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Regression GAN Based Prediction for Physical Properties of
Total Hydrogen in Crude Oil

ZHENG Nian-Zu? DING Jin-Liang®

Abstract In view that generative adversarial network (GAN) is not applicable to prediction of physical properties of
crude oil, a novel regression GAN (RGAN) framework is proposed in this study, which consists of a generator G, a
discriminator D and a regression model R. Through adversarial learning between discriminator D and generator G, D
extracts a series of latent features of *H nuclear magnetic resonance spectroscopy (*H NMR) of crude oil. The first layer
of latent features is shallow representation of the data space, which helps to solve the regression task. The regression
model R is established using the first layer of latent features, which improves the accuracy and stability of the prediction.
At the same time, the MSE loss function of the regression model R is applied to estimate the lower bound of the mutual
information between conditional variables and generated samples, therefore generator G can produce more realistic samples.
Experiment results demonstrate that RGAN can improve the prediction accuracy and stability of physical properties of
total hydrogen in crude oil efficiently, and also improve the convergence speed of the generator as well as the quality of
spectra generation.

Key words Regression generative adversarial network (RGAN), prediction of crude oil properties, generative adversarial
nets (GAN), 'H nuclear magnetic resonance spectroscopy (*H NMR)
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Table 1  The network structure and hyperparameters of RGAN
Operation Kernel Strides Feature maps BN Nonlinearity
G(z) — 121 x 1 Input
Linear(Reshape) N/A N/A 256 x ReLU
Tansposed Convolution 5x1 2x1 128 Vv ReLU
Tansposed Convolution 5x1 2x1 64 v ReLU
Tansposed Convolution 5x1 2x1 1 x TANH
D(z) — 1 x 688 x 1 Input
Convolution (M) 10x1 2x1 64 x Leaky ReLU
Convolution 10x1 2x1 128 v Leaky ReLU
C —1x 177 x 1 Input
Convolution 10x1 2x1 256 Vv Leaky ReLU
Fully Connected N/A N/A 1024 v Leaky ReLU
Fully Connected N/A N/A 1 x NONE
R(M) — 1 x 344 x 64 Input
Convolution 10x1 1x1 128 v Leaky ReLU
Fully Connected N/A N/A 1024 v Leaky ReLU
Fully Connected N/A N/A 1 v TANH

Optimizer

Batch size 32

Iterations 1000
Leaky ReLU slope 0.2

Weight, bias initialization

Adam (o =2 x 10~%, 81 = 0.9, B2 = 0.999)

Isotropic Gaussian (u = 0, o = 0.02)
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Table 2  Comparison between RGAN and different
prediction models

Models R, MSEP
SVM 0.573 0.084
PLS 0.755 0.028
CNN 0.727 0.030
CGAN + R 0.756 0.027
RGAN (A=0) 0.768 0.026
RGAN (X = 0.001) 0.787 0.024
RGAN (A =1) 0.792 0.023
RGAN (A =5) 0.776 0.025
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