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Coal and gas outburst early warning method based on DE-AMSAROQO-Stacking

Liu Baoyu' Song Jialing® Zhou Xu'
(1. College of Science, North China University of Science and Technology, Tangshan 063210, China;
2. College of Artificial Intelligence, North China University of Science and Technology, Tangshan 063210, China)

Abstract: Coal and gas outburst is one of the highly destructive geological hazards in coal mining operations, and
efficient outburst early warning is crucial for ensuring the safe production of mining areas. To resolve traditional
Stacking models’ issues of inefficient hyperparameter optimization, local optima traps, and manual base learner
selection, this paper develops an improved Stacking early warning model with modified artificial rabbit optimization
(ARQO) and differential evolution (DE) algorithms. The AMSARO algorithm—incorporating an elite memory pool and
a multi-strategy adaptive selection mechanism—is applied for parameter optimization. The DE algorithm dynamically
optimizes weights to realize base learner selection while performing feature selection synchronously. Combining these
two algorithms with the Stacking ensemble method, the DE-AMSARO-Stacking coal and gas outburst early warning
model is constructed. Eight different benchmark functions are adopted for testing, and experimental results show that
the AMSARO algorithm achieves faster convergence speed and higher optimization accuracy compared with the ARO
algorithm and its improved variants. Experiments are conducted on a dataset of 500 samples expanded from 50 sets of
original data collected from a coal mine in Shanxi Province. The results indicate that the DE-AMSARO-Stacking model
outperforms single models and comparative models based on different optimization algorithms in prediction
performance. This research provides a more efficient approach for coal and gas outburst early warning.

Keywords: coal and gas outburst; early warning; Stacking; differential evolution algorithm; base learner selection;

improve the artificial rabbit optimization algorithm; parameter optimization
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F, bR 2 2.74X10°" 6.12x10 " 2.93Xx10 " 5.79X10 " 3.13x10 " 2.72X107"
/M 2.65X10"" 2.69Xx10"" 2.54X 107" 2.53X10™" 2.76X10"" 2.81Xx107"
FHE S 1.70X1077° 7.53X10°" 1.34Xx107'7 8.31X107" 7.35X10° " 1.59X 10
F; PrifE 2 0.00X10*" 2.00x10 " 0.00X10*" 3.35X10 " 3.96X10 " 8.57x10 *
F/ME 0.00X10™" 8.03X10 ' 0.00X10*" 1.40X10°" 1.56X10 ™ 4,16 X107
FHE 5.00X107" 8.41X10 ' 3.43X10 ™ 1.46X10 * 2.70X10 * 3.20X10 %
F, bR 2 2.69X107'% 4.38%10° "7 1.56X 1071 3.41X10°% 5.96X10"* 3.34X10°%
I /MA 0.00X10" 1.80Xx10 " 0.00X10*" 1.99X10 % 1.09X10 " 2.06X10 "
FHE 3.09X107' 1.27X10°" 5.17X107% 2.09X10°" 2.01X107" 7.81x107"
Fy FRUEZE  1.39X107" 2.99X10°" 2.78X107% 5.42X107" 4.42X107" 4.21X107%
/M 0.00X10™ 1.01X10 ™ 0.00X10*" 5.05X10 % 5.50 X107 % 4.85x107%
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Fig. 3 DE optimization algorithm flow chart
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Fig. 4 AMSARO optimization algorithm flowchart
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Table 3 Individual training metrics of candidate models
LAY 22 SBIE ) H 2 SIS AE A U 22 e % K% A [l F1 5%
LR 0. 890 0 0.031 024 0. 840 0 0. 844 353 0.854 978 0. 839 461
SGD 0.832 5 0.043 732 0.790 0 0. 802 791 0. 851 307 0.783 487
DT 0.920 0 0.018 708 0. 880 0 0. 883 890 0. 888 612 0. 878 747
RF 0. 940 0 0. 020 000 0.920 0 0.923 162 0. 923 529 0.918 965
AdaBoost 0. 8550 0. 060 519 0.720 0 0. 735 477 0. 802 567 0. 706 571
ET 0.952 5 0.016 583 0. 890 0 0. 895 384 0. 900 786 0. 889 316
SVM 0.930 0 0.023 184 0.850 0 0. 853 877 0. 863 344 0.848 124
GNB 0.7350 0. 055 565 0.710 0 0. 680 989 0.702 381 0. 662 596
KNN 0.922 5 0. 024 238 0. 870 0 0. 874 366 0.881 914 0. 869 562
MLP 0.915 0 0. 025 495 0. 860 0 0. 860 901 0. 863 492 0. 857 531
XGBoost 0.932 5 0.018 708 0. 900 0 0. 902 408 0. 903 253 0. 898 598
LightGBM 0.942 5 0.016 956 0. 900 0 0. 902 408 0. 903 253 0. 898 598
GB 0. 940 0 0.014 577 0.890 0 0. 893 149 0. 895 752 0. 888 693
ot . L.
f | — T - gaEe
_ . =%
08| ="
e 0.6
A
i
04 F
02 -
oL i 1 1 i | 1 | i i i | 1
LR SGD DT RF  AdaBoost ET SVM GNB KNN MLP XGBoost LightGBM GB
B 7 e e A 20 A I 48 A T AR Ak
Fig. 7 Visualization of individual training metrics for candidate models
x4 AEAEREENE
Table 4 Different base model weights X, = 1, rand <ux,, (29)
R WE R W& 0. Hit ‘ ‘
LR 0.012 680 98 KNN  0.019 294 76 AT x5 DEAERSS A A e S b e 4
DT 0. 046 790 86 MLP 0.109 499 68 BB s rand }00,1]Z M A9 BEHLEL .
RF 0.376 652 59 XGBoost 0. 893 820 12 W RIS x BIAS TR R R PP AG A W] T4 B AR
ET 0.075 994 96 || LightGBM  0.301 271 92 B M 5 R LEAE 2,3,4,7,9,11,12,13 Wk b —
SVM 0. 407 055 26 GB 0.259 071 82 ARAE TFAE AT 1.5.6.8,10 F25 A ai ik,
x5 —ABLEER
Table 5 A set of feature selection solutions
At X i, xh x' x's x xis e oxhe  xbae xha oxhe xia
X’ 0 1 1 1 0 0 1 0 1 0 1 1 1
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T VAL PR T i 1A AR 0 LR 6 DE fEfE s
(AL o) e T AR 5 ik A L BEAL T 4R B9 PR RE L [R]
T HASHLAS 2 > B8 Y A TIN5 R 5 0 D TR 1 e

