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Prediction of rock characteristics based on artificial neural network model

CHEN Xiaojun', CHEN Xiaogen®, SONG Gang', CHEN Genlong'
(1.The Institute of Exploration Technology, CAGS, Lang fang Hebei 065000, China ;
2.Civil and Resource Engineering School s University of Science and Technology Beijing s Beijing 100083, China)
Abstract: In recent years, soft computing technology has been used as an alternative statistical tool. The artificial neural
network (ANN) is used to develop predictive models to estimate the required parameters. In this study, a neural network
model for predicting rock properties was established by using some of the drilling parameters (pressure, thrust. bit
diameter, penetration) and the resulting sound level during the impact drilling process. Data generated in the laboratory was
used for the development of neural network models that predict rock properties such as uniaxial compressive strength, wear
resistance, tensile strength, and Schmidt rebound number. The models were tested with various predictive performance

indicators and the results show that the artificial neural network model is suitable for the prediction of rock properties.
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Fig.1 Neural network structure of three hidden layers
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Table 1 Statistical values and equivalent sound level values of

rock properties obtained during the drilling process

HO AN o/ s W o/ oo/ AVMEMER Leg/dB

Gi%  #F  MPa  (geem D MPa Jg/ME f KM FHE

1 JRAER A 34.6 29 2.136  5.25 84.8 88.3 86.6
2 My 60.8 55 2.644  8.35 110.4 114.5 111.2
3 MK 115.1 70 3.928 15.02 118.4 122.2 122.6
4 LERERCH 47.1 44 2.396  7.12 99.8 105.5 102.5
5 Wbk A 88.3 62 3.259 10.90 115.6 119.8 117.9
6 IFKA  52.9 51 2.598  8.58 107.2 111.6 108.7
7 WRBEA 74.8 56 3.214  9.23 111.2 116.7 114.1
8 YA 85.6 60 3.102 10.57 114.3 119.8 116.8
9 IFKBEA 80.2 58  2.720  9.92 112.1 117.2 114.8
10 INKBA 82.9 60  2.935 10.23 113.8 119.0 116.2
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Fig.2 Compressive strength and equivalent sound level
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Fig.3 Schmidt rebound number and equivalent sound level
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Fig.4 Density and equivalent sound level
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Fig.5 Tensile strength and equivalent sound level
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Fig.7 Predicted and actual values of uniaxial compressive strength
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Table 2 Performance of the integrated drill bit for

different training algorithms of sedimentary rocks

WG MEEREH B sE /s ¥y75 22
trainrp 5,13,10,7,4 94 3 0.00036235
traincgf 5,13,10,7,4 2000 48 0. 00010001
traingd 5,13,10,7,4 20000 27 0.00010124
trainlm 5,13,10,7,4 11 1 0. 00010000
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Fig.6 Number of neurons and MSE values in the
hidden layer of L — M algorithm
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Fig.8 SPN predicted and actual values
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Fig.9 Predicted value and actual value of rock density
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Fig.10 Predicted and actual values of tensile strength
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Fig.11 Performance indicators of the regression model
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