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Decision Support Systems: A mathematical
approach

1010 Professor Diego Galar

Lulea University of technology



Big data in industry

The revolution of maintenance analytics
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censes™ - Industrial data a late but powerful entry

o 4.6

30 billion RFID billion

tags today camera

12+ TBs (1.3B1in 2005) phones

of tweetddata A\ world

every day \ \"‘“"““‘;‘!ﬁ“i wide

8% 100s of

| &. Millions

5 . | = of GPS

°3 - L enabled

£ ’g, devices

— © sold

o g annually
©

! s 25+ TBso 2+

Googl % log data | ) X ’\'W billion

@ X)) - '] on the

QGOUSIQ" K 76 million smart Web by

& Google | Analytics meters in 2009... end 2011

([ Tube

200M by 2014
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ale Of Industrial Internet (of Things 11oT)

Lk L L L T f L

Social media versus electric generating power source

e R e T

2012 Twitter Usage Gas Turbine Compressor Blade
Monitoring potential®

VS.

: o ' i &5~
( 80 Gigabytes per day 58 8 Glgabytes per day

enabling social connections ‘ enabling capital asset productivity

LA A R R A R R R R R A R R R R R R R R R R R R R R R R R R R R R R R R R R R R R R R R R R R R

Data volume potential is 7x greater from a gas
turbine than current Twitter usage

@n imagination at work
o ric Col ~ All Rights Reserved.

Monitoring capabilities
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Big Data is mostly machine generated
data

Volume | Velocity | Variety | Variability

Machine-generated data is one of the GPS,
fastest growing, most complex
and most valuable segments of big data

RFID,

Hypervisor,

Web Servers,

Email, Messaging
Clickstreams, Mobile,
«elephony, IVR, Databases,
sensors, Telematics, Storage,
_ervers, Security Devices, Desktops




OOOOOOOOOOOOO

The IBM idea of Internet of things for
maintenance

the
step one Internet

connect securely
to a new asset
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The IBM idea of Internet of things for
maintenance

| the
steptwo [ Internet

complete a
process flow with the L_
new streaming data
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The IBM idea of Internet of things for
maintenance

| the
! Internet

use predictive analytics
to forecast asset failures
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The IBM idea of Internet of things for

maintenance
the
step four | Internet

°fTh1ngs

automate and dispatch
a corrective response




OOOOOOOOOOOOO

The IBM idea of Internet of things for

maintenance
step five s ~
E o
utilize new mobile o
applications to 1
accelerate repair 2




ICT and Business goals
The asset
management
connection
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Asset Management?

* Only way to fully meet high level of

operational performance objectives at the
lowest cost to the facility

* Enables Risk Management for consistent
performance

* Provides complete objective data for
process improvement
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SMARTNess related to maintenance?




Smarter Assets
enable

new business models
based on RISK
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Understanding of Risk

Corporate Risk Register

— Risk Appetite

L Sgrvice Risk
LAsset Risk
Criticality / \Resilience
k_Reliability
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wiia But...What Is Risk?

SMART SYSTEM
ERP

Risk for asset )
/ ;
Risk for business | ya

R 4

a

o W

RUL
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How should these SMART
assets be?

Instrument the assets

A billion transistors per human being on the planet

/ Interconnect them

A trillion devices all giving off data — the ‘internet of things’

™ Make them intelligent

¥ New analytics tools assessing this ocean of data




LA SMART bearing proposal.....

OF TECHNOLOGY
SCADA Supervisory Control And Data Acquisition
ERP Enterprise Resource Planning
CMMS Computer Maintenance Management Software

MANAGERIAL DATA

DATA COLLECTION SIGNAL PROCESING E;TEF/;I::J?'EN o AS;AF%TAHON
TRANSFORMED +— CONDITION DATA

RAW DATA DATA INDICATORS FUSION DIAGNOSTICS
Historical data J
CMMS s

SENSORS ERP FBQITSN

SCADA 3
Required functions ]

SMART BEARING

d01vN1dVv

DECISION
SUPPORT
SYSTEM

il

/ Remaining useful life
( Reliability prediction

Risk assestment

DATA
FUSION

PROGNOSTICS

NOILVNTVAI ANV NOILO313a 3dNTIvd

CONDITION
EVALUATION



A revolution based on
SMART objects



The collec

ive mind with
distributed



L A Smart bearing is so much
more than just a bearing!

