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Research on prediction of support parameters for coal roadways
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(1. School of Mechanics and Civil Engineering, China University of Mining and Technology-Beijing,
Beijing 100083, China; 2. Yunnan Institute Co., Ltd. of Water & Hydropower Engineering Investigation Design,
Kunming 650021, China)

Abstract: Currently, algorithms such as support vector machine (SVM) and random forest (RF) are less
applied in the field of coal mine roadway support. The paper studies the applicability of different machine learning
models for support parameter design.Thus a higher performance model would be established to achieve reasonable
and scientific design of anchor bolt support. Firstly, it is suggested to establish an intelligent prediction database
for coal mine roadway support. Through on-site research, questionnaire survey, and literature search, the coal
mine roadway samples are collected. The data is processed using methods such as filling in missing values,
modifying outliers in box charts, and removing local abnormal factors to establish a coal roadway support
database. The paper proposes a coal roadway support parameter prediction model based on synthetic minority
oversampling technique (SMOTE) - genetic algorithm (GA) - SVM. The data in the database is divided into
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training and testing sets. The SMOTE technology is used to balance training samples, and improve the model's
fitting capability for minority class samples. The training process uses GA to globally optimize the
hyperparameters of SVM, further improving the overall performance of the model. The test results show that the
classificaton precision of the SMOTE-GA-SVM model reaches 83.8%, which is 21.8% higher than the traditional
SVM model. The machine learning methods such as SVM, artificial neural network (ANN), RF, AdaBoost
(ADA), and naive Bayesian classifier (NBC) are introduced into the prediction of coal roadway anchor support
parameters. The corresponding support parameter prediction models are established. The comparison results
showed that the best to worst prediction models are ranked as SMOTE-GA-SVM, RF, GA-ANN, SVM, NBC, and
ADA, with an average classificaton precision of 69.9%. The result verifies the feasibility of machine learning

methods in predicting the parameters of coal roadway bolt support. The SMOTE-GA-SVM model is applied in

Shanxi Huobaoganhe Coal Mine Co., Ltd., with a precision of 8§7.5% and strong applicability and reliability.

Key words: coal mine roadway; machine learning; anchor rod support parameters; oversampling of

synthesized minority classes; genetic algorithm optimizing support vector machine
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Fig. 2 Box diagram of the original data
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Table I Test results of abnormal samples based on local outlier
factor(LOF)

k=4 k=5 k=6 k=1 k=8 k=9 k=10
105 105 105 105 33 14 14
84 33 33 33 105 33 25
129 84 84 84 14 84 49
33 129 154 124 84 25 33
124 124 129 154 154 49 84
154 154 124 14 124 105 105
36 75 90 129 25 154 154
90 36 17 25 49 124 124
75 44 44 109 109 75 75
70 14 109 75 129 109 59
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Table 2  Statistics of roof anchor bolt support parameters
SRR ZHE LIS SRR ZHUH LA
18 mm 11 700 mm 5
HE 20 mm 46 800 mm 39
22 mm 60 900 mm 36
[
2 000 mm 14 1 000 mm 16
2200 mm 17 1 100 mm 9
KJF 2 400 mm 57 1200 mm 12
2 500 mm 20 700 mm 10
2 600 mm 9 800 mm 33
4R 13 900 mm 16
HERE
. 5 4R 28 1000mm 38
Bk
6 1R 53 1100 mm 7
7H 23 1200 mm 13
%3 TSR
Table 3 Statistics of roof anchor cable support parameters
SRR ZHUH A SRR ZHE LA
15.24 mm 14 5300 mm 20
17.89 mm 36 6300 mm 39
HiR 18.7 mm 18 K 7300 mm 22
21.6 mm 17 8300 mm 32
22 mm 32 9300 mm 4
1 4 1 24
y 2 68 71
i i
3 39 3 22
4 4R 6
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Table 4 Side support parameter statistics
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Fig. 3 Distribution statistics of input parameters of training set
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Table 5 Global optimization results of GA
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Network topology of GA-ANN prediction model of roof bolt spacing

AR, AR BE 4 F) 93.5%,. SMOTE-GA-SVM #
T A FERAE AR AN H i B3040 42 1 ) 0L B fin 5
K, T SRE AL G ) SVM BRI = T 21.8%.
1£ SMOTE £ GA ALt T, SVM Ak R 3 A
AEA THRORHE R . AT L, SMOTE J7 v R4 Ay kb B AL
AR B 17 1A B0 s, GA X SVM R ) 8 5 4L
HARLF 4 )7 FERE S . H SMOTE-GA-SVM fi 7Y
DT HAMA AL, -3 43 NG B3k 83.8%; ADA 7E it
£ bR BE R AR, A BN 60.5%. TR AL 4 Sks
HE ¥ 4 SMOTE-GA-SVM, RF, GA-ANN, SVM,
NBC. ADA, 6 Fl5 1 (1735 73 2K5 B3k 69.9%.

