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Research on rock drill ability prediction based on PCA-LM-BP neural network

PU Xianbo, LIZequn’, YIN Fei, FAN Jie, CAO Lugang, ZHI Liang
(Langfang Natural Resources Comprehensive Survey Center , China Geological Survey, Langfang Hebei 065000, China)
Abstract: Predicting the drill ability level of rocks can provide effective assistance for the development of drilling
engineering projects, and selecting reasonable processes, methods, and technologies based on the drillability level of
rocks can provide technical support and assistance for the project. In this paper, considering the impact of complex
environmental factors on rocks in underground space, five factors affecting rock drill ability grade are selected from
geophysical exploration data, mechanical properties and physical properties of rocks. Principal component analysis
(PCA) is used to explain the correlation and contribution rate between each influencing factor, and the correlation
between the five factors is eliminated. Three principal components with low correlation were selected to replace the data
samples for prediction evaluation. The LM~-BP algorithm was compiled, reasonably set the parameter values of the
prediction model, and based on the data samples after principal component analysis, establish a rock drill ability level
prediction model. Analyze and compare the prediction results with the measured results of indoor experimental
methods. It was found through analysis that the PCA-LM-BP prediction model has the characteristics of high
prediction accuracy and short prediction time in rock drill ability level prediction, it can be applied to rock drill ability
analysis in drilling engineering.
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Table 1 Normalization of training samples in the test area

PO/ YR 22 W/ BRHE REUETE AT

Z  m Atdpselt) (geem”®) R/(Qm) Vo/% MK,
1 0.00 0.13 0.71 0.04 0.07 0.26
2 0.02 0.45 0.33 0.00 0.05 0.71
4 0.06 0.47 0.79 0.01 0.03 0.80
5 0.07 0.00 1.00 0.03 0.05 0.93
6 0.14 0.25 0.83 0.04 0.01 0.66
8 0.23 0.24 0.88 0.07 0.04 1.00
9 0.28 0.33 0.71 0.06 0.01 0.49

10 0.32 0.01 0.17 0.34 0.10 0.63

11 0.44 0.71 0.42 0.08 0.00 0.00

12 0.49 0.55 0.17 0.02 0.02 0.30

13 0.51 0.96 0.08 0.02 0.00 0.31

14 0.54 1.00 0.00 0.02 0.00 0.15

17 0.77 0.55 0.46 0.03 0.02 0.63

18 0.89 0.25 0.42 1.00 0.03 0.56

20 0.93 0.27 0.63 0.09 0.05 0.50

21 0.97 0.53 0.33 0.03 0.02 0.54

22 1.00 0.27 0.88 0.09 0.19 0.76
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Table 2 Normalization of training samples in the test area

O/, IR EE e/ PR REE R ATE;
Z om Afpsl)  (ge?) R/Qm) Vyu/% K,
3005  0.64 0.25 0.01 0.00  0.89
7 0.21 0.08 0.96 0.08 0.05  0.74
15 0.65  0.44 0.63 0.00 1.00 0.39
16 075  0.71 0.42 0.03 0.01  0.52
19 090  0.33 0.50 1.00 0.01  0.57
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Table 3 Correlation coefficient matrix

PSS W /m PURIF 22 At/pselt) B p/(geem™) HELE R/(Qm)  RIEEE V/%
WRIE /m 1.000 0.210 —0.220 0.401 0.146
PRI 22 Ar/(pseft) 0.210 1.000 —0.687 —0.258 —0.098
HE p/(grem®) —0.220 —0.687 1.000 —0.087 0.153
B % R,/(Qem) 0.401 —0.258 —0.087 1.000 —0.100
PSR Vy/ % 0.146 —0.098 0.153 —0.100 1.000
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Table 4 Principal component eigenvalue and contribution rate

46 e AE(E A A F )7 A

AR JrzE/ BRIk FRE Jre/ Rib/

F
4
i % % {H %% %

}.

