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Abstract: In order to solve the problem of large amount of model parameters and calcula-
tions in the existing fault diagnosis methods based on convolutional neural networks, an im-
proved SqueezeNet model was proposed to be applied to the fault diagnosis of helicopter rolling
bearings. By drawing on the idea of the VGG 16 model based on the classic SqueezeNet, the mod-
el used three sizes of 3 X 3 convolution kernels instead of one size of 7 X 7 convolution kernel,
and realizes the increase of network capacity, enhancement of nonlinearity, reduction of network

parameters amount under the same perceptual field conditions. To further reduce the amount of
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network parameters, the convolutional layer,

pooling layer, Fire module and pooling layer

were alternated to form the model feature extraction layer. While ensuring the feature extraction

capability, the amount of network parameters was further reduced. The model faults diagnosis

experiment was carried out through the bearing data onto the research group. The results showed

that the diagnosis accuracy of the model reached 99. 65% , which was comparable to the tradition-

al convolutional neural network and the classic SqueezeNet model. The calculation amount and

the parameter amount were reduced by about 6 times and 36 times.

Key words: helicopter rolling bearings; convolutional neural network; VGG16 model;

lightweight; SqueezeNet model
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24 AR RN B Eo NN HRZEL Ak R B O PRAL
Convl 25X 25 96 7X7 96 FeRE AL 2X 2 RelL.U
Firel 25X 25 128 (3X3)F(1X1) 16 F1 64 RelLU
Fire2 25X 25 128 (3X3)F(1X1) 16 F1 64 RelLU
Fire3 1212 256 (3X3)F(1X1) 321128 TR AE AL 2< 2 RelL.U
Fired 12X12 256 (3X3)F(1X1) 321128 RelLU
Fireb 12X12 384 (3X3)F(1X1) 48 #1192 Rel.U
Fire6 12Xx12 384 (3X3)F(1X1) 48 F1192 RelLU
Fire7 6X6 512 (3X3)FI(1X1) 64 F1 256 FeREMAL 2X 2 ReLU
Fire8 6X6 512 (3X3)F(1X1) 64 1 256 RelLU
Conv2 6X6 4 (1X1) 4 RelLU
Global-avgpool 1X1 4 £ Jay - YAk 6 X 6

Softmax

HXN*xM

4 |-

( Kerber1=1x1, n=s, J SqueezeHs>

HxNxs,

o

v '

[ Kerber1=1x1, n,=e, j [ Kerber1=3x3, n,=e, J
ExpandiB/>

A 4

HxNxe,

HxNx(e +e,)

K4 Fire fieai#14

Fig.4 Fire module structure diagram
2.1 B A SqueezeNet 4 8 i% it

F 24T ML) SqueezeNet # HY 45 #y S
BOERBRZRH T X THERE LT X 7THH

BRI 14 T Do 2% 1 52 4 B, SR T /N 5 B
RS B B, BE AR TIE 9 46 K5 5 6 A R AR | i i
BRI SRR . 7E VGGI6 BB SR 343 X
3B BAEAREE 7 X 7B BUL, A AR [ B %
PR TE T L R T G A T 4 A i
FKH 3N 3IX3IBHEAAE7TX 76BN A
mr.

1) 3 X 3%&M
) e /N R

2) Wit /NRSFEREEEER AR HH
2 A7 B R/NANAE

3) ZEIXIEMENERMES  BEEH
B S SR, — A KRB U Y 46 BUH
o, B B 2 A4tk

4) ZE3X3BHENEHZE, S HM LT
FRRIAEBEENERZE D SEREMAY
iy AR TR R /INAE A B SR e, 1A 7 X7 45 B
B UZ S HON 49,34 3 X 3ERBE &2
BEAKCH 3X(3X 3 X e X c)=21, MILS 5

At ZHE N E AN S S



1166 it = 3

%37 %

W2y 18145
N, AR SO 7 X T BN 343X 3
4 B, R T FRUZ AR 2 F Fire 5 b 4k

R HE ) SqueezeNet 81 18 3= B F A% B 4%
DGO, S EEOTC T 1 2 OS2
ARV Q] 5 IR BRI SN 3R 3BT .

JZ G A 4 Ay 52 s Y T 32 A TR Y R A R U

B EHZE

BIbE | TR R
O Firefbikk AR
@ Softmax @’ﬁﬁ'cﬂ% e do o 1o

@
<
o
o
©
@
@
@

5 ARSCHGHE R SqueezeNet 15 A 45 4 [&]

Fig.5 Structure diagram of the improved SqueezeNet model in this article
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in this paper
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Table 6 Parameters of CNN model
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Conv2 25X 25 64 3X3 64 R 2} 2 RelL.U
Conv3 1313 128 3% 3 128 R AE AL 2 X 2 Rel.U
Conv4 X7 256 3X3 256 KMk 2 X 2 ReL.U
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FC2 4 1

Softmax 4
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Table 7 Parameters of CNN-KNN model
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Table 8 Average diagnostic accuracy of each model under the small sample data in this paper
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Table 9 Comparison of calculation amount and parameter amount of four network models
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