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https://jp.mathworks.com/company/user_stories/mondi-implements-statistics-based-health-monitoring-and-predictive-maintenance-for-manufacturing-processes-with-machine-learning.html
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https://jp.mathworks.com/company/user_stories/baker-hughes-develops-predictive-maintenance-software-for-gas-and-oil-extraction-equipment-using-data-analytics-and-machine-learning.html
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https://jp.mathworks.com/products/predictive-maintenance.html
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Preprocess Data URL

Clean and transform data to prepare it for extracting c

In algorithm deg
perform data pr
types of data pn
Functions
> Basicl
>  Filterir
> Time-L
> Freque
> Time-f

|ldentify Condition Indicators URL

Explore data to identify features that can indicate system

A condition indicator is a feature of system data whose beg
any feature that is useful for distinguishing normal from f:
different status apart.

You can derive condition indicators from signal analysis, b
dynamic models to your data, and examining model parat
Monitoring, Fault Detection, and Prediction.

Functions

>  Signal-Based Features

> Model-Based Features and Residuals

>  Feature Selection
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https://jp.mathworks.com/videos/sensor-data-analysis-and-machine-learning-anomaly-detection-using-vibration-data-100241.html
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https://jp.mathworks.com/videos/sensor-data-analysis-and-machine-learning-anomaly-detection-using-vibration-data-100241.html
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https://jp.mathworks.com/videos/signal-processing-for-machine-learning-119299.html
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https://jp.mathworks.com/videos/signal-processing-for-machine-learning-119299.html
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F —4& % : http://data-acoustics.com/measurements/bearing-faults/bearing-3/
Bechhoefer, Eric, Brandon Van Hecke, and David He. "Processing for improved spectral analysis."
Annual Conference of the Prognostics and Health Management Society, New Orleans, LA, Oct. 2013.
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http://data-acoustics.com/measurements/bearing-faults/bearing-3/
https://jp.mathworks.com/help/predmaint/ug/wind-turbine-high-speed-bearing-prognosis.html
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Hess, Andrew, et al. "Challenges, issues, and lessons learned chasing the “Big P”:
real predictive prognostics part 2." Aerospace Conference, 2006 IEEE. IEEE, 2006.
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Demo: Bl X—EVOWEFR 7LD X LFEF
Stepl-1: 15FEEOEHE=E L

while hasdata(hsbearing)
data = read(hsbearing);
v = data.vibration{1};
SK = data.SpectralKurtosis{1l}.SK;

% FEEMREICHITHEEFHE (—F)
features.Mean = mean(v);
features.Std = std(v);
features.Skewness = skewness(v);
features.Kurtosis = kurtosis(v);

% ANTRILREITET S EE (—EF)

features.SKMean = mean(SK);

% STEIERETI7MIVICEER
writeTolLastMemberRead(hsbearing, features);
end
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— Monotonicity : EHFEME S WL
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[H84] Coble, Jamie Baalis. "Merging data sources
to predict remaining useful life-an automated
method to identify prognostic parameters." (2010).
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function m = monotonicity(x)
% Compute monotonicity given a vector X
. . . B SHE 1A IF A \ n = 1ength(}();
Monotonicity * BERIBEMESG LY 7 (ie
m = abs(sum(dx>@) - sum(dx<@))/(n-1);

end
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o
]
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2 . EA-SEBHEAOND
h(t)=¢)+é?exp(ﬁr+€—%> \_ Y,
for currentDay = 1l:totalDay B - )
ERETIHEH (Y
% BHRHEENHEOES . V.

update(mdl, [currentDay healthIndicator(currentDay)])

HEHEE

glilE T RliE

% RULDF I
[estRUL, CIRUL, pdfRUL] = predictRUL(md1,
[currentDay healthIndicator(currentDay)], ...

threshold); — .
end RS CTOEAT—X - REZzH & ICFH

30 40
s (2)
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[ 2] Predictive Maintenance Toolbox D %= H #EaE

e T—REEFEDODIRTLEEFTEZL
 lyapunovExponent : HZEICH T AIIMELEHEN TWCEGVLWZXRT =
 approximateEntropy : BRI T — X DHFEZ EE1LT HE
* correlationDimension : FHZEfE IC 1T 5 R ITEK

- FEIRBBEORRZE{LZ E— X~ (Y, 798,
. BRIREKRHE— X2 F (time-frequency moment)
tfsmoment : Conditional spectral moment
tftmoment : Conditional temporal moment
tfmoment : Joint time-frequency moment

« ERZRBHICEDR DTN TESAEEM
¢ RV VYVITRXETHORET DIRFPCET — X O@ENMEE

[1] Caesarendra, W et al. 2013 "An application of nonlinear feature extraction-A case study for low speed slewing bearing condition monitoring and
prognosis." /EEE/ASME International Conference on Advanced Intelligent Mechatronics: Mechatronics for Human Wellbeing, AIM 2013.1713-1718.
10.1109/AIM.2013.6584344.

[2] Loughlin, P et al. 2000 "Conditional Moment Analysis of Transients with Application to Helicopter Fault Data." Mechanical Systems and Signal Processing
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