Operation

, planning
Error detection Position of the car

in boggle
/7 Load in the car

Detect wheel damage

Maintenance L
planning

r\

r\

\ =
f'/l
f'{l
Detect rail damage = Y |
\ r/:(-\\ .....
(;-1
f'{l

('(l

T TRAFIKVERKET el , S8
Continuous </ %

scanning of ralil
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What does it mean to become Smarter?

. Measuring, Monitoring, Modeling and Managing ‘

>

Our world is becoming —
INSTRUMENTED

;

Our world is becoming
INTERCONNECTED

/@/\
A 4

Virtually all things are becomin
INTELLIGENT —%

y

L

JOIABYS] 9BUBYD 0} SUONJE PUB SBAIUSD

Real Time

+ Historical Data

}

Data Modeling
+ Analytics

I \/isualization -
+ Decisions

Feedback to user and data source;
Incentives and actions to change behavior
190IN0S BJep pue Jash 0} Yoeqpas

Data collection

Data Integration

Comparison of historical
data, with newly collected
data

Data modeling and
analytics to create
insights to optimize
smarter decisions



T What does it mean to become
e Smarter,

FALULT
CLASSIFICATION

CONDITION
INDICATORS

TRANSFORMED
DATA,

DIAGNOSTICS

RAWDATA [ —

FUSION /-

Sensing Metering Historical data

EEHR“;S : DATA
SCADA : FUSION

Required functions : o
MAMAGERIAL DATA Real Time
: + Historical Data

SENSORS

NY NOILD3130 34n7Iv4d

NOILY

b
3! DECISION Remainin
g useful life
§ ("] SUPPORT Reliabilty prediction | | Fﬂ‘;'l"g‘u (| PROGNOSTICS
A

||||||||||||||||||||||||

SMART ASSETS Visualization -
+ Decisions
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OF TECHNOLOGY SCADA Supervisory Control And Data Acquisition
ERP Enterprise Resource Planning
CMMS Computer Maintenance Management Software P
lecti Signal Feature { Fault l
Data Collection Processing Extraction I Classification .
Contactor Transformed |
I m— !
Raw Data Data
| -
A . D,
c
| I o
. 1 'O
Managerial data Historical data | + . 8
o
a |2
l F S
Sensors > ! | o
l 3
. . ] m
? Required functions | 'S
T O L OO S PSR IS |=
:" < i g’?
: "0%
: . Contractual I S5
: Condition .
Remaining I Evaluation

Decision useful life
Train/Track Reliability DATA Prognostic

support - FUSION
Contractor rediction .
system . Risk Modelling

assessment /

.
llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll



Data science...in
maintenance
Narrow vision and
mistakes
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Data-Based or Physics-Based

Models? — That is the question!




350348467368

1358348457363
1358348457389
1358348467408
1358348457483
1358348457485
1358348467413
1358348467428
1358348467429
1358348467425
1358348467439
1358348467447
1358348467455
1358348467445
1358348457464
1358348467472
1358348467479
1358348457485
1358348467477
1358348467508
1358348457498
1358348457512
1358348467585
1358348467497
1358348457525
1358348467511
1358348467549
1358348457557
1358348467517
1358348467554

