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Types of Maintenance

 Reactive — Perform maintenance once there’s a problem
— Example: replace car battery when it has a problem

— Problem: unexpected failures can be expensive and potentially dangerous

 Scheduled — Perform maintenance at a regular rate
— Example: change car’s oil every 5,000 miles

— Problem: unnecessary maintenance can be wasteful; may not eliminate all failures

* Predictive — Forecast when problems will arise

— Example: certain GM car models forecast problems with the battery, fuel pump, and
starter motor

— Problem: difficult to make accurate forecasts for complex equipment
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What is Predictive Maintenance?
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Benefits of Predictive Maintenance

Increase “up time” and safety

Minimize maintenance costs

Optimize supply chain
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Predictive Maintenance Algorithm
= Answers These Questions
Is my machine
operating [f‘e”t;’;?,i‘,'z | need help.
normally?
Why IS iy : Condition - -
machine behaving T One of my cylinders is blocked.
abnormally?
How much longer Remaining _ . _
can | operate my Useful Life | will shut down your line in 15 hours.

machine ? Estimation
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Predictive Maintenance Toolbox for Developing Algorithms

‘I\/[ﬂth\'V()rkS' Products Solutions Academis Support Community Events

Is my machine
operating
normally?

Why is my
machine behaving
abnormally?

How much longer

can | operate my
machine ?

Anomaly
Detection

Condition
Monitoring

Remaining
Useful Life
Estimation

Predictive Maintenance Toolbox masssusoae

Predictive Maintenance Toolbox

Design and test condition monitoring and predictive
maintenance algorithms

® 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-hased 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 algornithms.

§ Trialzoftware S, Contact zales
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Approaches to Condition Monitoring and Predictive Maintenance

* ”Generic” Machine Learning (including Deep Learning)
— E.g. Classification of failure types (bearing fault, burnt diode, seal leak)
— E.g. Binary classification of machine state (normal/abnormal)
— E.g. Classification of service urgency (high, medium, low)
— E.g. Regression for remaining life estimation (15, 16, 17, 18, ... days)

— Tools for this: Statistics and Machine Learning toolbox, Deep Learning toolbox

« Specialized models (in Predictive Maintenance toolbox)
— Degradation models
— Similarity models
— Survival models

— All of the above answer to "how much longer will the machine work?”
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Workflow for Developing a Predictive Maintenance Algorithm

Acquire
Data

Preprocess
Data

Machine Learning

|dentify
Features

Deploy &
Integrate
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Predictive Maintenance Challenges

“HUMUSOFT"

Reduce the amount of data you need to store and transmit

Explore approaches to feature extraction and predictive modeling

Deliver the results of your analytics based on your audience

Get started quickly...especially if you are an engineer



Predictive Maintenance Challenges

 Reduce the amount of data you need to store and transmit

Acquire
Data

Preprocess
Data

|dentify
Features
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Deploy &
Integrate
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How do you make sense of the ALL the data being collected?

- 1day ~1.3GB
« 20 sensors/pump ~26 GB/day
« 3pumps ~ 78 GB/day

« Satellite transmission

— Speeds approx. 128-150 kbps
— Cost $1,000/ 10GB of data

* Needle in a haystack problem

Pump flow sensor 1 sec ~ 1000 samples ~16kB
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Solution: Feature Extraction

Reduce the amount of data you need to store and transmit

« How do you extract features?

— Signal processing methods

— Statistics & model-based methods

 Which features should you extract?

— Depends on the data available

— Depends on the hardware available gMean qVar gSkewness gKurtosis
38.4945 9.2306 -0.5728 2.4662
gqPeak2P... qCrest gRMS qVAD
* How do | deal with streaming data? 152351 11553 386141 25562

— Determine buffer size

— Extract features over a moving buffer window
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Demo: Estimating remaining life of a pump

 We have data collected from several pumps _ Ectimatod Romaining Useful Life ~ 6.4 days

over different time periods (40 — 60 days) hos ﬁ

-15

o

— Data is the output flow (m”3/s)

'
(¢)]

-
o
T

Health Indicator

 We calculate descriptive features from the flow
signal

Ny
o

Confidence Interval
Health Indicator
Threshold

o
o

'
w
o

1 1 1 1 1 1 1 1 1 1 |
0 5 10 15 20 25 30 35 40 45 50 55
Time (days)

« We then fuse the features into one condition
iIndicator

* Finally, we fit an exponential degradation model
to estimate the remaining useful lifetime (RUL)
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Common time-domain signal features

