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Research on Fault Prediction Method for Mining Excavator Engine Based on GWO-SVM
Zhang Jiajun, Chen Jie, Ma Ming
(School of Mechanical and Electrical Engineering, The City Vocational
College of Jiangsu (Nantong Campus), Nantong, Jiangsu 226001, China)

Abstract: To enhance the accuracy and stability of fault prediction for mining excavator engines under high-intensity and
complex working conditions, a fault prediction model based on the Grey Wolf Optimizer (GWO) optimized Support Vector
Machine (SVM) was constructed. Key operating parameters of the Weichai WP14T mining excavator engine were collected
during real-time operation. Data preprocessing was conducted using outlier detection and elimination as well as data
standardization. Feature selection was performed using the Pearson correlation coefficient method to construct a sample set with
a reasonable structure and complete feature information. The Grey Wolf Optimizer was employed to adaptively and globally
optimize the penalty factor and kernel function parameters of the Support Vector Machine, thereby enhancing the model’s
nonlinear learning and generalization capabilities. Fault prediction experiments were designed, and comparative verification was
carried out under various typical fault conditions. The results show that the GWO-SVM model exhibits higher accuracy and
stronger robustness in multi-class fault prediction. The prediction accuracy on the test set reaches 92.8%, which is 9.9
percentage points higher than that of the traditional SVM, and it maintains stable output under conditions of few-sample
interference and data fluctuation.
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Fig.1 The social hierarchy of grey wolves
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Fig.2 The flowchart of the Grey Wolf Optimizer
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Fig.3 The convergence curves
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Fig.4 Flowchart of the prediction algorithm
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Table 4 Prediction performance of various

models on the test set
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Fig.6 Prediction accuracy under different noise levels
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Fig.7 Prediction accuracy of various models

under different sample ratios
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Table 5 Prediction stability of various models under

5-fold cross-validation

B TSR/ bR/ % Ji%E/ %
GWO-SVM 92.5 1.7 2.8
SVM 87.4 3.0 8.8
PSO-SVM 89.9 2.3 5.5
GA-SVM 90.1 2.3 5.2
ACO-SVM 89.2 2.7 7.1
ALO-SVM 91.1 2.1 4.5
ABC-SVM 90.3 2.2 4.8
BA-SVM 89.7 2.5 6.3
DE-SVM 90.3 2.1 4.6
QEA-SVM 90.9 2.1 4.2

IR EW],GWO-SVM BRI Y 5 P38 LI
TEV- B UERR 85K 92.5 060 AR UHEZE TN 5 2253302 1.7 %
F12.8%0 . ¥ 8 3 A Al 4SS AU, 5 B G AR AN W]
Zr-WEER S RS RN EN 5z ke
L Z T AL 5 SVM R [ fE R AL R 87.4% . 4
WEZE N5 22 H5 1K 3.0 %0 Al 8.8 %% » % BH X B4 &) 43
e BRI 25 R P B K . GA-SVM DE-SVM
Il QEA-SVM S5 41 fb 45 7Y 14 14 B 78 HE 1 % 5 Fa
P BB TR T AR AR A T GWO-SVM KA,
BARKTE ,GWO-SVM #2878 T I 1 4 14 5 — ik
J5 T ¥ S SO A HA R R AR S T TR
Z= 00T 1 & S AL R T30 AT 55

4 Hi

AR SCEE XS WP14AT M9 42 i AL & sh Lk
B 00 n) AL, AS T3 T K R G A S R ) = AL
(GWO-SVM) {8 RE Fl I AR AU, JF R e T M fig
Wt 5 R M B0, AR AR IR A S

(1) BERBM R ST . GWO-SVM £ # 7
FRUED R AE F S T 92.8% R TERH R 91.6 % Y
Fi {0, BEMN TS SVM K Hifl 8 F8 se b 7
B BE T AR AL E L (GWO) JFXF SVM &

BT A RO, B3 5T TR 3 2RV RE .

(2) HUTHRESI A . TEAS [F] 5 8 119 55 30 1 e
K 5 R . GWO-SVM A6 7 14 7 B 5 W i 13
IR/ B R ARG E ME S R L BEAE AT RN X
170 B R N R e i 7

(3) LRSS A - BE Sy 5 . AEREA IR A 1Y
M QEH FEAR S HEAEA L] 5 10 = 1) i 2% 14
TLGWO-SVM 4R 15 86.9 %0 11 &5 v o %, ik & 4R
TR R AR Y, 3R B X D B R R A B A 3
S PN BE T 3 T LSS T A R TR AT 55

(D) BEANZALRE I RUF. 5 s LI UESS R W
R GWO-SVM RSP B i %8 92.5 %0, b i 22
A 1.7 % FEAR R I 2R - Bk 4R 3 43 T L 45 2R A4))
PRAF o — B L B 2007 2 B A B0 Y 2 AL RE
BREE AR 2 2R IR R B T i B
Y 1) AR O S S e AL
£ % 3LHE (References) :

(1]  Zisfe o s b 2, % B R e 2 9e Hlng oF os Sk 5 &

R FLT AU T AR 4, 2020, 56 (13) : 165-178.

Li Yunhua, Fan Rujun, Yang Liman, et al. Research status

and development trend of intelligent excavators[J]. Journal

of Mechanical Engineering,2020,56(13):165-178.
[2]  EHEF KA HZEIE IR b R REH )] 8 KR

B Hi R ,2023,38(5) : 70-73.