A28 GetFolderContents comcast.comMENUGGE@GEGORB4BBI93 13 51297 @@E@15E36F22 153 89517161197
SetResumePoint espn.comTITLOBOGEGOOORABO496 28 © 0OP@A3GBABCS 186 @951942958261 Bal
A28 GetFolderContents comcast.comMENUGOBEEEGOEE1EE296 16 297 @6@013DA3934 12602 ©9558485259
A28 GetFolderContents comcast.comMENUGGE@EEGORR36B757 8 4585  ©@GE15D3736E 12681 ©618223
A28 GetFolderContents comcast.comMENUGGR@BEGOBB42BASE 16 1369  POGE1086ALBE 135 87734882334
AddSavedProgram tlc.comtit11628566790156461 14 @ 000841941578 167 8993212560037388  Pit
A28 GetRootContents 16 1576  ©06GGO3EBS48D 163 0581810716182 HLLY 17954 xyz.Xyz.xyz
SetResumePoint sho.comXPTLB@B1339676968686 11 @ ©6@G836FDEC2 188 5627178776862 Baltimo

A25 GetAssociatedFolderContents Sourceld: 14815 6 635 @@1AC33C1285 136 8773482201534892  Har

A28 GetFolderContents comcast.comMENUGBBEEEGBEB354872 16 1337  BEGGGGACEACC 188 ©5627135848
A28 GetFolderContents comcast.comMENUGBBBEGBGBEBB6259 18 1879 B0ee82C2B2F8 188 89546622994
A28 GetFol 13B23A44 127 89589152424
A28 GetSaw Xyz.xyz.xyz.123 a_host.comc

AddSavi ’ u r n ' n ’ ’ S 111 8773182930188966  Der
A28 GetFol 14881 @578516
A28 GetFol E3c8340? 151 ©95308124805
A28 GetFolderContents comcast.comMENUGOBBEEGOBES61733 12 8743  8@BEG3CEAB2E 133 895493084329
A28 GetFolderContents comcast.comMENUGOGEGEGOGEBE1977 15 2471  8@8611AASSF5 127 ©1728145753
A28 GetFolderContents comcast.comMENUGOOEOOGOBESE1731 36 2199  @@ee41Fe916D 168 85627444986

154 89548123872

114 87731831713

13783 8954411
187 ©956555555903

ValidatePlayEligibility comcast.comCCDN1668080863315686 11 100 ©@e861487333

SetResumePoint comedycentral.comXPTLBGGGGGOBOE144294 26 6 BEBE4115CC38
A28 GetFolderContents comcast.comMENUGOBEEEGOGEEE1977 15 2456  ©@8@15BOIGIF

ValidatePlayEligibility nbc.comNBCU2812166408606456 28 96 ©6B84178FFAS

A28 GetFolderContents comcast.comMENUGGG@GEGOBERO13SE 45 2274  P@PE13AB62A3 167 89932126706
AddSavedProgram nbc.comNBCU2012166400008676 21 © @@1AC326D812 158 2000118997568 Philade
A28 GetFolderContents comcast.comMENUGGE@EEGORE4EBTEI 38 566 @GEB41393CDE 21385 15557793984

A28 GetFolderContents comcast.comMENUGG@@GEGORR177582 8 2364  P@P@G14BDBE4 127 @9528466971

A28 GetFolderContents comcast.comMENUGGG@GEGOBESE3113 7 1186  BOGEGOBDSATF 112 87731821981
A28 GetFolderContents comcast.comMENUGG@@EEGORERE1358 53 2297  @0AEA1891A32 127 @1721146676
SetResumePoint tlc.comtitl1628567976898481 26 @ ©6@GEE77DA26 198 952939784383 Washing



splunk> ¢ nd-Online

Search Columbus - Logan - HomeSec ~ Prov - ACNS copimages Ops - unclassified ~

Logan Live Dashboard

Event Types

30

12:00 AM 12:00 PM 6:00 PM 12
Thu Aug 30 Fri
2012

9:45 PM
Thu Aug 2

A1

9:47 PM

BBCAM_HD — CNN_HD — CSN

YS* SourceZone v VolumeinMB *  Distribution +

POB Dashboard

min{DURATION) * max(DURATION) *

18 137

parcaS{DURATION) *

parcBODURATION) *

i
View results

1044



OF TECHNOLOGY

Value when analyzing
data at mass scale

* As observations increase in frequency
— Each individual observation is worth less