T DAAS H 0 e i 2 o) 2R 10 45 TOUHE AR 2 1 T8 A2 ) 8% L
% 5% RF #27F 2. 66 % , % XGBoost £ 7} 6%, H i B F
HoAb B ML F 5 ik 4,

®x6 DEMRUBAREFEIF[AGMHREI L

Table 6 Performance comparison of different base learner combinations after DE optimization

FF )4 e iR A\ % F1 5%

RF 0.926 7 0.925 9 0.925 6 0.925 2

SVM 0.933 3 0.933 0 0.932 4 0.9319

XGB 0.893 3 0.892 6 0.892 6 0. 890 8
RF+SVM+XGB 0.953 3 0.954 2 0.953 4 0.953 8
AdaBoost+ GNB—+ LightGBM 0.920 0 0.923 8 0.923 8 0.923 8
LR+ KNN+ LightGBM 0.946 7 0. 948 4 0.945 7 0. 946 9
RF+SVM+MLP 0.926 7 0. 926 4 0.925 9 0.925 0

ExX g 0.933 3 0.934 4 0.942 0 0.936 7

i DE fEAC5 ik se Bl o o) a9 RS T AT
TR0 F2 WA L S I 2 A P A S R R IS ) XU 2

g 7 iR . DE Bk B n I F I mAl S e m .
B AHP-Stacking # # 4 F+ 2.67%. & AHC-

IR TE 2 2 8% BB A AU SCHE Stacking A5 R 1Y B AE 7 Metropolis-Stacking ¥ #E T+ 0. 67 %, JiE T DE 53k 76
$ET PEREA 22 RE k17 1 i #5. 0F bE 30k B RE O %k Hh A A%
N T AREL DE ffi 5 3 2% 2] 25 09 L b L U T AHPEY HE ERAE BB R SRR s S
Ml AHC-Metropolis™* Wi Fft & 24 5J 2% 3% 8 77 12 947 % 12 SFEECRET DE BXCH A4k .
x7 ARAEZIR[EAREEEER
Table 7 Comparison of different base learner selection methods

PERETT FeE o) IR G HEBH R S # [ % F1/5%

DE-Stacking RF+SVM+XGB 0.946 7 0.946 0 0.947 8 0.946 5

AHP-Stacking LR+RF+SVM 0.920 0 0.918 4 0.920 5 0.919 2

AHC-Metropolis-Stacking DT+MLP+LR 0.940 0 0.939 5 0.928 8 0.932 5

4.4 Stacking HEBSHIZE

AW 5T kB AMSARO F A1k Stacking Tl 2 45 2 (1)
HMBHL B EE N RN 1 SRR 2, M
{ELER /], 26 7 155 700 1 R R A0 S, B0 A5E 78 B 408 T o4 0 1) %
WL RIS AT U, AN LES 2 T BRI S B0 R
e 8 i,

#8 AMSAROMMUER—#ERMNESHIZE

Table 8 Hyperparameter settings of single models
after AMSARO optimization

BT S BUE
n_estimators 280
RF
max_features 0.14
C 99. 64
kernel Poly
SVM
gamma 1. 442
degree 2
n_estimators 317
XGBoost )
learning_rate 0.182

S} T 8 3F DE-AMSARO-Stacking #5 %1 {4 7 I P4k Ak
5 WOAmM . MSHBA . IGWO.,ARO %7K [f] & =44k 5 1Y
Stacking #R A YEATXF B, BN SR G152 9 Fros 2R 4
Tt AE B R ERG R BR FL A4 4 T O F8 BR PEA A5
RIPERE . LB H Stacking BT Y34 ) 2435 K4 DE Bk
i Y RE.SVM.XGBoost 4 & 5 & [6] Ay 4 1 7 4, ot 2%
AR LR RSB R e — R &

