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Fig. 1 Health condition monitoring framework of anchor digging machines
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Fig. 2 General architecture of the SDAE-DT Net model
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Tab.1 Expressions for time—domain features

HHE FikA A ik
Hfiix X130, LR So= | Sy
n'v=i \/ n'—173
W 5 p= 3l JORURIELX, =03 ]y
v=1 i=1
WX, X, _p=max(x,)-min(x, ) Yt 41| X | 1%|=L S|
nv=1
R X, X, :max(‘xv‘) F/MEX Xmmfmin(|xv|)
ot 2<x -X?) BRI, Y= L322
n'—1y3 \/n'v:J
Wi, pi= 3 Xy /Kp s, Pi= (3 () -p1)) /Kp— )
[ & K, & L0
SRR p, pa= [ 1 )X (ky ) / O Xk,) TS p, /vétz(kZlf(kp )X (k) / (kEIX(kp )
\ =t k=1 0= 0=
R, x,(v=12, . n',n WFEARTF I L) yfih FkF
Bl fE 5 A =1,2,- o B (= L
E‘T)ﬁ%@{n‘?ﬁﬁj ,X(kp)(kp 1,2: L]ip’Kp j‘]%\ja 1n EMAE: ; z ya v, (22)
SRKEE) WA FFT 245 W 4R 3 5 -5 i 55 3 6 i a=1
k) S5 ey A1 5 52 (L T KB A4 B 25 _ [ Z o) )
[ RUL , 75 35 8 il 7R I 26 b7 25 L, b 2 19 3 90 )y c
W : .
g T Eyiape= P 2 Ja"ta (24)
L= * x100% (21) a=1l Va
R m
S T, 8 a AR LTI, T, WIFRAIEA o 20 e
A A TN 8] o S S K S I 14 s ASUERR A z(y X

15 B BUEE &l SDAE-DT Net # % iy 4 A, 47 RUL
T YN i R b, R 2 B AR 1) 80% 1 MU ZRAE TN
IO UEAE , TR 118 20% D) it

VEREI )7 HR2E (RMSE , iC K Eqyge ) VE N TIN5
IR REL, FEAE I Grad A i A RIL ) 5 1 A5 3 0
A FYIZRET [R] K o 43 3103 F 44 6% 22 (MAE, i2
H Eyag) « R GE BB (RY) L 3 4 3 1 43 b iR 22
(MAPE, it} Eygape)  Exuasi TE B ELEA 4550, 5

K(22)~(25) 91, y, 3, Fly 73 A A FE AR 2 Y L SAE
FIME A, m AR EEREAA L
132 ZHBEREREH,H
1) RGBSR ) e

R T IR AR S E A T3 2% AR 78 0 25 2R
FIRZ I , 15 B SEINT H PSO B AL (GA) R R
B (SSA) a5 1 (WOA) AL BUR . & 9y 4 52



%5414

W R, 55 BE TR > YRR AL 3 2 al MEAR g PR 285 e 75 vk 333

BT H , PR R B 300 R 20 F130, 25 K35 0 11
VR EsF TE0) 7 10 0% e A0S 5 14 7 0 Sl A B, 4 SRy L
R 0] B A 28 (R B A o 2 2T AL 3 %6 4% Adam,
PO PREGERE ReL U, 22 2] %254 0.00 1 FREAL AL S EG1E
B R ¢ 2R AR IR BL[100, 400]. Ffith e 5 A o 2 5
[3, 6] VIZRFEAEL[50, 300] ., B # 22 04K[100, 2001,
LEE 5 R R AS A B 2, PSO S E8 B MK A -
WIUAAL 57 B AR S 58 2 25 0] N 3 ST BEAIL 53 A7 LA
W o5 B X 24 ST R e e, 390 2, DISEIBAS
PRI FEAEIME B RZ I s W) LA FIRERUS b 52 M1 2211
SR B R A TS 4 R S R I R A T, R
TEPI A A et , (o Sh A RS , b AN AT IR 53K
[10, 50]F1[0.4, 0.9]. 4 T %Kik PSO Z:%kix & 1) & 3,
Xt b AL B AR T RAUE AT, a5 R U 7 s

0.24
Pu
022F © e e
e-. s i
R 4 .“‘--‘a-_
020} 4 me---Do A0 "%
S et
2018} Af e B
= ~ K3
& * g e
016f T~ -o- =10
-o-/=20
0.14} - - =30
—%— =40
012} == =50

0.4 0.5 0.6 5 0.7 0.8 0.9

7 RYESR

Fig. 7 Sensitivity analysis
B 7 B9 45 R , A RE RS D 40 BRI 7O
0.5 I5F, PSO A RE fre o AN [R] 7 i A 5 A 2 280
2 TR o B SLHG B PEAN 5 R KR S UL B Y12

i, 4523 R
R2 FUNEEITEM AR

Tab.2 Evaluation index of the model
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Tab. 4 Evaluation index of the model
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Fig. 11 Main structure of MB670 anchor digging machines
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Fig. 13 3D visualization health monitoring system of anchor digging machines
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Deep Learning Based 3D Visualization Health Condition Monitoring Method for Anchor Digging Machines
YANG Xueqi'”, GAO Xingin'", ZHENG Haiyang', YANG Jun’
(1.School of Mechanical and Precision Instrument Engineering, Xi’an University of Technology, Xi’an 710048, China;
2.Business-intelligence of Oriental Nations Corporation Limited, Beijing 100025, China)