4 THENMA

F T BT SMOTE-GA-SVM ({88 4 5
AT I ASE TR A TR S B v 1 M A T SR, A L
PO R T 1Y 4 888 34T T L b TR 5 IE,

K6 Hlgws I BRITENNALE [ SRR

Table 6 Classification precision of machine learning model on test set

%

TR BT A 2 TR TR AR
B - - - - - — - " - SR
B OKE M HE Mot B KEOEE MR i 'R OKE A AR

SVM 660 836 660 792 748 540 704 704 648 572 540 792 748 692 68.8
SMOTE-GA-SVM 860 898 824 843 8.1 753 792 884 771 772 833 935 906 840 83.8
RF 792 748 528 836 660 704 616 616 748 528 572 924 880 792 71.0
ADA 726 645 538 578 578 484 511 376 592 618 484 787 807 753 60.5
GA-ANN 934 634 644 550 660 627 660 572 715 550 748 898 798 825 70.1
NBC 660 660 440 440 792 704 572 572 572 748 484 818 880 748 64.9
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% 49 %

BB IESBOLE 7, ST BB ST Z2-
score ARl FEBF A A C 28T A0 3L T SMOTE-

GA-SVM B 34 S B R vy, 3 3 A
FAFEIE R AT . SRS SHL 4R ILE 8,

F£ 7 BN X TED ARIE S5

Table 7 Characteristic parameters of Ganhe Coal Mine in Huozhou Mining area

) JEZE BUZE SORTUE  JARTR HEDE HET HPEEE HERER - . )
= El e e " o - - ™ o N HIIR/ ER=NEA 1H P53/
¥5 Bil#H [im  FEMPa fiEm BEMPa Bm FEMPa  fEm jeapa oom B/ AHTE/m

1 2-11614 420 9.38 1.70 65.06 6.40 51.79 1.10 51.79 450 3.6 5.0

2 2-1261%% 375 15.00 4.80 86.09 2.45 65.06 2.90 19.16 420 3.7 5.0

3 TORXEBhEHE 078 9.38 3.12 65.06 4.96 86.09 4.60 45.40 420 3.5 438

4 2-102148 420  14.54 3.10 57.32 3.89 25.00 0.80 37.45 500 3.8 5.0

%8 SMOTE-GA-SVM HiHI i FH4E 5
Table 8 Application result of SMOTE-GA-SVM model
THA AT TS TRAHAT TihL %R
JP5 AR WA K MR R BOR EA KB WIBE HEEE BOR ERY Ko AR BoRy
mm mm mm mm *E mm mm mm mm *E mm mm ﬁlt *E
| 1161 ESMH 22 2500 900 900 6 22 2500 900 900 4 21.60 8300 2 3
WIME 22 2400 900 900 6 22 2400 900 900 4 21.60 8300 2 3
5 12615 ESMH 22 2500 800 800 22 2500 800 800 5 21.60 8300 3 3
WiME 22 2500 800 800 22 2500 800 800 5 21.60 8300 3 3
e ESMH 20 2000 800 800 20 2000 800 800 2 1524 7300 2 2
3 =R BsAE

WIME 20 2000 800 1000 20 2000 800 1000 2 1789 7300 2 2
4 2-10215 B 22 2400 900 1000 22 2400 1000 1000 4 21.60 6300 2 2
WIME 22 2400 900 1000 20 2400 1000 1000 4 21.60 7300 2 2

1 % 8 AT, 2-1261 A5 SEPRR FH AT | AR 3K
' 2 805 SMOTE-GA—SVM H B 3 B 4% B — 5 |
2-1161 & H1 2-1021 FHHERA 2 NS EEM AR, =K
XA s A 3N S B R, 4 X BEN
56 > LIS H0h g5 55 B E A R A 49 4,
LR F5 0 A 1F B N 87.5%. Hivh, SMOTE-GA-
SVM A5 YRR TR (1) 7 > S B0 1 T Sy AH B2 51
B S, MR 2280 . B AT W, SMOTE-GA-
SVM H5 7 B AR 7 b 2 4 65 38 RRAE S RO R AT | 6
L SE AL B e T, BT B0 i 15 M
FIRTEENE, XA AT . R L S8 A —E
2% M

5 #ig

1) #EST TS R BE TN A . SR B
PRIBIE . 0] 45 1 A SRS 2R 45 7 ISR I S B R
AR5 SR i O (B R | AR Y B8 BB 55 R LOF 41
W 5 A AR A O B s AT b B A ST B S
P A TN AR I

2) $2 i —Fh 3T SMOTE-GA-SVM 1y 4 4% 32
IS ETTRRY, 2 RER AE I 25T R F SMOTE J5 i
S Y11 25 4 v 2 IR S A (R AR AR, 2 i AR X B
KEEARM LA RS DRt B b i GA X S 4l

fra w3, #E— 4w T RIAVRE R MERE . 2
R, 2T SMOTE-GA-SVM Hy B8 37 4 2 B
I TR f 0 2K B 3k 83.8%, HLAE LY SVM A Y 4
T 21.8%.,

3) ¥ ANN, RF, ADA Fl NBC 5| A4 2§15
B ST XN ) S AP S RO g5 5
N, DS A0 38 e 2 1 T ASS B HE 44 43 531 > SMOTE-
GA-SVM, RF, GA-ANN, SVM, NBC fil ADA, 5 iiF
T HLAS 2 2 O AR S S By T T AT

4 FEIPEEE T IET 1 4 4485318 X SMOTE-
GA-SVM #E RUHEAT 1 R HT, A5 7Y $3 00 o B 2% 3k 2]
87.5%, LA 55 13 FHAE A AT Sk
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