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Application of FCN embedded in NLB module for bearing signal noise reduction
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Abstract: Deep learning has made significant progress in fault diagnosis, but it is mostly an end-to-end intelligent diagnosis with limited
application in signal denoising. This article proposes a denoising method based on fully convolutional network ( FCN). Firstly, the
overall model adopts the encoder decoder architecture, where the encoder part consists of three convolutional layers and the decoder part
consists of four deconvolution layers. Secondly, residual connections were introduced to constrain the learning objectives of the model,
allowing the model to focus more on noise information during propagation. And in order to enhance the feature extraction ability of the
model, non-local blocks (NLB) are introduced in the encoder and decoder. Then, through simulation signal comparison experiments
select the hyperparameters of the network and compare them with current mainstream noise reduction methods to preliminarily verify the
noise reduction effect of the model. Finally, the denoising effect of the proposed method was compared and verified through practical
cases. The results showed that the method proposed in this paper achieved good application effects in both intuitive observation and
denoising performance indicators, and can effectively improve the accuracy of fault diagnosis.
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Fig. 1 Schematic diagram of deconvolution layer operation



5 4 3

# A NLB AL FCN 78515 S [0 o g iy i - 57 -

1.2 Leaky-ReLU & &G %1

J T REBUREE S M AEAS B B BR A T Leaky-
ReLU 1E M s, AR A X 2 iR, Leaky-
ReLU B7% BREUH e T ReLU 34005 o8 B0 AT iy B AR 4T 10
{EAE A 0, T 238 i Ze k43 Of BR AU(E, O HB Y eR G
FEE MG IE S5 FIETE ST 0 45 B 1 i o e I
T AR 25 E AR BN Y X BT I ) 4% 32 2 ) i B bR
J Iy M i i ek 2 380 1) SR 1) T R R R 1 A T R
i AMF S AR, A2 7B R 1E S . I R
(ELAAS R 2 5 A b B, 3™ S ) I 4% 1) o
PERE,

LeakyReLU(x) = max(0,x) + @« X min(0,x) (2)
1.3 NLB R

OB 2P AL P 0 3 A5 5 — BT EL A et 1 o) B 44 R A
M R ) A2 BPBOR , SR D PR B A5 B . X T
GRRIZRUL, 0BG R AR 1 82 B 2 6 R
KN BB T P50 B, TG B I K/INAS R
FRAZ R, A R B0 T G0 SR 224 B T 1 R B A 1 1
BB RERMTEARIEMERZNZ5, SRZ8M
AN N 2358 AL TR AR R RE R B, AR,
IR 4 e 2 2L e A D A FRZ A2 P 3 /N iy Tt {HL
SERTERA R T KIS A ok TR ME, sk
REREAERLLL R G| A2 R A5 B, s Re AR 47 1 fil e 5 B2
JBAZ BPEOINW TR, BBAS M 5 TR )24 R EE EE

NLB Al 68 AR 47 19 i e 45 FHUZ 8% 52 B 28 /IN /Y 1)
AR Y S AR BRI () s Z R R B R , he 2
FIARRIMEE" . NLB A% AR /N,
AT DL I A 48 AN A 8 A 1) 254, Hs B
FRUT .

5, =Wy, +x (3)
1
%-m%ﬂxn%)g(x]) (4)

Hrr ) o FORMARHE , y FoR5im RE, | FoR T
R HR A E RG], j R AT A A5 RY],
S, yx)) Je— A " ICRR AL, RRTTH R R AR 2
(] AR B g(xj) FORXTHTA x AT embedding AR,
C(x) FRH—SEL, BT f(x,,x,) BIBEFEXT R
FOZE SR AN, BT L% £5% F ) Embedded Gaussian 1E
RERLPERE B R A B4 f(x o) B C () BOTTEELS
KA R,

fxm) = e (5)
aw=;ﬂ%w> (6)
Foft, 0(x,) () i g(a) Bl 14 T x

FFI—A 1 % 1 Conv J2, JEJF HBHe4 Ha P 10 2 B,

Horp ¢ ORI L 2R

o) ()

Cx1xL
C/2x1xL

K2 JAERaRasti ik
Fig. 2 Non-local block structure diagram
1.4 #N NLB #RE £ E R E W 2%

%M 45 3R A encoder-decoder 2R 44, {# H = 2 &
FUZ AN JZ 3R R A B g G B 8 , ik s DU 462 ] 10 )2 Je
BRUZH—ZIE Rk, MEE)2 G2 A& B2 5 #
ffi Leaky-ReLLU VE s R, B B T LR IE N 2% i R
LN BE T b R~ BIR Sh A5 = T (E b Bl & A5
B MR R IE 3 s, BRIZMRERZ L
E0F4 G i LAV TR B DIk A G S AV 9N N o N L D
H A B 5N W B2 BURFAE I TR 40 , RIS TR 40 1Y R AR 1R
BR A B RZ I NLB AT Y fi it a8 4 b 905
Xof FE 4 HRFE AT 2 )2 A, IF 30 I i A 5 AH TR
MR . 5 TE St s 1% Hh A5 5 AN LR R 75 (5 2 1)
o T a2 M RN 2% 2 ] W 45 S, i A
JELRA MR P 5 SRS B 1 RN S BAE 5, SEBL T X IR
{55 v 3 v Y M AL 2, LR =X (7) s .

Y denoise = Xigpua + 10ISE (7)

SO, x,,,, FR BTSRRI 05 A5 T
noise %715 17 Zt 15 AL ZRAL) 19 28 1) i 1 15 5, 3R M 2%
S B AR S P A5 R, SR 5 R T AR B A5 31 1 R
WS 155

WA, P> NLB BEH 3] ik A 3 199 2% 1) S B 358 43 A
SRRy o TEFEHUAR S 15 5 — R B A 5o 1) J] S 44
FRHOCTE, A NLB B85 AT L3S K 0 2% (19 8% 32 7 4l 4R
PP AR R Y i Z [ B £ B &R, R TR E 51 A4
SRR B o TEAS & A T 1A 0 e B 45 14 25 SR 2T, SRR AE
RO A R 2R RIIE R NLB B aT LR
S A PRI S {5 B (H 2 BT 5 A S TR ARG T A SRk
NLB B ICTE Zht ith i R A 1) v TR) R 43 R IE(R 5 2
LT Z RS FHEAS 5 K R T BLAR 5 R 2 JH
WifE B AT BE K ik A NLB B A48 St A % B 2,
P 75— 2B RUZ 5 FlR R — 2 B BT A NLB
ARG B R LA $1E B 22 1 S 304 5 B PR MR A TR B3 Ak
B A R RE S 4



- 58 - B & 5 g R %385
— FEAE SR A0 5> REAEARRS 5>
; 16,128, 4 1,4,2 ——
= —
§ 64,2,2 8,2,2 +
E 16,2,2 e 2l
= z 128,2,2 64,2,2 2 —-—
3 g v v 9 Z g T
: . g N EN EN ER EN W n N B
= : £ E E—"E =8 o=
o — mh — = =3 4 e zal
% 3 o =, a 5 =5 3
= = b ——
= i
% ==
= ¥
3 +=
§ ———
+
RS WA= 5

K3 BRI LA K

Fig.3 Structure diagram of fully convolutional denoising network
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Table 3 Indicators after noise reduction
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