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Predicfive Maintenance Toolbox assaue

Predictive Maintenance Toolbox

Design and test condition monitoring and predictiy

maintenance algorithms :

4

® Waich video § Download a free trial

Predictive Maintenance Toolbox™ lets you label data, design condition indicators,
and estimate the remaining useful life (RUL) of a machine.

The toolbox provides functions and an interactive app for exploring, extracting, and

ranking features using data-based and model-based techniques. including statistical,

spectral, and time-series analysis. You can monitor the health of rotating machines
such as bearings and gearboxes by exiracting features from vibration data using
frequency and time-frequency methods. To estimate a machine's time to failure, you
can use survival, similarity, and trend-based models to predict the RUL.

You can analyze and label sensor data imported from local files, cloud storage, and
distributed file systems. You can also label simulated failure data generated from
Simulink” models. The toolbox includes reference examples for motors, gearboxes,
batteries, and other machines that can be reused for developing custom predictive
maintenance and condition monitoring algorithms.
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2| ocean lnc S : = _» j = =5 Statoil. The Power of Possible

Link to user story Link to user story

“...Subject Matter Expert Familiarity...” “... [MATLAB is] Popular across the company...”
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4\ Diagnostic Feature Designer - Power Spectrum: pressure_ps/Data

FEATURE DESIGNER WER

CTRU

VEW

- Fitering & Averaging =
SO H & W B 15 o B O &
- 2] Resitue Generation v
Open  Save Import Histogram _Feature Feature Computation Time-Domain  Spectral Rank Export
S St Athe Table View  Trace Opfions [ SPectial ESHBon > Festures v Feaures Festures~ v
FiLE FLoT COMPUTATION | DATA FROCESSING FEATURE GENERATION | RANKING | EXFORT
Data Browser ® J Power Spectrum: pressure_ps/Data |
v Signals & Spectra
B flow/Data —
fid pressure/Data —_— Power Spectrum
flow_ps/Data T
&) flow_ps_1/Data —_— ———faultCode=111
flow_ps_1/D: faulCod
—_— ———faukCode=110{ |

pressure_ps/Data

v Festure Tables

~
Features:
flow_stats/Data_ClearanceFactor
v
+ Datasets
[ Ensemblet

faultCode=101
————faultCode=11
——faulCade=1
faulCode=10
——faullCode=100
Code=0__ ||

—=

= pressure_ps/Data:Member 155,

faulCode=111
ax

1303685
38
250
Frequency (Hz)
| Histogram: FeatureTable1 1 | | Feature Ranking: FeatureTablel - |
[ pro..s/Data_SNR pre..ts/Data_SINAD pre..ts/Data_RMS [ Features Sorted by Importance
Feature One-way ANOVA
2o 2 I 0oy ANOVA fo. tsiDats RIS 126.9504 A
H Fos pre..ts/Data_RIS 1245188
2 g pre..ts/Data_lican 1262274
fo. taiDats_iesn 1181523
pre...ec/Data_Peakimp! 1055478
2 o 2 4 4 a2 A fo...cc/lata_PeakAmp1 1017428
pro..ts/Data_PeakValuo pre..ts/Data_Wean fo...s/Data_CrestFactor 74,1650
el fo..ts/Data_mpuseFactor 717221
. N fo...s/Data_ClearanceFacior 696831
Zo3| 2 fo...s/Data_THD 67,0838
o) e E——— &s410
g g pre..ts/Data_THD. s
pre..ts/Data_Grestractor 61523
7285 729 7295 73 7205 731 7315 728 725 3 e LT
pre.. ts/Data_ImpulseFactor pre...1s/Data_CrestFactor pre..1s/Data_ClearanceFactor pre. ts/Data_ClearanceFactor 518547
ore..eciData_PeakAmpd 536584
o4 pre...eciData_Peakimp2 79Em
Zodl fo. ccData_Pakamp2 as07m1
B fo...s/Data_SNR w7764
£02 pre..ts/Data_SHR 75518
01 < >

o

Previous|

i) Histogram for “FeatureTable1" feature table is in focus.

