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Multi-layer nonlinear local receptive field extreme learning
machine method for logging gas analysis
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Abstract: With China's increasing energy demand and the complex drilling environment, it is of great significance to carry out high-
precision detection of alkane gas concentration to improve oil and gas exploration efficiency. Spectral logging technology has become a
research hotspot in the process of oil exploration with the advantages of quick and accurate recording results. In this article, a multi-layer
nonlinear local receptive field extreme learning machine ( NM-LRF-ELM) model is proposed for resolving nonlinear problems caused by
saturation absorption, noise interference, and baseline drift. The model converts one-dimensional spectral data into two-dimensional
matrix format and realizes nonlinear feature extraction between input and hidden layer by using local receptive field data processing.
Meanwhile, an improved T-sigmoid activation function is introduced and the dropout layer is added after the fully connected layer to
reduce the overfitting risk of the model. The feature extraction and quantitative analysis of the model show an integrated structure and
directly outputs the predicted value of quantitative analysis. In this article, the infrared spectra of 407 mixed alkane gas samples from two
groups are collected as an experimental data set for quantitative analysis. The experimental results show that the training time of this
model is reduced by more than 90% compared with the sliding window model and the gray Wolf model, and the prediction accuracy of
the model is still lower than the system error under the nonlinear interference of the homolog. Therefore, the proposed method is helpful

in reducing the nonlinear interference of unknown gas and improve the infrared spectrum detection accuracy of target gas under the
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condition of complex field environment changes.

Keywords : gas logging; infrared spectrum; quantitative analysis; local receptive field limit learning machine
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Fig. 1 The architecture of LRF-ELM
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the infrared spectrum acquisition system for logging gas
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Fig.9 The predicted results on the two-component dataset
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Table 1 The values of RMSEC, RMSEP, R*, and RPD

on the seven-component dataset (p=0. 01, dropout=0.2)

YT RMSEC/(x107%) RMSEP/(x107%) R? RPD
C, 53.93 9 009. 04 0.9973 19.39
C, 34. 88 7 968. 46 0.9979 21.79
C, 36. 82 7 706. 24 0.9982  23.44
nC, 16. 81 2 606. 20 0.2927 1.12
iC, 14.79 1742.43 0.8692  2.64
iCs 7.46 1352.38 0.2255 0.9
Co, 42.82 8 016. 48 0.9971 18.98
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Table 2 The values of RMSEC, RMSEP, R? and RPD
on the seven-component dataset (p=0.000 07, dropout=0.1)

Y RMSEC/(x107®) RMSEP/(x107%) R? RPD
C, 3155.03 8 669. 89 0.9979 19.72
C, 2 845. 67 7 298.28 0.9978 21.53
C, 2333.64 7 130. 95 0.9980 22.25
nC, 842.52 1753. 89 0.9183  2.89
ic, 746.77 1259.41 0.9780  6.21
iCs 403. 04 985. 42 0.9118 2.78
CO, 2335.83 7 668. 31 0.9976  19.60
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4.3 FEREXEKE

N T AP AR SR AL A PR T SN T R G R AL
LR 'Hai/]\:j@f(f(moving window correlation coefficient
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e\ — 3 A1 H 583 (grey wolf optimization partial least
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SRR PR AR R B, TR S0 1) i e /s — e B3 1 S B
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LRF-ELM 7 8CF T Ja i 8% 37 i Af BIR 27 =) LI 4% 53 1%
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Table 3 Values of RMSEC, RMSEP, R, and RPD for the two-components under the three models

Ll Y t/s RMSEC/(x107%) RMSEP/ (x107%) R? RPD
MWCC-DPLS 2 117.28 2.33 5.70 0.998 4 25.07
nCy GWO-PLSR!? 104. 59 0. 66 4.30 0.999 1 33.55
NM-LRF-ELM 10. 14 2.76 2.92 0.999 6 49. 84
MWCC-DPLS 112. 34 2.32 5.55 0.998 4 25.40
nCsy GWO-PLSR 97.94 0. 81 5.00 0.998 7 28.21
NM-LRF-ELM 8. 80 3.27 3.05 0.999 6 49. 58
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Fig. 10  The prediction view of the models on the

two-component dataset
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Table 4 Values of RMSEC, RMSEP, R?, and RPD for the seven-components under the three models

Ly sl t/s RMSEC/(x107%) RMSEP/ (x107%) R? RPD
MWCC-DPLS 205. 86 5 080. 69 5750. 22 0.996 3 18.27

C, GWO-PLSR 214. 60 8 661.71 6 892.97 0.953 1 16. 98
NM-LRF-ELM 25. 68 3 155.03 8 669. 89 0.997 9 19.72

MWCC-DPLS 232.99 5836. 01 4917.69 0.998 6 22.06

C, GWO-PLSR 171. 08 6586. 81 7 173.30 0.996 3 20. 90
NM-LRF-ELM 27.21 2 845.67 7 298. 28 0.997 8 21.53

MWCC-DPLS 217.45 8 402. 03 8 451.55 0.995 8 15.72

Cs GWO-PLSR 184. 69 4970. 64 8 548. 17 0.991 9 17.52
NM-LRF-ELM 26. 66 2 333. 64 7 130. 95 0.998 0 22.25

MWCC-DPLS 469. 15 2 579. 44 3 325.61 0.8957 2.15

nC, GWO-PLSR 442.93 2 291.70 1973.32 0.908 3 2.47
NM-LRF-ELM 26. 60 842.52 1 753.89 0.918 3 2.89

MWCC-DPLS 436. 84 1758.59 1 056. 17 0.960 4 4.61

iCy GWO-PLSR 406. 35 2 573.74 2 630. 61 0.9315 3.93
NM-LRF-ELM 23.96 746.77 1 259. 41 0.978 0 6.21

MWCC-DPLS 483. 67 773. 81 921.48 0.926 3 4.09

iCs GWO-PLSR 527.18 1171.55 1310.25 0.910 7 2.26
NM-LRF-ELM 24.13 403. 04 985.42 0.911 8 2.78

MWCC-DPLS 258.42 7 627. 89 7 576. 56 0.997 1 21.08

CO, GWO-PLSR 195.23 5117.08 8 853.03 0.9953 17.75
NM-LRF-ELM 23.32 2 335.83 7 668. 31 0.997 6 19. 60

A Co, MBI AR R TIRDBT) MR IS BT BT ABREARAS B 73 A 8 2 5 SR, 1E T | 5 I e P

ASCREAI R FOE AN 5 BT 7R

x5 IEAREIULSEREYHNNELR

Table 5 Measurement results for three sets of standard

industrial gas mixtures

FEM A/ (X107%)  BES B/(x107%)  RES: C/(x107%)

i EOE WA ESHE BUUE ESE BUUE
C, 10015 7690 50000 38296 98966 91 991
C, 2495 1938 12500 9276 25093 16981
C, 2487 2170 12500 11194 25063 24 479
nC, 2478 2583 8500 10825 10029 10 409
nCs 995 1094 2000 2487 2507 2668
o 905.2

MRE/% 2.880 9 5.739 8 6. 444 6
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Fig. 11 Three sets of standard industrial gas mixtures
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