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Abstract: In order to effectively predict hydraulic support loads and evaluate the operational status of
supports, a hydraulic support load prediction model based on MTAM-LSTM was proposed. The CEEMDAN
algorithm was employed to decompose the load data of supports and extract intrinsic mode functions.
Redundant components in the intrinsic mode functions were eliminated according to K-L divergence
criterion, thereby forming the input sequence for load prediction. An MTAM was constructed to capture the

variation characteristics of hydraulic support loads. Static attention generated attention weights for feature
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information of data, while dynamic attention optimized the focus on different sequence features. Residual

learning was introduced to maintain the integrity of feature signals. LSTM networks were then utilized to

establish deep dependencies between feature information and hydraulic support loads, enabling advanced

prediction of support load data. Field data from the 402102 working face of a rockburst-prone coal mine in

Shaanxi were used for empirical validation. RMSE, R*>, and MAE were used as evaluation metrics for
comparison among different models. The results show that the RMSE and MAE of the MTAM-LSTM model
are significantly lower than those of the comparison models, with RMSE reduced by 0. 16-0. 45 and MAE

reduced by 0. 16-0. 45, while the coefficient of determination R” reaches 0. 91 under different scenarios,

thereby validating the prediction accuracy and generalization capability of MTAM-LSTM model.
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Fig.1 Load prediction framework of hydraulic support
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Table 1 Normalised value of K-L scatter between the

original data and IMF

IMF 43 & K-L 4 IMF /3 & K-L &
IMF 1 0.018 IMF 7 0. 269
IMF 2 0.028 IMF 8 0.312
IMF 3 0. 009 IMF 9 0. 459
IMF 4 0 IMF 10 1
IMF 5 0. 030 IMF 11 0. 758
IMF 6 0.071 — —
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Table 2 MTAM-LSTM network parameter settings

i WAJBIR LR IR IR IR
Input Layer (None, 12, 6) — 12 (None, 12, 6)
ConvlD (None, 12, 6) 1 16 (None, 12, 16)
ConvlD (None, 12, 6) 3 16 (None, 12, 16)
ConvlD (None, 12, 6) 5 16 (None, 12, 16)
Concatenate (None, 12, 6) — 48 (None, 12, 48)
TCN+TAM (None, 12, 43) 3 48 (None, 12, 24)
BatchNormalization (None, 12, 24) — 48 (None, 12, 24)
TCN+TAM (None, 12, 24) 3 48 (None, 12, 12)

LSTM (None, 12, 12) — 32 (None, 32)

Dense (None, 32) — 5 (None, 5)
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Table 3 Comparison results of parameter combinations

JEni; g?‘;z RMSE R? MAE T/s
A 16 3.28 0.76 2.46 0.41
B 32 2.48 0. 86 1.77 0.44
C 64 2. 66 0.84 2.05 0.46
D 128 2.94 0.81 2.03 0.49

Mt F AR REL W S AR A AT 4 T I B A
g 12 (WA B R/ n) . MTAM-LSTM 8143 513647
8 YA [ LI 25 55T 1) S 2 48 A Y00 G &1 6 JF 7
TN EON 1 38N 5 i AR RSB AS O
FH TR AL B A AU Ak 5 h N I 2R far A2 4L
B 25 00 A5 B0 — 25 1, S SO AL PR R A A
TN M R R R AR R R, D B
A S R Ay T ABS A (%) T AL A e S S (Mg s
Km),

4 B MTAM-LSTM A5 & 7t ) 4 B, & HL
402102 TAEI 4 5% He S 3R 300 508, AN [R) A
RIXF L g, & 7 fros, AIEl 7a AT LLE



%311 IRASEE LT MTAM-LSTM f#4 SR I T AE 11 S 28 48wy 00 7 vk - 149 -
34r 4100 122 4
RMSE 1098 120 £
32+t R S 30la.
30 —— MAE 1096 118 = 1
T {094 116 g e
i S NI
0.90 = omiL 1111
26} 1Y 112 | 1 | / |
1088 0 200 400 600 800 1000 1090
241 110 i/
22 1086 108 (a) MTAM-LSTM
“r 10.84
T S ] 45 ;
0 1 2 3 4 5 6 71 8 9 06 40 —— B ——LSTM _
TR B 30 AEVTIC R . N

