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Table 1 PLS modeling results by different bases
PLS /%
Ruux/ % SEV/% Hop SEC SEP
1 FK2DBI - 85. 71 1. 10 4 0. 91 L 22
1 2 FK2DB2 — 85. 76 L 10 4 0. 90 L 21
3 FK2DB3 K-M - 85. 63 111 4 0. 88 118
4 DFK2DB1 37, 61 86. 68 1 09 3 0. 92 1 27
2 5 DFK2DB2 37, 61 86. 52 1. 09 3 0. 92 1L 29
6 DFK2DB3 K-M 32, 38, 61 82. 63 1L 12 5 0. 77 1L 13
7 WFK2DB1 4 52 83. 32 1L 19 2 1. 04 1. 35
3 8 WFK2DB2 4 52 84. 37 1L 15 2 1. 02 1. 26
WFK2DB3 K-M 4 69 86. 84 1 06 4 0. 80 1L 19
10 DWFK2DB1 3 143 88. 09 L 03 3 0. 87 1L 22
4 11 DWFK2DB2 3 213 88 11 1. 03 2 0. 95 1. 28
12 DWFK2DB3 K-M 3 11 80. 65 L 18 3 0. 99 1. 38
13 WDFK2DB1 37, 61 84. 31 117 3 0. 88 1 41
5 14  WDFK2DB2 37, 61 85. 57 1L 13 2 0. 99 1. 28
15  WDFK2DB3 K-M 32, 38, 61 83. 35 1L 09 4 1. 024 1. 09
15 1 8 Hop s +UVE , K-M PLS
PLS . SEC .
SEP 19 10 , 1 3 . PLS .
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PLS . ( 1. 12%., 0. 69%)., K-M (
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Table 2 BPANN modeling Results by different bases

/% /%
Rp SEP Rp SEP
1 FK2DBI1 63. 77 1 36 83. 81 0. 98
1 2 FK2DB2 56. 51 1 47 79. 57 1L 09
3 FK2DB3 62. 38 1. 39 84. 06 0. 97
4* DFK2DB1 751 223 59, 45 1. 44
2 5 DFK2DB2 52. 82 1 52 81. 58 1. 04
6% DFK2DB3 60. 29 1L 42 83. 14 1 00
7 WFK2DB1 76. 97 1L 12 92. 41 0. 69
3 8 WFK2DB2 68 34 1 28 90. 01 0. 78
9 WFK2DB3 67. 53 1 30 87. 92 0. 86
10 DWFK2DBI1 68 83 1 28 86. 09 0. 91
4 11 DWFK2DB2 63. 05 1. 37 85. 69 0. 93
12 DWFK2DB3 68. 56 1L 29 86. 47 0. 90
13 WDFK2DB1 5L 24 1L 52 84. 30 0. 97
5 14 WDFK2DB2 61. 68 1. 40 86. 21 0. 91
15 WDFK2DB3 75. 11 L 17 86. 98 0. 89
(2) 5 ( .
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Analyzing and Modeling Methods of Near Infrared Spectroscopy for
In-situ Prediction of QOil Yield from Oil Shale

LIU Jie, ZHANG Fu-dong, TENG Fei, LI Jun, WANG Zhi-hong™
Instrument Science & Electrical Engineering College, Jilin University, Changchun 130026, China

Abstract In order to in-situ detect the oil yield of oil shale, based on portable near infrared spectroscopy analytical technology,
with 66 rock core samples from No. 2 well drilling of Fuyu oil shale base in Jilin, the modeling and analyzing methods for in-situ
detection were researched. By the developed portable spectrometer, 3 data formats (reflectance, absorbance and K-M function)
spectra were acquired. With 4 different modeling data optimization methods: principal component-mahalanobis distance (PCA-
MD) for eliminating abnormal samples, uninformative variables elimination (UVE) for wavelength selection and their combina-
tions; PCA-MD-+UVE and UVE + PCA-MD, 2 modeling methods: partial least square (PLS) and back propagation artificial
neural network (BPANN), and the same data pre-processing, the modeling and analyzing experiment were performed to deter-
mine the optimum analysis model and method. The results show that the data format, modeling data optimization method and
modeling method all affect the analysis precision of model. Results show that whether or not using the optimization method, re-
flectance or K-M function is the proper spectrum format of the modeling database for two modeling methods. Using two different
modeling methods and four different data optimization methods, the model precisions of the same modeling database are differ-
ent. For PLS modeling method, the PCA-MD and UVE-+PCA-MD data optimization methods can improve the modeling preci-
sion of database using K-M function spectrum data format. For BPANN modeling method, UVE, UVE+PCA-MD and PCA-
MD+UVE data optimization methods can improve the modeling precision of database using any of the 3 spectrum data formats.
In addition to using the reflectance spectra and PCA-MD data optimization method, modeling precision by BPANN method is
better than that by PLS method. And modeling with reflectance spectra, UVE optimization method and BPANN modeling meth-
od, the model gets the highest analysis precision, its correlation coefficient (Rp) is 0. 92, and its standard error of prediction

(SEP) is 0.69%.
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