— ...as the set of all observations becomes
more valuable

* Big Data is the accumulation and
analytical processes that uses this data
for business value




L LOOK INSIDE!
ol s Let us be careful — presmm—"
o LIE WITH
bigger = smarter? iGN

Darrell Hull

* Yes!
— tolerate errors
— discover the long tail and corner cases

— machine learning works much better

e But!
— more data, more error (e.g., semantic heterogeneity)
— with enough data you can prove anything

— still need humans to ask right questions, lack of
analytics



L But Remember...

Not everything that can be
counted... counts,
Not everything that counts...
can be counted

The only thing that
interferes with my
ability to learn is...

AND...even with all this data

We can’t find many answers



LULEA
UNIVERSITY I.J

" Black Swan Losses

e Loss Distribution

— Tail events are rare —
very little data

— Typically strong model
assumptions
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Data driven methods @/

Data-drive

Observations Learned Trends

Sensor Data Reasoner Fault Mode RUL Estimate

e Fit mathematical model to observations (trending)

e No guaranty that extrapolation will be meaningful

® Collect statistics of failures as a function of current
state

e Requires volumes of data and is difficult to know when you
have enough
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Physical based methods @&
e Physics of Failure Model Driven @

— Capture physical basis of failure in model that
relates the forces that cause damage to their effect

e Requires a detailed understanding of the problem

* Many Implementations Are a Combination of
Both
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Source of knowledge

FMEA / FMECA
— What the failure modes are
— Effects (and Criticality) — which failure modes to go after
* Fault Tree Analysis
— Propagation Models
« Designers / Reliability Engineers
— System knowledge and insight
— Expected / nominal behavior of the system
« Seeded Failure Testing / Accelerated Life Testing
— Data (and lots of it if you're lucky)
— Failure signatures
— Effects of environmental conditions
* Fielded Systems
— Sensors measurements
— Maintenance logs




(((((

~Context Driven Diagnosis /Prognosis

Context Driven
Prognosis

Context Awareness
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R What Is context?

“Any information that can be used to characterize the
situation of entities that are considered relevant to the
interaction between a user and an application”

Dey et al.
o . . .
A pattern of behavior or relations among variables that are

outside of the subjects of design manipulation and
potentially affect user behavior and system performance”

Sato
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What is context awareness?

—“An application’s ability to adapt to
changing circumstances and respond
according to the context of use”

—Issues in context awareness system
implementing
e How is context represented?

 How frequently does context information have
to be consulted?

e What are the minimal services an environment
needs to provide to make context awareness
feasible?
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What are the challenges?

1. Lack of recommendations about the functional needs of the
context.

2. The gap which still exists between fundamental researches on
context representation and actual context-awareness
prototypes.

— No organization of context is used even if recommended in the
studies.

3. The difficulties in building efficient computerized systems for
context processing:
1. Open systems: MIMOSA, OSA CBM, RAIL TOPOMODEL
2. Technologies: Cloud computing



Contextual variables
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e o e O o
S NI 2laIAE e elei) 18] moly BT

WO XXXXX

Asset code: XXXX

Railtrack / Location
Date: XXXX
Location: XXXX
Technician: XXXX

CM data about Infra coming from
rolling stock

Failure mode detected:
Rough track

Metadata
Asset code: XXXX
Railtrack / Location
Date: XXXX
Location: XXXX
Technician: XXXX
Failure mode existing: Rough track
Frequency: Common
Gauge reading: XXXXX

o
egul

\*2

INTERNATIONAL 1S0
STANDARD 3095

Threshold Event
O Oacs2

ation

Severity: Unacceptable
Performed actions: XXXXXX

23

™~
|
I~
L
\1
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Fusion of IM and Operators
info......Including WOs

L SMART infrastructure in railway:

ATA REPOSITORIES
And
INFORMATION FUSION

Condition indicators from track side

Off line information

provided by measurement
vehicles

Condition indicators from real
time data collection like:

load, vibration,
temperature

On line information

On board data collection

Track
informatioz.
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Diagnosis and Prognosis, enablers for new business models

éMost restrictive

of) i state condition i,
AN i asessment
> ’
Physics of
failure

Pavement degradation, track
geometry, ballast aging etc..