®9 TEMAEERUEEBPTN LR
Table 9 Prediction performance of models optimized
by different algorithms

1A KR HERE HRR F1 MR
DE-WOAmM-Stacking 0.940 0 0.939 6 0.939 1 0.938 9
DE-MSHBA-Stacking 0.946 7 0.946 9 0.946 9 0. 946 9
DE-IGWO-Stacking 0.926 7 0.928 5 0.933 5 0.929 6
DE-ARO-Stacking  0.933 3 0.938 2 0.942 1 0.939 3
DE-AMSARO-Stacking 0.973 3 0.972 6 0.974 7 0.973 4

M4 TR BRI 45 A R E , AMSARO X Stacking
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BT 1 8 S B AR B A, FLA AL ) (9 A 0 A B A TP Al
febr b E e T HAME L, HS IGWO M ae 25 1
it 4% I T AMSARO 78 & & 48 2 508 0 38 2 b B i
L AMSARO #E47T S 80816, 48 & T Stacking
BT (1 1 B
4.5 HEXR

BT DE %A SCEA 3 #3ThRe . 40y B2 o) 25 3%
PR CRRAE R X UT Tk FE 4 3T B8 O 25 AT AL, R T
IRE A8 4 D) RE R AE F RN, B TE T 4n 38 10 B 7w 1 7 il
STy .3 ANIREA BIAE S ALVB.C, MO 23Rl Stacking,
oM RE R T A AR P IR, BB ALBLC X 3 ANThRERY N
WS RE SR TR B AL SR, ML, M2 M3 W] LI ok 43 B 88—
Thfe g, b B A JERl Y 25, A 1 —E SR T C,
Heyp—fEME 3 A oA A+ B A4L A U fig &
A+CIBEM Y. 5 B+C MHELEA L miF i im A ABC
RTA BRI . A KRE .3 A IIRE M E T
K A>C>B, Hek o 2535 B AU AT 45 582 32 TR AL
FE 1 G B, RRAE 38 8 1) B 0 VR PR AR VP 4555 . (B AC LG R
e STE

F10 HETK
Table 10 Ablation experiment
Y Bie MR RR HJER F1 4
Mo Stacking 0.9000 0.9170 0.9107 0.9051
M1  A-Stacking 0.946 7 0.946 0 0.947 8 0.946 5
M2  B-Stacking 0.9133 0.9198 0.9180 0.917 2
M3  C-Stacking 0.9400 0.936 8 0.937 6 0.937 2
M4 AB-Stacking 0.9533 0.9542 0.9534 0.9538
M5 BC-Stacking 0.946 7 0.948 6 0.951 7 0.949 9
M6 AC-Stacking 0.953 3 0.957 4 0.958 0 0.957 2
M7 ABC-Stacking 0.960 0 0.9626 0.9595 0.9609

¢ Ja I FS-WOA-Stacking &% % | XGBoost-GR-Stacking
RIS EAT X LY, ANER 11 7R, A% SC T AL 4SS 10 40 #4 L 4
B R = F PRI AR, M) XGBoost-GR-Stacking
SRR IUAE 55 , AELATH SR 58 T8 47 b Wk 2 4 AT 55

F11 HAERITLE
Comparison of other models
gl HEHR KR FHEE F1 4
FS-WOA-Stacking ~ 0.965 2 0.963 3 0.964 5 0.962 6
XGBoost-GR-Stacking 0. 942 9 0. 944 3 0. 944 3 0. 944 3
DE-AMSARO-Stacking 0.973 3 0.972 6 0.974 7 0.973 4

Table 11

wn

& it

N RAL G Stacking 585U 75 555 FC 7 5 i) B op A
oF > Ar R U TUAR L 2 B0 1 28R AR G TR AR SR

. 32 .

it DE-AMSARO-Stacking Tl % #8 80, #4 45 i@ 10 F . 8
P B HE T 13 R HLAR - > B R Y i 2 b, 28 BRI 2R
WIS AR B R R s R I B SR RN H
fr. ok M DE 59 3% 3 &5 0 46 B, G 28t RF. SVM,
XGBoost N fliHE 2 > 4% 4 45 . OF [7) 42 56 R ik 16 4% . A1
B TURAE B N TR 85 F WM FOR R I w5 A%
YOI 5 £ R g H & N E B LT B AMSARO 8% 18
8 A~ M I 2t bR 0, O SIORS L B SRR g AL T
ARO J A i 559, 6 L T Stacking #4782 4l
b BRI UERR R AE R A R F1 43505 53k 0,973 3,
0.972 6.0.974 7.0.973 4,% DE-IGWO-Stacking %%} k.
BEALEE Th o 206 5 12 B8 AU 55 B 3 58 o T 4k 1 Ay
BT W RO R B AR EL N AN (R A B O
LB TR BT IR 22 A2 TF R AR A S s AT ) B F R SO
5% 3k
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