B 6 AR D HIT BTN EIR
Fig. 6 Evaluation metrics for different

prediction steps

MTAM-LSTM A5 114 it 0] % s 5 552 I 5 4l o5 oA 42
AT, REVHEG b 500 S 2R A fer S AE UL, & Th AN
l 7c "1, LSTM Fil BP 1 28 25 AU XT 4 5 57 438 for
B SR I G 1 T R, 7E 60,100 5 9E S48 1
TINAE 5 B 52 A7 AE 5 K 1Y i 22, 38 B MTAM-
LSTM # A BA 47 kR e

5 o 7 ABE AU 5% 24 % L &5 R UL R 4, MTAM-
LSTM X}l J& CEEMDAN £3 [1) MTAM-LSTM LA K&
VMD-MTAM-LSTM % T~ CEEMDAN 755 8 47 2%
RBETR RS20, g 4T T IO B SRR
T VMD, CEEMDAN B 58 A 250 07 % JE - £ 2%,
T EIE B TCAY 0. MTAM-LSTM A5 Y i) 3 1) 55 S
Po T H A2 Fp 5, HAE AR SO F ) MAE [b

SCHEAH/MPa
[\o3

600
i [E)/h
(b)LSTM

400

£ 1 %i
= i
& Y
B
™
200 600 800 10001090
it 8] /h
(c) BP

E7 402102 T{EHE 4 SKESZ 22N L%
Fig.7 Prediction curve of hydraulic support in
402102 working face

LSTM 57143 5545 0. 31 1. 29 F1 0. 33; Lt BP il

AARIREAG 0. 13 1. 83 Fi1 0. 96 ; [, H A B 5 ) R
{8, R 7 ik B AL AR RS e 1

T4 402102 TIEEAREZ IR TR EXTEE

Table 4 Comparison of prediction errors under different support data in 402102 working face

ik 4 SRS AR 60 S ST 4R 100 58 £ L 48
RMSE R’ MAE RMSE R’ MAE RMSE R’ MAE
MTAM-LSTM 4.32 0.79 3.14 5.37 0.79 4.01 4.38 0.75 3.36
JC CEEMDAN 4.53 0.73 3.34 6.08 0.71 4.59 4.62 0.72 3.42
VMD-MTAM-LSTM | 4.50 0.71 3.05 6.1 0.74 4.2 4.87 0.70 3.49
LSTM!"] 4.87 0.73 3.45 7.11 0. 64 5.30 4.92 0. 69 3.69
Bp" 4.48 0.77 3.27 7.50 0. 60 5.84 5.56 0. 60 4.32
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Table 5 Model Ablation Comparison Results

i8] R RMSE R? MAE
MCNN-LSTM | MCNN.LSTM | 4.75 | 0.75 | 3.3l
Model_1 TAM 5.41 | 0.67 | 3.94
Model_2 MTAM 4.84 | 0.74 | 3.64
LSTM LSTM 4.87 | 0.73 | 3.45
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Table 6 Comparison of prediction errors under different

support data in 11513 working surface

ik 3 SRR SR 10 S S48
RMSE | R* | MAE | RMSE | R® | MAE
MTAM-LSTM | 1.32 | 0.87 | 0.50 | 2.27 | 0.91| 1.17
LST™M!™ | 2.00 [ 0.70 | 0.79 | 3.14 | 0.82 | 1.42
Bp!! 2,12 | 0.65| 0.94 | 3.56 | 0.67 | 1.91

FET MTAM-LSTM A% R M5 T A ThI S 42 487 T3]
AR AE S B g FH AT o] B T I LA 1Al 22 (DAS [R]
T WD R e B R AR AN G — | 5 350 A\ B
IYHATAEZE S R B ()32 (e MR, @FB ol 4%
AR AT AR 32 IR, 1 OGS AP AE RS | AR
TR Py T A B 1 5 AR 78 I 1k 5 4 T < 2 4 o 28
AL, AR DL AT BEAEAE 1Y [0, 5 SRR TE
22 S ML B 25 BB A R S 5L 3 by - SR AR 4k
FR) ]l 25 A

4 & it

1) i K-L §UEARR%5] CEEMDAN 43 J5
B 73 2 19 59 MH OC 4 1=, B 2 IMF1—IMF6
MTAM-LSTM Il 25 B R AR AS | A Bl T 38 55 A5 2 it
MIPERE

2) FF 402102 KM T AR 4 5 .60 5 F1 100
YR S R 2 e R R AT AR AR I e A5 B AR Y 1Y
RMSE .R* Fil MAE 4354 4.32.0. 79 1 3. 14,5. 37 ,
0.79 F1 4.01,4.38.0.75 Hl 3.36, ¥ iE T MTAM-
LSTM ()0 vy R R g ce 1k

3) 4 Fl A5 AR () T fil X He 45 SR IE B, MCNN
TAM LSTM X 3 B X} $2 T T 4F 1 e S 22 4%
o 0¥ %) R AE R BT TR 4 e B A AR
MTAM-LSTM 7£ 11513 T T 37 22 38 fr £ 98 19 R?
9 0.91,53F T MTAM-LSTM A% (492 1k fE 11 g5
W IR AR

2 % x

(1]
36(4) . 736-745.