Lian Chunping. Current situation and development trend of

intelligence large-scale mining excavators [ J ]. Opencast

Mining Technology,2023,38(5) :70-73.

(3] PhCH#R LT HLAR 2 20 1Y 8 K2 I LK shHLI RE 2 W F 5%

(D1 VG2 . 74 22 g SRR B K% . 2023.

Sun Wenjing. Research on engine fault diagnosis of

excavator in open pit mine based on machine learning[ DJ.

Xi'an: Xi’'an University of Architecture and Technology.
2023.

L4 sl)us BtEas b Sl 55 B TRFE R A 2 20 B &

TPk 24 R G L) ] TR BT £ 4 2022, 29 (5) : 643-650 +
664.
Zhang Xuhui, Ju Jiashan, Yang Wenjuan, et al. Predictive
maintenance system for complex mining equipment based on
digital twin[]J]. Chinese Journal of Engineering Design,
2022,29(5) :643-650+664.

(5]  EInE, wh2e 3, s 4R, 5 B T SR 1) i L5 R AE R 4 1
L UL BT S 4 LA B 12 TR R B S (D). 755 L 254 2024, 60
(2):51-61.

Xia Jiafu, Ye Yijun, Guo Jiajun, et al. Research on
mechanical fault diagnosis technology of DC circuit breaker
based on support vector machine and feature dimension

reduction[ J]. High Voltage Apparatus,2024,60(2):51-61.



KRR EF AT GWO-SVM 895 A IZJ/ALE S I EFAM 7 kA 2 [J].5 LB R 5 FF 4 ,2026,46(7)., 211

B R WY, 4 W0 B4R AL T SR ) i HLTE 1 45 8 e i i 12 1 o
R ST 0. 9 5l B 5 2257, 2017(15) 1 112-113.
Yang Tianming, Jin Li, Huang Jun. Application research of
support vector machine in intelligent fault diagnosis of
equipment [ J ]. Inner Mongolia Science Technology &
Economy,2017(15) :112-113.

JEVEL Bt 52 TR i 28 1) 45 19 42 98 WL & S WL I 3 e 12
Wi D 2 (). AR B S 448 . 2024(5) . 10-12.

Zhou Heng, Zhang Wen. Intelligent fault diagnosis method

S

for excavator engines based on fuzzy neural network[]].
Technology & Maintenance,2024(5) :10-12.

JE £ AR T S, % B F RETL-1DNet #9467 H 4% 4
BLAR shBLECRE 2 8077 7 ) ). A7 6 4 8 (L 43) . 2025, 77
(2):51-58+79.

Gu Qinghua, Yin Luyangzi, Wang Dan, et al. Fault
diagnosis method of mining excavator engines based on
RFTL-1Dnet[ ] ]. Nonferrous Metals ( Mining Section) ,
2025,77(2) :51-58+79.

JBURE AR BT BT IWOA-LightGBM B8 1 5 f %
P8 ALK B AL R 2 W7 B 58 [0 0. 07 Mk §F 58 5 01 &, 2025, 45
(9):184-191.

Gu Qinghua, Bai Shuyu, Wang Dan. Research on fault
diagnosis of mining excavator engine based on IWOA-
LightGBM model[ J]. Mining Research and Development,
2025,45(9) :184-191.

Mirjalili  Seyedali, Mirjalili Seyed Mohammad, Lewis
Andrew. Grey wolf optimizer[J]. Advances in Engineering

Software,2014,69:46-61.

[11] Shen Weijie, Xiao Maohua, Wang Zhenyu, et al. Rolling

bearing fault diagnosis based on support vector machine
optimized by improved grey wolf algorithm[]J]. Sensors.
2023,23(14) :6645.

SRR E g J5 ., 4% T OROR 5 2 fE ik DBN-SVM #y
ARG T7 12: (1], 1 50 R % 4 CH AR BE%), 2025, 61(2)
270-282.

Peng Qingyuan, Wang Xiaofeng, Tang Ao, et al. Intrusion
detection method based on DBN-SVM optimized by grey
wolf algorithm[]J]. Journal of Nanjing University (Natural
Sciences) ,2025,61(2) :270-282.

WA LU BT L B = A5 B TR TR O A S 1] A BL
B G ET R ZS L) ] 0630 5 15 AR L 2025, 49(6) - 80-84.
Chen Jinshan, Wang Xinlan, Chen Duanyun, et al. Power
fiber optic condition monitoring based on grey wolf
algorithm optimized support vector machine [ ]J]. Optical
Communication Technology,2025,49(6) :80-84.

F I B L XA S E T PCC-GWO-SVM R 19 T H
EERHIM]. T RE AR . 2024,58(11) :131-138.

Jiang Minyuan, Luo Min, Liu Hanlin, et al. Tool wear
prediction based on PCC-GWO-SVM algorithm [ J]. Tool
Technology,2024,58(11) :131-138.

BUIRER A ST, SR/NIR 45 T 2 B Ak 2 8 S FF 1] Bl
9 AR Ty AT 5 2 [ 1. R PH BB 2441 . 2024, 45(9) : 394-404,
He Yichen, Shi Changli, Guo Xiaoqgiang, et al. Photovoltaic
power prediction algorithm based on parameter optimization
of multi-kernel SVM[]J]. Acta Energiae Solaris Sinica, 2024,
45(9) :394-404.