1 1.820 36.403  36.403 1.820 36.403 36.403
2 1.403 28.054  64.457 1.403 28.054 64.457
3 1.074 21.480 85.937 1.074 21.480 85.937
4 0.501 10.019  95.955
5 0.202  4.045 100.000
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Table 5 Variance ratio of common factors

AR J b E AT %
WA /m 1.000 0.792
YRR 22 Ar/ (pseft) 1.000 0.898
I o/(geem™) 1.000 0.813
F1 BH % R, /(Qem) 1.000 0.874
Ve & it Vi / % 1.000 0.920

x6 EFHH
Table 6 Factor analysis
e ST
F, F, F,

W /m 0.463 0.706 0.282
YIRS 2% At/ (pselt) 0.870 —0.344 0.152
R o/ (geem™®) —0.897 0.069 0.061
1B R,/(Qem) 0.073 0.872 —0.330
Ye i &t Vy/ % —0.198 0.148 0.927
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Fig.1 Model structure of BP neural network
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Fig.2 Prediction process diagram of BP neural network

T g5 SR WL K 3. B 3(a) A BP 28 M 45 31| 2k
FEA LT 17 20 H5His 00 I i B0 A 5000 A %) 1G9 3(b)
ki BP Bt 2 19 26 W3R AR S 3 5 4 Bl i et i i A0
THUIAELRT LY o ply 00 AR 7R i) g N7 v g 2 KA S
B AR A S0 fR0H % 32 o , R [ 0 9 LR D) |, T
I, PINERAEAS 22 S PR 3R, A T30 AR S A G 1 58

PCA-LM-BP il I #5% %Y (1) J5 4d {5 0 350 000 {F A0
KA R WL 4, M5 R H0M 0.96091, M EME RIVE T
IO AR v B L R (L )R
2.4 5T

5T PCA-LM-BP @ 57 1) 9] 485 4 F0 LM-BP
OIS Y R 5 A I AT T RE AR S I E S = P S5
00 R S HEAT A B E (DL 7)), T RAAS A
F A3 43 AT AT A AR T AR A DG M SR 1Y 5



T ENAE T PCA-LM-BP #2845 114 A1 ml S M 35 00 i 5 67

55 50 555 6 1)
1.5
Z 10
S s
0.0
0
(a) YgRbEA
L0g S
z% 0.5
4@ 0.0
-0.5 1 | L )
FEAR
(b) MRFFEA

B3 SGHEASNRERNTNERSKERE R
Fig.3 Comparison between predicted results and actual

results of training samples and test samples
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Table 7 Analysis and comparison table between predicted sample measured values and experimental method measured values

PCA-LM-BP Bi# (iz 17} ] 4.36 )

HORFS ARSI

LM-BP #i# (iz 71} ] 7.37 )

T Y X R 2 XTI 22/ %% T L Y X% AHXF 22/ %%
3 0.8891 0.8300 0.0591 5.91 0.8171 0.0720 7.20
7 0.7443 0.8109 —0.0666 6.66 0.8145 —0.0702 7.02
15 0.3894 0.3651 0.0243 2.43 0.3453 0.0441 4.41
16 0.5175 0.4974 0.0201 2.01 0.4676 0.0499 4.99
19 0.5652 0.5574 0.0078 0.78 0.5479 0.0173 1.73

K 5 — P BT Bl P 25 20 S Y 52 0 £ (O~
D 5T 55 A 19 Al Al P S8 9 (1~12) , I PCA-LM-
BP F00 AR X 5 Ay i) il e A 5 A P S Rk I
fR A R B R 2 0 L L3R 8

3 #Hit
(1) 2 i 5 00 AT 88 4 25 20 RE 88 A7 280 TR T i

RS PIEHMEE RN X L R

Table 8 Comparison table for drill ability level prediction

HA - AEME PCA-LM-BP UL HIXFR2E/
b R HRU I A R P 4 %
3 7.769 7.457 2.6
7 7.003 7.355 2.93
15 5.128 5.000 1.07
16 5.805 5.699 0.88

19 6.057 6.016 0.342
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