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Fault diagnosis of shearer cutting unit gearbox based on improved cascaded broad learning
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(1. School of Mechanical and Electrical Engineering, China University of Mining and Technology, Xuzhou 221116,
China; 2. National Key Laboratory of Intelligent Mining Equipment Technology, Xuzhou 221116, China)

Abstract: The vibration monitoring data of the shearer cutting unit gearbox has a complex structure and is
prone to class imbalance issues, leading to frequent false positives in traditional machine learning-based fault
diagnosis methods. Meanwhile, deep learning-based approaches often suffer from complex model structures, low
learning efficiency, and susceptibility to local optima, negatively impacting diagnostic performance. To address
these issues, a fault diagnosis method was proposed for the shearer cutting unit gearbox based on improved
cascaded broad learning (ICBL). A random hypergraph convolution mechanism was introduced into the feature
nodes of the ICBL model to fully exploit the complex multivariate structural information in the vibration data of
the shearer cutting unit gearbox, thereby enhancing the representation of fault features. Additionally, a class-
specific weight allocation strategy was adopted to assign higher weights to minority class samples based on the
class distribution of the input data, improving fault diagnosis performance under imbalanced data conditions. The
effectiveness of the ICBL-based fault diagnosis method was validated using a shearer cutting unit gearbox fault

simulation test platform. Experimental results demonstrated that the proposed method effectively enhanced the
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discriminability of fault features, achieving a diagnostic accuracy of 94.52% when the data imbalance ratio was

15, with a fault recognition time of 0.284 ms per sample. The method outperformed cascaded broad learning

systems, weighted broad learning systems, multi-scale convolutional neural networks, hypergraph neural

networks, and multi-resolution hypergraph convolutional networks, demonstrating significant engineering

application value.

Key words: shearer cutting unit; gearbox; fault diagnosis; cascaded broad learning; random hypergraph

convolution; class-specific weight
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Fig. 7 Results of 10 trials for each model on the dataset DA
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Table 3  Statistical results of 10 trials for each model on
the dataset DA

R FEPREE% PREZE%  PIUNZRIEs P2 W]/

CBLS 94.34 1.17 2.42 0.105
WBLS 92.19 1.68 3.51 0.123
MCNN 96.42 2.05 67.56 0.278
HGNN 98.04 0.71 90.57 0.319
MHNN 98.12 0.97 81.46 0.461
ICBL 99.54 0.28 4.72 0.142

TE Y 46 DA PRI AR LA 0, 2, 4, 6,
8 dB {14 = 07 1 MRS, LASGIE TCBL A5 7 () e 75 45
Yo AR ER2 WO B L3 4. TR AN
MR SR BT, ICBL A2 (4 i e 12 Woks B2 2 0 T HoAte
PR (EARFE R, 7R 0 0 i, HA ICBL A
PUR) B2 RS BB L T 90%, G55 92.69%. L5
SRR ICBL BB BAT R4 A s 5 1k
F4 R[RINGEATR T A AR RIS WS
Table 4 Fault diagnosis accuracy of each model under

different noise intensity %

N [P R LT I AL T

o
2dB 4dB 6dB 8 dB

CBLS 81.06 86.64 89.46 93.88 95.14

WBLS 81.69 84.27 91.17 93.91 94.01
MCNN 84.79 89.51 91.13 91.80 93.30
HGNN 85.95 85.12 89.00 91.45 95.58
MHNN 88.09 91.37 90.00 91.97 94.70
ICBL 92.69 94.00 94.35 94.60 97.37

K H %45 % DB—DF 5 iiF ICBL 52 U X} AN - i
B P 1 R 2 WM RE L R TR A AR 7E 08 4 DB—
DF [ (% 5B i2 Wikg B W26 5. v & ) ICBL 78 £
£& DB—DF I ) 8 [ 12 Wi K B2 43 51 3k 3] 98.53%,
96.42%, 96.09%, 94.89%, 94.52%, 1E 4K Hi4E I 4w
T A AR Bt RO AN A B 3, AR AT
HAbAR Y, ICBL B R A4 P RE A S50 Jin o o X 2 PR
h ICBL A5 76 SR FH 28 R 57 1 AL 4 i 5 s o B8
FEAR 43 e 5K BB, RE0% A7 R T3 AS - i S
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Table 5 Fault diagnosis accuracy of different models on

the datasets DB-DF %
ANFEAEAE LA RIS RS e
AT
DB DC DD DE DF

CBLS 93.66 91.97 91.34 89.81 86.17
WBLS 92.23 92.77 91.92 93.02 89.59
MCNN 94.30 94.43 91.18 85.35 82.59
HGNN 95.85 93.05 90.55 87.11 86.12
MHNN 96.88 94.74 91.09 86.80 81.52
ICBL 98.53 96.42 96.09 94.89 94.52
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Fig. 8 G-mean of different models on the datasets DB-DF
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Fig. 9 Fl-score of different models on the datasets DB-DF
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Table 6 Results of ablation experiments on
the datasets DA-DF %

AR L RS MRS B
DA DB DC DD DE DF

Tl

CBLS 94.34 93.66 91.97 91.34 89.81 86.17

ICBL1 96.47 96.35 94.62 95.62 93.16 93.29

ICBL2 97.48 96.24 94.52 93.00 91.12 89.76

ICBL 99.54 98.53 96.42 96.09 94.89 94.52
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Fig. 10 Feature visualization of the ICBL1 and the ICBL model
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