BXIE, EEE, BB AXSTIFERER ZNSERBBEDN]. XUSLZETEFR, 2019,

PANG Yihui, WANG Guofa, REN Huaiwei. Multiple influence factor sensitivity analysis on coal wall spalling of workface
with large mining height[ JJ. Journal of Mining & Safety Engineering, 2019, 36(4) . 736-745.

(2]
28(5): 99-104.

2, XE8, RFT, T EFUENBMTROMIRESZRIRETESA]. PELZERZZR, 2018,

WANG Hui, ZHAO Guochao, SONG Yuning, et al. Reliability evaluation method of hydraulic support based on improved



#5330 SRASEE LT MTAM-LSTM 9 5RIE T A [ S A 9500 )7 1% - 151 -

Weibull distribution[ J7]. China Safety Science Journal, 2018, 28(5) . 99-104.

(3] ZR3GE. GZRILFESERICTRRAKBRIMRAEET]. REBIFRA, 2022, 50(J82) . 244-253.
WEI Wenyan. Development status and prospect of intelligent mining technology of longwall mining[ J]. Coal Science and
Technology, 2022, 50(S2) . 244-253.

(4] 2N, WFR, THL ENBELRIIFEEScBSRE-BESXAWR]. ERRZRA, 2015,
43(10) . 12-17.
YANG Ke, LIU Qianhe, LI Zhihua. Study on relationship between overburden strata migration in thick loose strata with
extending upper extraction limit coal mining face and support-surrounding rock[ J]. Coal Science and Technology, 2015,
43(10). 12-17.

(5] X7, NEN, KeX, F TIFEKENBESTBENBELCERAXS XY EMEARN]. 51T0%,
2018, 39(2) . 691-698.
LIU Chang, LIU Zhenghe, ZHANG Junwen, et al. Effect of mining face length on the evolution of spatial structure of
overlying strata and the law of underground pressure in large mining height face[ J]. Rock and Soil Mechanics, 2018,
39(2) . 691-698.

(6] =M, XEW, =g, & ERARBESEFH NREREERGIAXT EOAIUNLI]. ERFR, 2021,
46(3Z 1) . 38-48.
LI Yunpeng, ZHAO Shankun, LI Yang, et al. Prediction on weighting classification of fully-mechanized caving mining
under extremely thick coal seam[ J]. Journal of China Coal Society, 2021, 46(S1). 38-48.

(7] SQXE, 8BY, 6XKZE, F. BT Prophet+ LSTM ERIFVEN H T TIEEY EMNHARLI]. ERRZRA,
2021, 49(7) . 16-23.
ZENG Qingtian, LYU Zhenzhen, SHI Yongkui, et al. Research on prediction of underground coal mining face pressure
based on Prophet+LSTM model[ J]. Coal Science and Technology, 2021, 49(7) . 16-23.

(8] &N, AISX, TR, & REINREREXZREREDRIUSAHRLI]. SONFESTEFR, 2019,
38(9). 1828-1835.
HUO Bingjie, JING Xuedong, YU Bin, et al. A classification forecasting method for the weighting intensity of stopes of
thick coal seams with hard roofs J]. Chinese Journal of Rock Mechanics and Engineering, 2019, 38(9) . 1 828-1 835.

(9] &N, KE=, BEF, F BEFHXSENZEUNGER TFBIRYE BEMSERTINI]. BRFIR,
2022, 47( 10) . 3622-3633.
XU Gang, ZHANG Chunhui, LIN Xingyu, et al. Predicting ground pressure evolution and support crushing of fully
mechanized top coal caving face based on zoning support mechanical model[ J]. Journal of China Coal Society, 2022,
47(10) . 3622-3633.

[10] 2R8I, Liie, BN, F. BEF BP @EMNSH TIFEEIRETNL]. ZERBTAZZR. BRNFR,
2012, 32(1). 59-63.
HE Chaofeng, HUA Xinzhu, YANG Ke, et al. Forecast of periodic weighting in working face based on back-propagation
neural network[ JJ. Journal of Anhui University of Science and Technology : Natural Science, 2012, 32(1). 59-63.