Accurate

‘ diagnosis

On borad

collected data ‘ﬂr

from vehicles

Wiark Orders/ CMMS
Symbolic description, and
experience based information

=

IM and
construction
data

Data driven methods

infrasttucture: ON LINE+ OFF LINE

r Condition indicators from

Most restrictivel
RUL estimation
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Acquiring Cortext

Storing Context

A success story of context: Railway

Controlling Abstraction

Level of Context

Utiiang Context
Information for

Information Information information :;‘:"(;’;;.r
A
Q-value
Physica Other Sources Context Context Context Context as Context as
Sensors {Virtual Sensors) Models Aggregation Interpretation Triggenng Additional
‘—‘\\\ Condition Information
SL <C
ML
Time
Q-value }
'-"h\ | ;
EL — H-Cg
Qoaogo —g®
ML — a0 0 Ge_ﬂ-ﬁﬂﬂ-
= _
T|'|'|"|E | | T 11 | TT T T1 1 T 1T 1 1
Apr Oet Apr  Sep Aug Apr Ot Sep Mar  Sep
2007 2007 2008 2008 2009 2010 2010 2011 2012 2012
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Diagnosis

Fault detection + Fault identification

Anomaly detection + Clustering /
Classification
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What are Anomalies?

* Anomaly is a pattern in the data that does
not conform to the expected behavior

* Also referred to as outliers, exceptions,
peculiarities, surprise, etc.

A

T2 (vibration)
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 Point Anomalies

Type of Anomaly

* Contextual Anomalies

e Collective Anomalies
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Available techniques

Anomaly Detection

Point Anomaly Detection

Classification Based

Rule Based
Neural Networks Based
SVM Based

A 4

A 4

A 4

A 4

Nearest Neighbor Based

Clustering Based

Statistical

Others

Density Based
Distance Based

Parametric
Non-parametric

Information Theory Based
Spectral Decomposition Based
Visualization Based

A 4

A 4

A

y

A 4

Contextual Anomaly
Detection

Collective Anomaly
Detection

Online Anomaly
Detection

Distributed Anomaly
Detection
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Prognosis or the chrystal ball




OOOOOOOOOOOOO

PROGNOSIS
Detection

Through sensors, Models etc

Isolation
Information fusion from sensors, Models etc.

Tracking/Trending

Prediction/Prognosis

Based on tracking/trending, & lifing
models
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Uncertainty in RUL is a fact

» Failure Predicted :""-""““: t---E-;E.kE-';;'H&“.i
O Threshold  Life ) '
i l I
Nl N\ .
i G| SensorSignal | /) E
: E ;y i "II 'II'I:' -':.. u
? 1 irh" ’JH_ | ’\ » g
: AN | Prediction
r a _.I-_ i .-i.;_i- E
% Ql = T Reliability E ol
- M i i : £ P |
I ekl
T Time : W-EIghtEﬂ-!.llm :—H Predicted RUL |
Current Time ~ Designed life




.1,  Lack of data influences the

prediction
Don’t understimate physical models...

1 Future unknown

+ ) ' damage states
Known history & ! y

current damage :
states I

; g ]
" '1 ) ot
|

-

- it d

damage state

Ml T S—
-

L
Known input — ~ Damage level (n)

n+l
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suna Mlachine tools..a complex asset

rms
peakvalue peakvalue peakvalue
crestfactor crestfactor crestfactor crestfactor
kurtosis kurtosis kurtosis kurtosis
skewness skewness skewness skewness
variance variance variance vanance
maximum

maximum maximum maximum
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Prognostics: Fingerprint trajectories

V1 -~
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Diagnosis, prognosis and then the
maintenance decision...
What special analytics we need?

