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Table 1 Distribution of rockburst intensity grade
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Fig.1 Raw data distribution curves and box plots
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Table 2 Replace data of hierarchical outliers

FREHEAR  EBER S AH E=EL (e
MTS/MPa 1 77.69,77.69 57.95
1l 99.09,102.38 95.20
Il 127.13,221 122.76
I\ 225,225,225,225,274.3,274.3,274.3,274.3,297.8,297.8,297.8,297.8,207,215,285.8,263.6 190.79

UCS/MPa o 199.03
il 263 225.10
1 304,256.50 251.03
v 306.58,304.2,304.21 262.17

CUTS/MPa r 10.6,9.52,11.2,11.5,10.2,11.96,11.96,11.96,11.96,17.66 9.45
1l 22.6,16.72,22.6,22.4 15.33
1 21,21 19.42
I\ 22.6,22.6,22.6 21.08

- EEI T 74,7879 7.25
1l 8.1.8,9 7.85
Il 15.6,14.5,15.6,14.5,9.3,13.9,9.1,9.1,9,9 8.86
v 30,20,23,17.6,18.7,30 17.05
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Fig.2 Rockburst prediction model
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Fig.3 The number of samples of 4 rockburst

grades under different treatment methods
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Table 3 Prediction accuracy of 10 machine learning algorithms under different sampling methods %
TR : : — Klﬂm%ﬁ’%%fﬁﬁ‘ﬁiﬁﬂiﬁﬁﬁﬁﬁ _ e 2 e
SVM RF GBDT KNN MLP XGBoost LDA NB Adaboost DT
AR R 54.74 62.11 64.21 60.20 55.79 61.05 54.74 56.84 45.26 53.68 56.86
SMOTE 58.22 79.45 75.34 70.55 56.16 78.77 57.53 60.96 57.53 74.65 66.92
SMOTETomek 52.59 79.25 78.52 70.37 55.56 81.48 52.59 48.89 59.26 72.59 65.11
ADASYN 60.42 80.55 79.86 77.48 56.94 81.94 53.47 54.86 55.56 83.33 68.44
¥{E 56.49 75.34 74.48 69.65 56.11 75.81 54.58 55.39 54.40 71.06 —
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Table 4 RF and XGBoost parameter optimization

Bdas ELiEaN L€ B2
GA-RF n_estimators [100,600] 533
min_samples_split [2,50] 3
min_samples_leaf [2,50] 2
max_leal nodes [100,100] 770
max_features auto auto
max_depth None None
'GA-XGBoost learning_rate [0.01,0.1] 0.1
gamma [0,1] 0.3
reg_alpha [0,1] 0.1
max_depth [3.50] 20
min_child_weight [1,10] 3
subsample [0.5,1] 1
colsample_bytree [0.5,1] 0.8
*5 REEMR
Table 5 Confusion matrix
e T 45 %
IEHCT) S (F)
EH (P) HIEHI(TP) B A (FND
A (ND R IE B (FP) FLZ (TN

KW I BT 5 GA AR S5 A5G L 43 A, I 4k
LRI 4 A RS GURTE L WL 65 IF 2 AR 1 1Y
REH R, WLE 4,

3 3 TR VA R B T LR AN TR A R A T o
FLoH AR 6 ATAL 40 e Bk T SRS
GA-RF 0 o 5 % 35 2] 90 %6, 8 A M Ak i 4 v 9

FMER
(a) RF

ANH 43 4 GA-XGBoost T o #f 2K 15 7] 93% . &
ROACETEE 5 11 A E or . A RONERE 4 FER
6 &P, RF fl XGBoost Xt I 2% %5 4 F1 [T 2 7 1 Y
TR R A 5 R AR b X5 F) A K e A I 0 )
TARGN AR I AR B T FEA RN IV 2, 5L
BN G R AN T RO, & T ] 452 1% 2
ENSEINI ST i NPy o o =i U R T R X R N
fift s GA-RFE XF IV 9 5 B W0 68 Ty 2 FH 4 26 L F 1
fHik B 95%; MALF 3 F1 fHA 90%. GA-
XGBoost BEAIXS 1 9 7 45 15 I o ff <35 %) 100 %,
F1AAR%] 98 % . Al LIS HERIWr 1 9055 x5 [ 905
F A IV G55 3 T 00 o o R B 0 90 %0, F 1 {43 331
92 % 0 93 %, A F1HiAF] 93%, O & A
SSCTRL I AR v d K AE

xo6 MUAE 4 ERHMERITLE
Table 6 Comparison of the prediction results of the four

grades before and after optimization

sk ammm R AR P o0
RF 1 0.82 0.95 0.88 43
CHERf % =0.81) il 0.76 0.7 0.73 37
I 0.71 0.63 0.67 27
\ 0.89 0.86 0.88 37
JECEE 0.80 0.81 0.80 144

""" XGBoost I 088 098 092 43
(fEWR =0.82) I 0.76 0.76 0.76 37
m 0.69 0.67 0.68 27
\ 0.91 0.81 0.86 37
MECEHE 0.82 0.82 0.82 144

"""" GA-RF 1 091 0095 093 43
EWER=0.9) 1 0.86 0.84 0.85 37
I 0.92 0.81 0.86 27
N 0.92 0.97 0.95 37
JNACEHIE  0.90 0.90 0.90 144

" GA-XGBoost T 0.96  1.00  0.98 43
R %2 =0.93) il 0.91 0.95 0.92 37
I 0.92 0.81 0.86 27
I\ 0.84 0.92 0.93 37

JNECEHE 0.93 0.93 0.93 144

| | m v
MMER
(b) XGBoost
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Fig.4 Confusion matrix test set
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Fig.5 Rockburst prediction grade
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Prediction Model and Accuracy Optimization of Rockburst Grade Based on Data Preprocessing
WANG Yuhang', ZHOU Zonghong', LI Guocai®*, LIU Jian'
(1.College of Land and Resources Engineering, Kunming University of
Science and Technology, Kunming, Yunnan 650093, China;
2.Xinping Ludian Mining Co., Ltd.. Yuxi, Yunnan 653100, China)

Abstract: The accuracy of rockburst prediction has an important practical significance for the prediction of rock mass engineering
disasters. Accurate and effective data preprocessing is the basis of subsequent prediction work. The rockburst database was
established by collecting 471 groups of rockburst cases at home and abroad. The maximum tangential stress, compressive
strength, tensile strength and elastic energy indexes of surrounding rocks were selected as the characteristic indexes, and the
prediction model was constructed by combining 10 machine learning algorithms. In order to eliminate the interference of outliers
in the samples to the prediction model, the outlier cleaning range was reduced to a single level, and the outliers were detected
and processed step by step according to the rockburst intensity level. An adaptive oversampling (ADASYN) was proposed to
improve the data distribution, and the sample synthesis of the original minority class data was carried out under the condition of
retaining the characteristics of the minority class sample data, so as to solve the problem of sample imbalance of each rock burst
grade. The genetic algorithm (GA) was introduced to optimize the parameters of the high stability model, and the model was
deeply evaluated by combining the confusion matrix and multiple evaluation indexes. The research shows that the ADASYN
method improves the comprehensive accuracy of the model by 11.58% , and GA-XGBoost model has been selected as the
optimal performance. The prediction accuracy and weighted average F1 value reach 93%. The model was applied to the Jinping
[ Hydropower Station, Sanshandao Gold Mine, and Maluping Mine, and the predicted results showed good consistency with
the on-site conditions, providing a new method for predicting rock bursts in the future.

Key words: Rockburst prediction, Outlier, Data preprocessing, Machine learning. Model evaluation