1007 1008 1008 101 1011 1012
Next

1007 1008 1009 101 1011

1012

1007 1008 1008 101 1011 1012
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Time-Domain  Spectral
Features v  Features EW%&!

{ CoRamnS — . . : i
| FEATURE GENERATION | RANKING | ExPORT IS

J 3 = D

Open Save  Import Signal Trace

FILE ]

% f~] Fitering & Averaging v

s [] Residue Generation v
Oml - Spectral Estimation +

ICOWUTATION \ DATA PROCESSING

Data Browser ®

'iv Signals & Spectra

(% pressure/Data S —

;V Feature Tables

‘v Datasets
E Ensemblel

i) Signal trace plot for "flow/Data" is in focus.

| Signal Trace: flow/Data

Signal Trace

flow/Data

flow/Data:Member 71
faultCode=101

1

1.0368
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normal cycle

test cycle

RN IEfE(E

Algorithm principle

Cycle can be described as sequence
features f1, f2, {3

Each cycle can show some delays in
time t1, t2

, . Dr. Tarck Ingenieurbir
Mercedes-Benz @ ‘ Data Science
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Algorithm principle

At Atz At3

L
- rd C

pattern deviation

time deviation

Pattern matching through shift of * Decription of a cycle as feature

feature along time axis (At7, sequence
At2, At3): minimization of SRS

* Foreach feature time and pattern

deviation can be calculated

Dr. Tarck | ieurbd
Mercedes-Benz @ ‘ Duta Seiong e

f1 f2 f3
At1 | At2 | At3 | Time deviation
No | No | Yes | Pattern deviation

Time and pattern deviation

for each feature are used

as characteristic numbers for test cycle

=

Data reduction!

Predictive Maintenance using MATLAB: Pattern Matching for Time Series Data
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v
New Open Save ;—_; . Breakpoints Run Run and @m Run and
) B ST, © ] SIS v TS ) il D —— - —
FRE SSHENGOINGS. BUN ——————————————— — — ———————
=l RES| i;c‘] » C » Users » abaru » Desktop » Expo 2018 » FinalDemo » Demo_Files » Data_Reduction » > R
Current Folder
| Name ~ - | Expo_Dats_Preprocessing CodeGenmix | featureExtractionBuffer.m |+ |
= Folder 1 ;ifunc:ion [feature list] = featureExtractionBuffer (data,timestamp) TD
] codegen 2
@ Copy _of Data 3= persistent Tlow array I
i Data 4 - persistent time
= Function =8 Bl uuu;
) featureExtractlon m &
i tr ey = if isempty(Tiow array)
r— = Flow array = I 1):;
1 helperSortedBarPIot m . . £iow array-= nan #p,1)
= en
% monotonicity.m 1; =
=]
= MEX file 13 e if isempty(time array)

#) featureExtraction_mex mexw64

- Elo= cime array = nan({Np,1l}):
#) featureExtractionBuffer_ mex.mexw64 13— and = ul
= Live Script 14
f5] Expo_Data_Preprocessing_CodeGe.. 15 — fiow array = [data; fiow array(l:Np-1)1:
= MATLAB Coder Project 16 — | data = flow array:
||| featureExtraction.prj 17 -
||| featureExtractionBuffer prj g - tims array = [timestamp; tim= array(1l:Np-1)1;
0= timestamp = Cime array;
20
21
2= if isempty(find(isnan(data),l))
23
24 — filow = data;
25
26 % Ensure the fiow is sampled at a uniform sample rate
featureExtractionBuffer.m (Function) A sy | L flow = Limescamp: v

- | ' featureExtractionBuffer 'Ln 17 Col 1
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4 Diagnostic Feature Designer - Signal Trace: flow/Data — X

