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Fluorescence Oil Film Thickness and Gray Level Identification

Based on Neural Network

QIAN Hongjiang, DONG Xiucheng, XU Yeting, JIANG Jinyang, CHEN Guifang
(College of Electrical and Electronic Information, Xihua University, Chengdu 610039, China)

Abstract:In global friction measurement, thin oil film technique can well represent the distribution of surface
friction. Irradiated with ultraviolet light of a specific wavelength, the oil film with different thickness of the
fluorescent color molecules will emit different brightness. Using this principle, the thickness of the oil film can
be calculated by detecting the gray value of the excited fluorescent oil film.In this paper, BP neural network
and extreme learning machine (ELLM) neural network are used to build models to complete the prediction of
the relationship between the fluorescence oil film thickness and gray level, and Hopfield neural network is
used to complete the identification of the corresponding parameters. The experimental results show that the
prediction errors of ELLM neural network model, BP neural network model and interpolation model are
5.150%, 5.485% and 5.935%, respectively. Through Hopfield neural network identification, the parameter
error rates of the influence factors such as light source power, optical distance and exposure coefficient are
controlled at about 1%, which meets the requirements of practical engineering application. Compared with
the traditional interpolation method, the higher precision can be obtained by using the neural network, which
provides a feasible method for the study of the gray and thickness of the fluorescent oil film.
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Table 3 Comparison of prediction data and error of neural network and interpolation method

B BP Fil ELM Fitill

SR ER R

W3 i L mm R /mm L /mm L /mm BPiR2%/% ELMiR%E/%  fHfARZE/Y%
33 0.003 87 0.003 91 0.003 62 0.003 39 1.033 6.460 12.40
35 0.006 08 0.004 83 0.006 63 0.006 75 20.56 9.046 11.02
43 0.012 72 0.011 90 0.012 12 0.013 81 6.447 4.171 8.569
58 0.035 95 0.034 52 0.035 54 0.035 67 3.978 1.140 0.779
68 0.057 15 0.054 71 0.053 29 0.053 59 4.270 6.750 6.229
79 0.085 72 0.088 16 0.090 43 0.092 02 2.846 5.495 7.350
85 0.121 44 0.117 21 0.118 99 0.120 90 3.483 2.070 0.445
87 0.142 87 0.140 96 0.131 86 0.139 26 1.337 7.706 2.527
96 0.228 60 0.240 36 0.233 49 0.233 67 2.783 2.139 2.218
101 0.347 35 0.319 17 0.324 68 0.320 23 8.113 6.527 7.808
R 22/ Y — — — — 5.485 5.150 5.935
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Table 5 Parameter value after identification

MMEE WERGE B AE REE /Y
BB 0.13 0.128 9 0.85
S 0.21 0.207 8 1.05

B L R AL 33.3 33.129 6 0.51
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