+«—— MNormal Distribution

o« Kurtosis

« Skewness

« Peak-to-peak, RMS, Mean, Variance, etc.


https://stats.stackexchange.com/questions/84158/how-is-the-kurtosis-of-a-distribution-related-to-the-geometry-of-the-density-fun
https://creativecommons.org/licenses/by-sa/3.0/
https://en.wikipedia.org/wiki/Skewness
https://creativecommons.org/licenses/by-sa/3.0/

A HUMUSOFT
Diagnostic Feature Designer App

Predictive Maintenance Toolbox R2019a

 Extract, visualize, and rank
features from sensor data

« Use both statistical and dynamic
modeling methods

 Work with out-of-memory data

 Explore and discover techniques
without writing MATLAB code
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Principal Components Analysis —what is it doing?

Variable 3 PC.1 Variable 3

Variable 2

Variable 1

pc 1 (Variable 3 Score on PC 2

~—Residual

Variable 2

PC 2 Score on PC 1

Variable 1
PC 1
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Summary of the pump demo

 We had flow data from several pumps over different time periods

« We used a datastore object to easily access the data

« Easily calculated descriptive features and compared their significance

— One-liner functions and a special app, Diagnostic Feature Designer

 |dentified promising condition indicator: 1st PC

« Estimated Remaining Useful Life (RUL) with an exponential degradation
model
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When is Your Data Most Valuable?
Near real-time decisions
S
— Time

Real-Time Seconds Minutes Hours Days Months
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Solution: Feature Extraction at the Edge

Reduce the amount of data you need to store and transmit

* Design your feature extraction algorithm
In MATLAB, then automatically convert
MATLAB to C/C++

— Eliminate chance for coding-errors

— Implement new versions quicker
— Maintain only one source (MATLAB)
— Process data in real-time

gMean qgVar qSkewness gKurtosis
38.4945 9.2306 -0.5728 2.4662
qPeak2P... qCrest gRMS3 gMAD

15.2351 1.1553 38.6141 2.5562
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 Explore approaches to feature extraction and predictive modeling

Acquire
Data

Preprocess
Data

|dentify
Features

Deploy &
Integrate
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Fault Classification Algorithms Allow You to Identify
the Root Cause of Anomalous Behavior

drilling and servicing oil wells

— Three plungers try to ensure a uniform flow

 Three-phase pump commonly used for
/ - Component

« Condition monitoring to detect:

— Seal leak N Yy -
— Inlet blockage Crankshaft X'A‘ ,

— Bearing degradation
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Fault Classification Algorithms Allow You to Identify
the Root Cause of Anomalous Behavior

. . : Sensor
drilling and servicing oil wells
— Three plungers try to ensure a uniform flow /

L L« o Outlet

 Three-phase pump commonly used for / Pressure & Flow

« Condition monitoring to detect:
— Seal leak

— Inlet blockage Crankshaft
— Bearing degradation

/ Inlet

 |dentify fault present in system using only pressure and flow sensor data
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Generate Synthetic Failure Data from Simulink Models
If Real Failure Data is Unavailable

* Model failure modes
Build
— Work with domain experts and the data available

— Vary model parameters/components ~ simulink Model

Run
simulations

Generated

— .
Sensor Data Failure Data

« Customize a generic model to

a specific machine ! )
model

— Fine tune models based on real data t

— Validate performance of tuned model _ _
Inject Failures

Incorporate
failure modes



4 Diagnostic Feature Designer - Signal Trace: flow/Data
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Estimate Remaining Useful Live (RUL)

to Determine When You Should Perform Maintenance

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

50

40 Threshold

W
o
|

RUL probability
distribution

)
o

Prediction

Health Indicator

Observed

10
End of measurement

| | | |
0 10 20 30 40 50 60 70
Time (day)




Estimate Remaining Useful Live (RUL)

to Determine When You Should Perform Maintenance

[ System Data ]

Known failure

Run

-to-failure

history

Similarity
Models

Large data

Match signal
shapes

Known
degradation
dynamics

l |

Hash Pairwise Residual
Similarity Similarity Similarity
Model Model Model

threshold

Degradation
Models

]

Log-scale signal or
non-cumulative
damage

l

Cumulative
damage

l

Linear
Degradation
Model

Exponential
Degradation
Model

]
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Life time data
with or without
covariates

Survival
Models

|
| Life time data
Life time data and covariate

only (environment
l variable)
l

Model

Reliability
Survival
Model

) |

Covariate
Survival




Estimate Remaining Useful Live (RUL)

to Determine When You Should Perform Maintenance

System Data

Known failure
threshold

Run-to-failure
history

A Figure = O

EA Figure

A

£ HUMUSOFT®

Life time data
with or without
covariates

A Figure
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Predictive Maintenance Challenges

