture spectrum. The similarity coefficient between the analytical
spectra and corresponding reference spectra obtained by nsNMF under random initial values is all above 0. 824,
which is higher than that of the standard NMF based on alternating non-negative least squares (NMF/ANLS). In
farmland soil, the similarity coefficients of phenanthrene and anthracene between the analytical spectra and
corresponding reference spectra increased from 0. 758 and 0. 845 (NMF/ANLS) to 0.907 and 0.913 (nsNMF),
respectively. The combination of three-dimensional fluorescence spectra and nsNMF can facilitate rapid identification
of components of PAHs in soil.
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Fig. 3 Three-dimensional fluorescence spectra of soils with

mixture of AN, PY, and PHE. (a) Soil 1; (b) soil 2
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Average similarity coefficient obtained

by using NMF/ANLS

Soil No.  Average similarity coefficient (PHE/PY/AN)
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Table 2 Average similarity coefficient and relative

standard deviation on soil 1

Relative standard

deviation /%

Average similarity

coefficient(PHE/PY/AN)

0.1 0.962/0.964/0. 935 0.66/0.60/0. 96
0.3 0.973/0.950/0. 933 0.58/0.34/0. 61
0.5 0.930/0.958/0. 846 1.90/0.97/1.58
0.7 0.931/0.943/0. 901 0.92/0.67/5.30
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Table 3 Average similarity coefficient and relative

standard deviation on soil 2

Relative standard

deviation /%

Average similarity

coefficient(PHE/PY/AN)

0.1 0.838/0.921/0. 892 2.46/2.46/4. 44
0.3 0.824/0.924/0.911 3.43/1.15/2.52
0.5 0.907/0.926/0.913 1.39/2.02/1. 20
0.7 0.845/0.914/0. 900 3.15/2.56/1.70
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