[11] XIAO Yigai, DENG Hongwei, XIE Zhimou, et al. Mine ground pressure monitoring and early warning based on deep
learning data analysis[ J]. Mobile Information Systems, 2022, 2022(1) . DOI. 10. 1155/2022/6255119.

(12] DONG Jianjun, XIE Zhengquan, JIANG Hao, et al. Multiple regression method for working face mining pressure
prediction based on hydraulic support monitoring dataset[ J]. Frontiers in Earth Science, 2023, 11. DOI. 10. 3389/
feart. 2023. 1114033.

[(13] BRE, BER, DEAN, F EFREZINAXS TIFEY EMUDTRERZHKI]. ERFER, 2020,
45(1) . 54-65.
ZHAO Yixin, YANG Zhiliang, MA Binjie, et al. Deep learning prediction and model generalization of ground pressure for
deep longwall face with large mining height[ J]. Journal of China Coal Society, 2020, 45(1) . 54-65.

[14] KR35, P BRFAXSBREIo[1]. BRFIR, 2019, 44(4) ;. 973-984.
QIAN Minggao, XU Jialin. Behaviors of strata movement in coal mining[ J]. Journal of China Coal Society, 2019,
44(4) . 973-984.

(15]) =B, MR, BER, § EFESHBUREZ IR RENSINITALN]. BRFHR, 2024, 49(9)



hoE e B o e $36 %

- 152 - China  Safety Science Journal 20264F
3781-3797.
QIN Changkun, ZHAO Wusheng, JIA Haibin, et al. A method for predicting the time series of microseismic events in
coal mines based on modal decomposition and deep learning [ J]. Journal of China Coal Society, 2024, 49(9).
3781-31797.

[16] &hE, £S5, L. EF K-LEEB EMD EROSRATIENRLI]. PESBHLIEFIR, 2012, 32(11) .
112-117, 154.

HAN Zhonghe, ZHU Xiaoxun, LI Wenhua. A false component identification method of EMD based on kullback-leibler
divergence[ J]. Proceedings of the CSEE, 2012, 32(11). 112-117,154.

[17] &0H. EBEIMRPET RFID (VDRBAKERAHARLD]. 0. DRZEKZ, 2019.

ZHAO Run. Boosting RFID based passive sensing in smart environment D]. Shanghai: Shanghai Jiaotong University,
2019.

(18] GAO Tianyu, LI Zhanli, LI Hongan. A prediction network for hydraulic support pressure based on multitimescale feature
extraction[ J]. Mathematical Problems in Engineering, 2022, 2022(1) . DOI. 10. 1155/2022/8526744.

[19] GAO Yifei, ZHANG Xiaohang, LI Zhengren, et al. An attention-based spatio-temporal model for methane concentration
forecasting in coal mine[ J]. Neural Processing Letters, 2023, 55(4) . 4777-4798.

[20] HAN Shuzhen, SUN Shengke, ZHAO Zhanshan, et al. Deep residual multiscale convolutional neural network with
attention mechanism for bearing fault diagnosis under strong noise environment[ J]. IEEE Sensors Journal , 2024, 24(6) .
9073-9 081.

[21] F4F/, AR, BEO, F AMAZAEEH LIEFBIRcBESEREMDII]. PEIWAZFR,
2017, 46(3) . 507-513.

WANG Hongwei, WU Yongping, XIE Panshi, et al. Research on strata movement and support stability of fully
mechanized sublevel caving workface with variable angle in steeply dipping seam[ J]. Journal of China University of
Mining & Technology, 2017, 46(3) . 507-513.

[22] YU Yong, SI Xiaosheng, HU Changhua, et al. A review of recurrent neural networks: LSTM cells and network
architectures[ J]. Neural Computation, 2019, 31(7) . 1235-1270.

(23] RRIM, 68, £B8X, F EFERARENERBENBSOSRINRBI[)]. METESTEIRG, 2024,

&R 9T

44(2) . 50-60.
KANG Shuai, LI Zhifu, WANG Zifa, et al. Structural damage identification based on correlation function and CNN[ J].
Earthquake Engineering and Engineering Dynamics, 2024, 44(2). 50-60.

RA S (1995—) B, ZROSE N, WL R, 2205007 10 5 BEa 3l I 0CF T w5

E-mail ; jiezhang617@ 163. com,



