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Weighted kernel partial least squares method based on fusion of similarity
measurement criteria for quantitative analysis of alkane gases
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Abstract: The effective monitoring of hydrocarbon gas content is an important aspect of safety assurance in oil and gas exploration and
production processes. Infrared spectroscopy, as a safe and efficient detection method, has attracted the attention of on-site engineers.
However, it mainly uses offline models for measurement, which cannot cope with the complex working conditions and various nonlinear
influencing factors on site, making it difficult for this non updated model to maintain high prediction accuracy. A weighted kernel partial
least squares method based on fusion of similarity measurement criteria in just-in-time learning for quantitative analysis of alkane gases is
proposed in this paper. Firstly, a similarity criterion based on fusion of multiple similarity measurement criteria is designed to effectively
select historical samples for online modeling. Secondly, nonlinear kernel functions are introduced into local PLS models to effectively
extract nonlinear features and compensate for the nonlinear processing ability of linear partial least squares models. The experimental
results on the multi-component mixed gas infrared spectral data have verified the effectiveness of this method, with a goodness of R* of
0.994 1. Compared with that of the PLS model, the RMSE and MRE of the proposed model have improved by 43.6% and 85.8%,
respectively. It can be effectively used for online updating and high-precision prediction of infrared spectral quantitative analysis models
for hydrocarbon gas.
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Table 2 The prediction results of different similarity measurement criteria
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Table 3 The prediction results based on different kernel functions
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Sigmoid #% 13.78 99. 59 0.972 9 10. 37 99. 57 0.979 1 27.05 9. 17 0.971 7
P i Wik 8.82 92.29 0.981 9 6. 69 77. 40 0.985 4 5.40 82.58 0.989 6
Morlet 1% 5.42 57.17 0.994 1 5.44 56. 31 0.991 7 3.39 71.08 0.991 5
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Fig. 6 100 repetitions of experiments with different kernel functions
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Table 4 Experimental results of four quantitative analysis models

TN Cl CZ C3

L MRE/%  RMSE/x107° R? MRE/%  RMSE/x107% R? MRE/%  RMSE/x107% R?

PLS 9.38 98. 87 0.981 6 11.48 99. 89 0.980 6 23.93 91.49 0.976 0
SF-PLS 7.28 92.23 0.982 6 9.13 98. 83 0.9819 9.71 89. 02 0.983 1
MPLS 6.18 64. 88 0.992 1 5.87 65. 88 0.989 2 5.25 82. 87 0.989 7

SF-KPLS 5.42 57.17 0.994 1 5.44 56. 31 0.991 7 3.39 71.08 0.9915
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