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Gear box fault diagnosis method based on multi-channel fusion

FENG Zhi-gang, WANG Ying, WANG Yu
(Department of Automation, Shenyang Aerospace University, Shenyang 110136, China)

Abstract: To address the limitations of single—channel vibration signals in comprehensively characterizing
gearbox fault features, this paper proposes a data—level fusion method called MFETDCN is proposed. This
method effectively integrates information from multiple channels to obtain richer features compared to
single vibration signals. The approach begins by applying Principal Component Analysis (PCA) to multi—
channel vibration signals to reduce them into three components. These components are then transformed
into three time-frequency images using Short-Time Fourier Transform (STFT). An improved cosine
similarity measure, based on Hoyer sparsity, is employed to calculate weights by combining sparsity and
similarity metrics. These weights are used to perform weighted fusion of the three time—frequency images,
resulting in a single RGB image, which is then used as input for the diagnostic model. The diagnostic
model combines Deformable Convolution Networks (DCN) with Transformer architectures to extract
features and classify faults. Experimental results on the gearbox data set of Southeast University and the
data set jointly published by Beijing University of Technology and Beijing Jiaotong University confirm the

effectiveness and reliability of the proposed method.
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Fig. 2 Transformer structure diagram
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Fig. 6 Comparative effect of different image conversion methods
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Table 2 Comparison of accuracy rates of different

image conversion methods

TH Gray GAF  MTF STFT
bearingset_20_0 82.16 96.16 74.24 100.00
bearingset_30_2 84.22 93.76 84.22 99.92
gearset_20_0 86.18 88.71 82.11 98.27
gearset_30_2 94.91 93.80 79.67 99.65
YIH 86.87 93.11 80.06 99.46
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Table 3 Comparison of time—frequency graphs of three components of different fault types with generated RGB images

T.#% bearingset_30_2 T gearset_30_2

wah ik LIz 51 a4 2y I I3
o B R B = B =
o [ = B
» i BE = =
« Il W = E E
WA E B R T X M. AR ResNet™ | Gray-LeNet-57" | Raw-TICNN"* |

TIE 7 B HE AR R e 45 RN 3% 4 BT o

i I S AT UG B AR STRT #4748
P AN R AR T3 T e R A T OR R
JEMRZ M, R 5RO Ik M MER R 25 5 R K H T
LA, Hoyer B B B Bk (14 4% 5% AR LS 7 1A 44
T A T ke R B, R — AR

Wk F AR WA A S UE T AR ik R
B STET 28 40 L I Hoyer #i i B 24 73F 4y 5% AH
RSl A A E R L A, X eEE R
S3UE B T Z 5 1k B SOvE R I A
3.3 RERFHEEEAMIEIBERSH
3.3.1 SEIGXH

g E— A 6 UE AR R AE i R 12 W T G M g
A s B BT #2 B9 MFTDCN 7 % 5 RGB-

R4 RENETEH ENERE L

Table 4 Comparison of accuracy of different weight

calculation methods

N Kokl HoyerfiBi

T ﬁ?‘ TE e B s

. R AHARLRE PR S AR AR

bearingset_20_ 0 99.42  99.83  99.87 99.38  100.00
bearingset_30_2 99.17  99.63  100.00  99.55 99.92
gearset_20_ 0 94.02 93.94  96.24 95.08 98.28
gearset_30_2 98.89  98.94 99.48 98.86 99.65
BifE 97.88  98.09 98.90 98.22 99.46
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Table 5 Comparison table of fault diagnosis results of different models

T.0 RGB-ResNet Gray-LeNet=5 Raw-TICNN Matrix—-CNN CAM _MCFCNN MFTDCN
bearingset_20 0 99.84 95.12 99.84 99.55 95.11 100.00
bearingset_30_2 99.55 99.28 97.60 99.94 94.89 99.92
gearset_20_0 92.27 89.33 99.05 95.76 98.67 98.27
gearset_30_2 96.32 91.52 99.97 95.23 98.88 99.65
¥ 97.00 93.81 99.12 97.62 96.89 99.46




oL

- 1820 - TR FF

(T % k)

% 56 %

Mgk, s 7. mIE 7R LLE 1, 20t 20 IRk
UG R T 00N By W6 R 3438 BT S5 {l T )
FeP A, JF B &Rl T 00T I 2R 42 19 B R A AR
TE100% . JAEFE gearset 20 0 THL T, Il 254074

1.0

fl
09+ |I|
08} 1
ti
0.7+ ! i
- i
£ o6 It
f il
0.5F
"
04 Il
03} # -=- YL
02p 4 . . . - ’ﬂ“‘ﬁ%
0 20 40 60 80 100
R
(a)bearingset 20 0
1.0 ‘ﬁw‘-w‘_-
! s
09+ f” fl':
0.8 f" "
07} JH
5l I
& 06 |
@ 1
051 41
1]
04r ¢ ‘.T
03F J i - YIgRE
02l _ﬂ_ . . . - iﬂﬂﬁﬁ%
0 20 40 60 80 100
AW

(c)gearset_20_0

3t 4 o ff 23 5 AIK EL Bl  KL (ELBE &  R k B
MR R R E IR TR . X R,
MFTDCN £ B 78 A 5] T80 F 7 6 5 bl 84, I
A p A e B E T %

i
09 1t
Lt
0.8 U
" 07f
& 0.6 i !
@ i
05F 4 I
|
04F 1|
[
03} :' I —o- YIREE
i e S
0_2..&- . . . . iﬁﬂﬁx“%
0 20 40 60 80 100
BB
(b)bearingset 30 2
1.0 F——-—————
09 2
!
0.8} *"_r
L '.
W |
£ 06f
= 051 ?
i
04} j!
03} ‘,! - g
02} d —— AL
0 20 40 60 80 100
ERUE

(d)gearset_30_2

E7 MFTDCNAEETRINGHEFHEH L

Fig.7 Training accuracy curve of MFTDCN method in each condition
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Fig. 8 Confusion matrix under four working conditions
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Table 6 Small sample training accuracy

T 1:9 2:8 3:7 7:3
bearingset_20_0 98.12 99.36 99.59 100.00
bearingset_30_2 97.16 99.27 99.47 99.92
gearset_20_0 90.25  92.96  93.55 98.27
gearset_30_2 94.48 96.58 97.74 99.65
YA 95.00 97.04 97.59 99.46

Fig. 10 Training curve of each condition in small

sample experiment
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Table 7 Accuracy table of merged datasets
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Fig. 11 Training accuracy curve of the merged dataset
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Table 8 Accuracy rate table for generalization ability

experiment
T e/ % T w2/ %
1.20 99.3 1.40 98.5
1.25 99.6 1.45 98.3
1.30 98.6 1.50 98.1
1.35 98.2 1.55 99.6
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Fig. 13 Training curve under condition 1_55 in

generalization experiment
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