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Fault diagnosis of small sample bearings based on fuzzy clustering and
improved Densenet network
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Abstract; In practice, the scarcity of failure data for bearings makes it challenging to meet the extensive training
requirements of deep learning models. This paper leverages the fine-grained feature extraction capabilities of
Convolutional Neural Networks and the classification ability of fuzzy clustering without the need for training,
proposing a small-sample bearing fault diagnosis method based on fuzzy clustering and an improved Densenet
network. Initially, the pretrained Densenet network is modified by removing the classification layer and retaining
only the feature extraction layers, and designing an Adaptive Global Average Pooling ( GAP) layer to replace the
Fully Connected (FC) layer. Subsequently, fuzzy clustering is utilized instead of the Densenet network’s softmax
classification layer, eliminating the need for training to achieve classification. Experimental results demonstrate that
by training the GAP layer parameters with small-sample data, the model significantly reduces the requirement for
training samples. During diagnosis, bearing time-domain images are input into the network, outputting 1 920
feature data at the GAP layer. Feature vectors matrices are constructed from the feature data of different fault states.
Fuzzy similarity matrices and fuzzy equivalence matrices are obtained using fuzzy clustering methods. As the
confidence factor changes from high to low, dynamic clustering diagrams are derived from the corresponding
Boolean matrices, thereby achieving bearing fault classification.
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Fig.2 Schematic diagram of fine-tuning transfer learning
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Tab.2 Standard database characteristics
P4 e FRAIE 1 FEAE 2 FRAE 3 FHAE 4 FRAE 1917 RAE 1918 RAE 1919 FFHE 1920
fo -1.811 -9.875 -1.253 -0.001 0.532 9.266 1.822 -1.161
h -1.835 -2.027 1.122 -0.001 -0.049 -0.398 -0.175 -0.664
b -2.240 -9.875 -1.253 0.001 -0.512 -0.293 -0.255 -0.100
fs -2.266 0.001 9.764 6. 809 0.086 -0.087 1.179 0.194
" -1.937 -1.710 5.369 0.002 -0.221 -0.018 -0.551 0.253
fs -1.583 -2.279 2.649 0.001 0.262 -0.247 -0.277 -0.441
fs -3.108 3.574 1.193 5.129 0.445 -0.696 -1.491 -0.297
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Tab.3  Characteristics of samples to be tested

R FEA FEAE 1 FEAE 2 FEAE 3 HEAE 4 FFIE 1917 FEAE 1918 FRAE 1919 FEAE 1920
dy ~2.463 -2.507 8.235 -0.002 0.432 0.888 1.110 ~0.764
d -2.565 -4.624 1.108 6.524 0.750 -0.332 1.142 -0.340
d, -2.188 -4.045 ~6.466 0.001 -0.178 -0.063 -0.031 -0.261
d, -2.609 9.920 0.001 0.001 -0.234 0.423 0.563 0.649
dy -1.824 0.001 1.447 7.671 0.273 -0.090 -0.091 1.111
ds -1.776 -5.498 8.250 8.706 1.216 -0.508 -0.387 —0.436
dy -3.245 8.929 7.922 0.001 0.521 -0.508 0.491 -0.112
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0.0821 0.4800 0.5065 0.609 1 0.554 0 0 0.8603 0.6421
x= 0.4704 0.2630 0.894 8 0 0.546 6 1 0.6999 0.1747
0.4093 0.5175 0.4763 0.5201 0.7303 0.2298 0.7133 0.3614
0.6362 0.4969 0.0842 0.8864 0.1929 0.3966 0.2189 0.6261
0.3826 0.7065 1 0.725 5 0.1609 0.706 8 0.469 6 0.796 5
0.8551 0.7542 0.4487 0.6653 0.4543 0.3826 0.1936 1
0.8837 0.1562 0.8956 0.6882 --- 1 0.1185 0.0689 0.3189
0 0.6711 0.484 4 0.7838 --- 0.5981 0.1185 0.2529 0.461 6.
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Dynamic clustering for the same model and working

Fig. 7

conditions
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Tab.4 Fault classification accuracy of small sample transfer learning

AFPRZ TS WA 2/ %

B TR/ %
fo 5 £ fs fi 2 fo
TL-DenseNet 93.33 80.00 73.33 66.67 86.67 80.00 73.33 79.04
TL-DenseNet-GAP-FCM 100 93.33 100 100 100 100 100 99.05

x5 ETHAMBHAHEESLXEBRLR
Tab.5 Comparison of classification accuracy based on western

Reserve bearing data set

i A g
R
RBF-SVM %] 280 — 97.26
CNN-SVM!'®] 500 140 97.52
SAJEIAER (CART) 12 280 — 93.56
ANN{20] 480 1 000 96.53 ~100
CNN!2J 3 030 — 99.8 ~ 100
TL-DenseNet-GAP-FCM 140 100 99.05
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Fig. 8 Cross-working dynamic clustering diagram of the same

model
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Fig.9 XJTU-SY bearing fault diagnosis cluster diagram

®6 XJTU-SY TR 2 BN A
Tab.6 Data introduction of XJTU-SY working conditions 2

BiRE  HEABC EABUESM/h A/ min BRAE

Bearing2_1 491 6.786 ~11.726 491 M
Bearin®2 2 161 6.786 ~11.726 161 HhE
Bearin®2 3 533 6.786 ~11.726 533 152
Bearin2_4 42 6.786 ~11.726 42 Pl
Bearin®2 5 339  6.786 ~11.726 339 HhE
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