* Deliver the results of your analytics based on your audience

Acquire
Data

Preprocess
Data

|dentify
Features

&
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Deploy &
Integrate




Integrate Analytics wit
MATLAB Compiler and MATLAB Coder
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h Your Enterprise Systems
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NEXT

v = 20*logl

MATLAB MATLAB

Compiler Compiler SDK
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Predictive Maintenance Architecture on Azure

4 N [
Edge Production System Analytics Development
Generate /’ Azu re MATLAB MATLAB
( ) Compiler SDK
telemetry MATLAB Production Server P =
Worker processes /? ‘ —|
<‘) ‘ Debl? ; ; =
“I» S ; Request | (s am A\
m Broker Algorithm
Developers
_ Connector ‘ ~ p
Package
Y \ y & Deploy
ﬁ ‘ L Model )
* Business Decisions
Apache a System ( ) AL H
. Architect L
State Persistence
. kibana ] &b
End Users

\_ Presentation Layer )

} Kafka
[} .
_ % elastic N
tiEs

Storage Layer




<« Cassandra

Databases PSQL Server
mongo )5
Cloud
Storage
webservices™
cloudera
Big Data / HORTONWORKS'

OT Platforms @ OSl-oft.
Pl System

MATLAB

Aws s

Kinesis

Azure 1
§8 kafka IoT Hub 3 l.

ATLAB Production Server @ OSl:oft.
Pl System

+++
tf+tableau

Qlle © Spotfire

Streaming

OT Platforms

Dashboards
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Predictive Maintenance Challenges

+ Get started quickly...especially if you are an engineer
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How can the Predictive Maintenance Toolbox help you?

-+ How do | get started with developing algorithms?

= CONTENTS

Nonlinear State Estimation of a Degrading Battery System R2017b
— Reference examples S ——

using an Unscan n Fiker in Sl ulin “-'. = example also This example also uses:

ibu: d i Saateflow

Samulink

Simscape

— Workflow-based documentation

Consider: % Run the simulations and create an ensemble to manage the simulation results
mkdir('.\Data') % Create directory to store results
runAll = true;
if runAll

createSimulationEnsemble([gridSimulationInput, randomSimulationInput], ...
[pwd '\Data'],'UseParallel’, true);

'Y HOW do I manage data and What if I don,t have any data? — :::eens = createSimulationEnsemble(gridSimulationInput(1:10), [pwd '\Data']);
[21-Nov 2017890631]chkgf ailability Fp 111p1
3 ttgp lllpl(ppl) gth "local’ pro

ers.
[21 N 2917 99 07 12] ( F g g mulatiol h F ld p rallel workers...
Moo An nara H

RUL Estimation

— Command line functions to organize data (E L S o e i

0.02

— Examples showing Simulink models generating
failure data ;;5%;

battery is ¢
degrades
Kalman 1' ]
then

The Simulin

Probability Density Function
True RUL

Estimated RUL

90% Confidence Inteval

0.014

0.012

 How do | choose condition indicators / estimate the RUL?

Probability Density
C o
2

— Functions provided for estimating RUL

— Functions for computing condition indicators
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 Documentation

e Tutorials & Workshops
« Consulting

 Tech Talk Series
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= CONTENTS

Predictive Maintenance Toolbox

Design and test condition monitoring and predictive (R Ble &880 =1017211(0] 0 DL L L 00e Search Help

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 1l
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 e
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

LAB can help you get started TODAY

Search Help

= 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

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

£ THUMUSOFT

or pump w "l rmme=Qll
hanics ! = =3 oz !
droe=r eV mroan g
o Wi B — L
+
B, o Tt
. =1 e on
Crank & ‘ s
o i | -
werse pump e wi—a N
1p model model e A<
Bk P 2

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 Chirge Dstection

Extms brter.
o a Frcon B

S

Fault Detection Using an
Extended Kalman Filter

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

Powor (18)

7y Re——
Fault Detection Using Data
Based Models

Use a data-based modeling
approach for fault detection.

Open Script
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Predictive Maintenance Challenges

Reduce the amount of data you need to store and transmit

Explore approaches to feature extraction and predictive modeling

Deliver the results of your analytics based on your audience

Get started quickly...especially if you are an engineer

Acquire Preprocess Identify
Data Data Features

Deploy &
Integrate
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