SIGNAL TRACE

VIEW

r FEATURE DESIGNER

O H&

Signal Trace

Select data to plot v
Spectrum  Spectrum

~—TI—

Data Browser ® [ Signal Trace: flow/Data = l __J Power Spectrum: flow_ps/Data 0 ]
w Signals & Spectra
% flow/Data —
(44 pressure/Data — Power Spectrum
flow_ps/Data — T T T T T T
faultCode=110
> fautCode=101/ |
faultCode=11
0 faultCode=1 B
faultCode=10
faultCode=100
w Feature Tables 5 faultCode=0

flow/Data

Power (dB)
&

-20

w Datasets 157 l i =26
flow/Data:Member 58
- Ensemblel faultCode=101

10 : : : ' : =)

0.3456 0.3888 0.432 0.4752 0.5184
Time sec -35 [ flow_ps/Data:Member 83 |
faultCode=101
0 50 100 150 200 250 300

0 01728 0.3456 0.5184 06912 0.864 1.0368

Frequency (Hz)
Scale: Oms @s




4\ MathWorks

EHitRIEFERE® (RUL) HEMBHHITYES

Health Indicator

50

40

W
o

)
o

10

RUL: 459 hours
(95%CI: 374-558 hours)

— Threshold

RUL probability
distribution

Observed Prediction

End of measurement
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Distribution analysis :
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https://www.mathworks.com/videos/providing-worldwide-intranet-access-to-product-lifetime-calculations-using-matlab-production-server-1525334181968.html
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= CONTENTS

Predictive Maintenance Toolbox

Search Help

Design and test condition monitoring and predictive maintenance algorithms

Predictive Maintenance Toolbox™ lets you label dat:
and estimate the remaining useful life (RUL) of a mac

The toolbox provides functions and an interactive ap
ranking features using data-based and model-basec
spectral, and time-series analysis. You can monitor t|
such as bearings and gearboxes by extracting featu
frequency and time-frequency methods. To estimate
can use survival, similarity, and trend-based models

You can analyze and label sensor data imported fror
distributed file systems. You can also label simulated
Simulink® models. The toolbox includes reference
batteries, and other machines that can be reused for
maintenance and condition monitoring algorithms.

Getting Started
Learn the basics of Predictive Maintenance Toolbox

Manage System Data
Import measured data, generate simulated data, org

Preprocess Data
Clean and transform data to prepare it for extracting

Identify Condition Indicators
Explore data at the command line or in the app to ide

Detect and Predict Faults
Train decision models for condition monitoring and fz

Deploy Predictive Maintenance Algorithms
Implement and deploy condition-monitoring and prec

Documentation

= CONTENTS

Detect and Diagnose Faults

:

Fault Diagnosis of
Centrifugal Pumps Using
Steady State Experiments

Use a model-based approach for
detection and diagnosis of different
types of faults in a pumping system.

Open Live Script

&l ad
Iilﬂllﬂ

TR TR TR

Analyze and Select
Features for Pump
Diagnostics

Use the Diagnostic Feature Designer
app to analyze and select features to
diagnose faults in a triplex
reciprocating pump

Open Live Script

4\ MathWorks

More ~ Search Help

9 0| =0
80| 20| B
Alnea

or pump

LELIT
werse pump
1p model model

Fault Diagnosis of
Centrifugal Pumps Using
Residual Analysis

Use a model parity-equations-based
approach for detection and diagnosis
of faults in a pumping system.

Open Live Script

Friction Chargs Detecticn

Extmaed Fricken. | ]
e

1) I et

[pa T ~ T
o ¥,

4
Fault Detection Using an
Extended Kalman Filter

2 1 8 8 W ow ouow B o®

Use an extended Kalman filter for
online estimation of the friction of a
simple DC motor. Significant
changes in the estimated friction are

Open Script

Multi-Class Fault Detection
Using Simulated Data

Use a Simulink model to generate
faulty and healthy data, and use the
data to develop a multi-class
classifier to detect different

Open Live Script

Power (18)

\ p—"c
Fault Detection Using Data
Based Models

Use a data-based modeling
approach for fault detection.

Open Script



https://www.mathworks.com/help/predmaint/examples.html
https://www.mathworks.com/help/predmaint/index.html
https://www.mathworks.com/services/consulting/proven-solutions/predictive-maintenance.html
https://www.mathworks.com/videos/predictive-maintenance-part-1-introduction-1545827554336.html
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