Abstract:

Objective In coal mining, anchor digging machines operate under harsh and complex conditions. They are subjected to high-intensity loads, re-
sulting in frequent failures, and the challenge of effective health management becomes increasingly prominent. Therefore, it is crucial to monitor
the operational status of anchor digging machines and ensure their reliable performance. This study integrates deep learning and 3D visualization
technology, designs a comprehensive health monitoring system framework, and proposes a health monitoring method for anchor digging
machines.

Methods Based on deep learning, a data-driven remaining useful life (RUL) prediction method was proposed for key components of anchor dig-
ging machines. A dual time-length transformer (DT) RUL prediction model incorporating a stacked denoising autoencoder (SDAE) was con-
structed (SDAE—DT Net), and particle swarm optimization (PSO) was used for model hyperparameter optimization. The model possessed the
structure of dual time-length encoding, which meant that the features of long-time sequences were retained and allowed efficient processing of
tightly connected short-time series data. SDAE improved the model, which accurately predicted the RUL in the presence of significant noise inter-
ference in the dataset. Experimental validation was conducted using the actual production dataset sourced from the coal mine and the Intelligent
Maintenance System (IMS) dataset. The results showed that the SDAE—DT Net model achieved the highest accuracy and the best prediction per-
formance. On this basis, a 3D visualization health condition monitoring method of the anchor digging machine with data interaction was pro-
posed. The 3D model of the anchor digging machine and the coal mining geological model were constructed using 3D visualization modeling
technology. Finally, combined with examples, the 3D visualization health condition monitoring system of the anchor digging machine was devel-
oped, which realized the data mapping between the integrated coal mining working face and the 3D visualization model and verified the correct-
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ness and feasibility of the method proposed in this study.

Results and Discussions For the performance validation experiments of the SDAE—DT Net model, the sensitivity analysis experiments for PSO
hyperparameter optimization showed that the best results were achieved when the population size and inertia factor were 40 and 0.5, respectively.
The optimal hyperparameters were: the number of iterations was 239, the number of coder/decoder layers was [4,4], the number of training
samples was 153, and the number of hidden neurons was 107. At this point, the PSO—SDAE—DT Net model reached the optimal value of each
evaluation index in the training set as 0.157, 0.899, 0.192, and 0.087. The ablation experiments explored the effects of the improvements on the
model through DT and SDAE. The results showed that the SDAE—DT Net model was significantly more stable during the training process than
the other three experimental sets due to its ability to capture deep features and suppress noise, with a loss of 0.087. Comparison experiments of
the prediction results with commonly used models, such as BIGRU, LSTM, and BiLSTM, similarly demonstrated the superiority of the proposed
method. Compared with multiple existing methods, experiments were conducted using the IMS dataset. The results showed that the SDAE—-DT
Net model has an RMSE value of 0.056 and the best prediction error of 48.36 min, which was the best performance among the models compared.
The prediction time of the proposed model was 32 seconds, which was greater than the SVM model's 28 seconds, but the RMSE value was less
than 1.214, so both models have their advantages. As a result, the proposed model has the smallest prediction error and higher prediction accu-
racy. The developed three-dimensional visualization health monitoring system of the anchor digging machine can display real-time environmental
data and the operating status of the digging work. In actual production, the real-time monitoring operation status of the anchor digging machine
was selected from the system at a specific moment, and the normal value of the operation indices was compared to the actual value. The results
showed that all indicators were within the normal range. The vibration signals of the cut-off boom bearing were collected online for prediction to
verify the real-time RUL prediction effect of the SDAE—DT Net model. The results showed that the RMSE value during real-time prediction was
0.098, and the time required was 36 seconds. The predicted RUL value of the 85th sample was 917 min, and the true value was 1 009 min, with a
prediction error of 2.94%. The experimental results were close to the results of the historical data.

Conclusions The designed health condition monitoring framework for anchor digging machines is capable of real-time and accurate monitoring.
The constructed SDAE—-DT Net model effectively integrates features from sequences of varying time lengths within the data, enhancing the RUL
prediction accuracy even under noise interference. Utilizing cloud data storage and processing, the developed three-dimensional visualized health
condition monitoring system for anchor digging machines enables data interaction and real-time monitoring. The proposed method supports the
monitoring of operating status and coal mining anomalies and can serve as a theoretical basis for the efficient operation and maintenance of coal
mining equipment.

Key words: anchor digging machines; 3D visualization; health condition monitoring; remaining useful life prediction; Transformer model
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