Advances in Geosciences HWEREIZERTHE, 2023, 13(3), 262-273 Hans i
Published Online March 2023 in Hans. https://www.hanspub.org/journal/ag
https://doi.org/10.12677/ag.2023.133025

o
-4

&

EHTBPHZ L&A Cole-ColetR BY & ¥ 5mM

Ak, FEK, Fud', B R, =2 F
VREARER TR ERRL B, T HEAR
SFONERIR S, S Btk

WekE HiA: 20234F2H15H; A HEM: 20234F3H20H; &4 HH: 202343 H28H

R

H T Cole-ColetE R K4l 2 HvT LU T [X 73 51 2 ¥ i 2 W ARAL AR AN SIRIRMA™ (Fo) i, B WShEE R
AR R IR S B E S T RBM T, HFREB TRRIBR. MEREETEFETHE
K, EXIRFHFEIEEEES, RN T B AR IRAT &, B IRA . ARSURTEBPRIZ M 41 Zkm]
HEEN A UERAB AR RS, X0 AR LR RN R, REiHERE, TSR
iE T BPHA ML ZI7EHE R ECole-Cole RRSHURFERTATH . FRH, AT —HHHERMELE) R
THERBEENFENSENERESER L.

X
FHESH, Cole-ColeiZl, BPHZM4L, Ml

Cole-Cole Model Parameter Prediction
Based on BP Neural Network

Haibo Cen?, Runlin Luo!, Yanan Li}, Biao Feng?!, Fang Wang?

1College of Earth Sciences, Guilin University of Technology, Guilin Guangxi
2College of Pharmacy, Guizhou Medical University, Guiyang Guizhou

Received: Feb. 15", 2023; accepted: Mar. 20", 2023; published: Mar. 28", 2023

Abstract

Since the spectral parameters of the Cole-Cole model can be used to distinguish polarizers that
cause excitation anomalies and find deep ore bodies, scholars at home and abroad have done a lot
of work on the determination of spectral parameters by using complex resistivity data, and have
achieved great results. However, the traditional forward method has a large amount of calculation,
and it is difficult to face complex terrain, and at the same time, in order to better accurately iden-
tify the ore body and reduce false judgment. According to BP neural network training, this paper
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can directly replace the traditional forward algorithm by outputting the predicted value, which
can greatly reduce the time of traditional forward evolution and improve the computational effi-
ciency. The prediction results verify that BP neural network learning is feasible and effective in
theory for Cole-Cole model parameter inversion, which can provide richer reference value and
guiding significance for the next geophysical exploration work.
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Figure 1. Multilayer BP neural network model
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Table 1. Cole-Cole model spectrum parameter selection values
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Figure 2. Schematic diagram of the parameter fitting effect of BP neural network training prediction model for 5000 sets of
samples. (a) Single-hidden layer BP neural network structure training prediction parameters; (b) prediction parameters for
structural training of double-hidden layer BP neural networks; (c) prediction parameters for structural training of BP neural
networks in three hidden layers
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Figure 3. Schematic diagram of the parameter fitting effect of BP neural network training prediction model with 10000 sets
of samples. (a) Single-hidden layer BP neural network structure training prediction parameters; (b) prediction parameters for
structural training of double-hidden layer BP neural networks; (c) prediction parameters for structural training of BP neural
networks in three hidden layers
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Table 2. BP neural network training Cole-Cole model correlation coefficient and mean squared error MSE
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Figure 4. Actual material diagram of geophysical prospecting in a mining area
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Figure 5. The BP neural network on the mine area predicts and inverts the spectrum parameters
of the Cole-Cole model. (a) Frequency correlation coefficient ¢; (b) charging rate m; (c) time
constant 7; (d) depending on the charging rate my; (e) apparent resistivity p,; (f) estimation of the
distribution of spectral parameters in the mining area
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