L
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Prediction is not the ultimate goal

What will

Why did it
happen?

Difficulty
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The reaction is our expectation

How can we
make it happen?

: I Prescriptive I
What will Ana'wcs

e Predictive
Why did it
happen? Analytics
<
What Diagnostic <O

happened?
Descriptive

Difficulty
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SMARTNess is about prescription

Prescriptive Analytics delivers largest value ]
How can we
4 make it happen?
Prescriptive
Analytics
What will
happen? ao®

What

Predictive Q\\‘“\ﬂ o
Analytics o 90@‘5\9
happened?
T \Q‘\\
Descriptive \0°
Analytics

Value

Difficulty



L SMARTNness and prescription
require simulation

Maintenace
policy 1

Capacity or
other KPIs

for MP1

- &
Maintenace | oo ﬁ — %
policy 2 7L Z’:::.-'

Capacity or
other KPIs

for MP2

- = ‘
Maintenace  Resources I
i — allocatgff // YA &
policy 3 _

RUL

Capacity or
other KPIs
for MP3

Maintenace _
' Capacity or
pO“Cy n other KPIs

for MPN
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Prognosis information: the first step
for the prescription

at 45 weeks Degradation of Power over time
TDU T T T T T T T 1.2
600 | i 1*1\ + ﬁe;sured Data
- edian
500 0.8 iﬁ‘ """" 2%
| | LR, —-—95%
B o~
R Threshold
400} ] _ 06} T e
@ '1":t -
: -
300 - % 04} - N
200} - 0.2¢ N
100 ¢ 1 0
_0-2 1 1 1
10 20 30 40 50 60 70 0 50 100 150 200

RUL (weeks) RUL {weeks)



MA based on RUL
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Fresent time Eai
ailure
v 1 B, RUL .
m ——__TI Lime
-1 T
. L
Maintenance
threshold
Service
theeshold ). _

Failure time

Present
time

time

Good

Maintenance
threshold

Service
threshold

. time
Fresent  Failure

time time

KPI Accep
table

state

Maintenance
threshold

VAN

Service
L tbeesbeld ..

time

Bad
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Present tlme

MA based on RUL

Failure
time

state
I
|

Maintenance"ﬁ
threshold

Service
threshold

Good

r----------

RUL to reach "
maintenance 'l
thresholds (1]

KN (TN (7 D)
&/ <’ \ ~

RUL to maint. RUL to maint. RUL to maint. §@
SOFT MEDIUM HARSH '.
OPERATION OPERATION OPERATION

e rr——""19oooo0oo0o0o0o0o®o®

0

0

0

0

0

0

0

RUL to reach '

service level .

0

RUL to service RUL to service RUL to service '
SOFT MEDIUM HARSH @
OPERATION OPERATION OPERATION g
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Maintenance
intervention

Corrective

Maintenance 1(3

action

Preventive
Maintenance \(
action

MA based on RUL

Present
time

2\
)

Y4

Maintenance
threshold

Service

| theeshold o __ =T

Failure
time

'
0
'
0
'
'
'
RUL to reach '
service level J
'
[ 4 A \ [
RUL to service RUL to service RULtosewice.
SOFT MEDIUM HARSH @
OPERATION OPERATION OPERATION g
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Bad

MA based on RUL

Maintenance intervention

u
kel
W

Fresent  Failure

time time

Maintenance
thresheld

e

action

> 8

Corrective =
Maintenance |\

——

)

action \S
Corrective (ff&\\
Maint X
aintenance \%(%

action \J

Preventive ('J%
Maintenance \5&%

mz

Z




In summary.....

Risk is the enabler of SMARTNness
The nature of the data and granularity
IS still.a challenge to perform
maintenance analytics

Data-drive approaches cannot provide
predictions or prescription based on
eventswery seldon happened
Maintenance analytics has overcome
prediction going for prescription

@2
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