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Predictive Maintenance of Dynamic Equipment Monitoring Signal using

Deep Learning
WK e Fie Kazuyuki DEMACHI Member
WK T BE] Satoshi TERAYAMA Non-Member

A time-series data future prediction algorithm using Long-Short Term Memory (LSTM), which is a kind of
Regression Neural Network (RNN), has been proposed for the purpose of detecting early abnormality of
monitoring signals of dynamic devices. An improvement for applying this algorithm to actual dynamic equipment
monitoring signals was proposed, and an anomaly judgment method was also proposed.
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Fig.1 Memory Unit Structure of LSTM
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Fig.2 Abnormality Judgment Threshold and Time

24 FATRERT—H

AENE, 2006 46 H 15 BT 8 IF 39 Z3T3 A L7
R NIRRT 5 RSB AIRIEX —E L B
55 12 BOPURIR S x5 & LT,

FEIRAERTO 6 H 1 B OWKF053~6 H 15 B 8 K30 4
O —EEE 10 DB EITEHE LIZ 2069 A7 v 7D
9B, 1~1000 AT v FZFHET =4 1001~2069 AT
v TR T2 L UTER Uiz, liWeT—21%, #
— U EIEREE Y — D4 10 FTH B,



3. REBRIFBREEE

3.1 LSTMIZ & ZFiflER=E

10 Ko & — U ifilsz kit o —0lliET — 4 LR
HEL DO LSTM IZE D Tl —4% LD MSE 27~ L72H D
7S Figure3 Th D, Ml FRIBIEN L DR T v 74
(step/10min.), X MSE (mm?) %39, ###¥E MSE ®
BRHKAED 3 {5 & LT B HERIE CTh 573, B3
E725 1,900 A7 7 LIREIZ S MSE SEfEZ B2 5 2 &
DM,

le-5

1254

—— Notnorm_MSE

i — Notnorm_threshold

0.75 4

MSE(mm?)

0.50 +

0.25 4

0.00 +

6 560 106“ leU 2060
Step
Fig.3 Mean squared error of predicted value of time-series
data of turbine vibration sensors by LSTM
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Fig.4 Mean squared error of predicted value of normalized
and noise-removed time-series data of turbine vibration
sensors by LSTM
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Fig.5 Mean squared error of predicted value of normalized,
noise-removed and extended time-series data of turbine
vibration sensors by LSTM
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Fig.6 Enlarged view of the intersection of the threshold line
with the mean squared error of predicted value of normalized,
noise-removed and extended time-series data of turbine
vibration sensors by LSTM

34 IEEMI:I'J:éE%H#ﬁ%MI:

I BT, FERFORABHICERD 2 FEMAIZHD
ZFEOa A N E UCEACKTT DA DT 5 12
EANEZBIN L72356 O FRIfED MSE %, 3.2 8T



5> MSE & Lt U7=#5 % Figure. 7 |9, B 230HE
12725 1,900 AT v T LSO FFI IR DIREN X 5|
R IR o TND T D,

le-6

1.0 { — Notregu_MSE
~— Notregu_threshold
Regu_MSE
0.8 4 — Regu_threshold
—
[
e 0.6
E
L
%% 0.4
0.2
A Ao, M
o 500 1000 1500 2000

Step

Fig.7 Mean squared error of predicted value of normalized,
noise-removed, extended and regularized time-series data of
turbine vibration sensors by LSTM
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Fig.8 Enlarged view of the intersection of the threshold line
with the mean squared error of predicted value of normalized,
noise-removed, extended and regularized time-series data of
turbine vibration sensors by LSTM
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Table 1 Comparison of anomaly detection time before
turbine blade dropout
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