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AGENDA

[> * Digital Transformation in Industry : Al & ML as disruptive
technology

* Predictive Maintenance & Machine Learning: lllustration
* Q/A



More or less all industrial companies need to cover the same
cycle and address similar challenges
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Within 2 to 3 years, leading industrial companies will have in place a
near real-time feedback loop between product usage & engineering
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Technology Is leading the digital transformation

Internet of Things & Big Data & Container Approach,

Devices server-less, hybrid-cloud Blockchain

g BLOCKCHAIN

IACLOUD?;

=COMPUTING'

MACHINE .‘;;L.'%

LEARNING «.{f ;

e
—

. Mobile Virtual Reality & Immersion  Augmented Reality Advanced robotics Additive Manufacturing & 3D printing



Embracing Industrial 10T through logical steps of value
-

Visualize the
patterns

Gather the data

* Visualize your data in
meaningful
dashboards

 Start to see patterns

e Build with Watson loT

* [nstrument your
equipment/assets to
collect data

* Gather already existing

data from various solutions
sources
E —

Quickly build dashboards
for data & process
visualization

Connect assets, outfitted
with sensor or data gathered

Advance to
analytics

e Gain insights from the
data

* Produce models,
prediction, issue
detection patterns

* Propose resolution and
recommendations

Use analytical models to
predict equipment
failures and provide
recommendations

Infuse with
cognitive

e Refine models with
cognitive machine
learning

 Utilize other cognitive
functions to improve
engagement

Use speech,
video, image to
diagnose complex
problems



What has happened? What could happen? How to achieve the best outcome?
Descriptive Predictions Prescriptions

A mathematical view of
data analytics and
cognitive

Cognitive
How can we understand

and learn?

Optimization Statistics
Data Mining Machine Learning

Structured data — continuous, discrete, categorical

t Text Processing Signal Processing o
paacess _ [NCL ;
Unstructured data 1) t  INFORMATION

Natural Lang  |mages, Video, Voice " COMPLEX
oz SETS EXAMPLES 2 comeem

Extreme "Unstructuredness’

Source/Quarries  Assets Plants * Ready-Mix Plants Transportation



Deep Learning & Machine Learning

Artificial
Intelligence

 Machine learning is a set of
algorithms that

Machine
Learning

to
optimize an internal Data Seience
representation then make
predictions about a target
state.

Deep
Learning




The Value of Analytics & Al

A
Visual Inspection for

/

Image Analytics

Enables monitoring of
unstructured data from images
snapshots to identify quality

defects and failure patterns

>

Textual Analytics

Enables mining of textual
sources to find correlations and

| patterns in structured and
unstructured text such as logs

and notes

Machine Learning

Automates data processing,
identifies the best model for the
data and continuously monitors

new data to learn and impro
results é

Acoustics
Analytics

Utilizes audio as an additional
source of unstructured data to

enable anomaly detection m)
pattern recognition

-

Cognitive Plant
Advisor

Audio Insights
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From data to actionable items to deliver business value
Example of Predictive Quality

Low Business
Value

Statistical

Possible Approaches

High Business
Value

Predictive

Cognitive
(Our Approach)
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One of these parts
will need rework
every month.

We will have a
quality issue on
this specific part in
this time frame.

We will have a
quality issue on
this specific part &
this is the
remediation action
to anticipate

Prescriptive

== We have or we will

have an issue AND
there is an impact on
production:

-> Production
execution needs to be
adjusted.
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Minimize expected maintenance cost

$$$ - higher repair and part
replacement cost

production capacity due to failure
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$$$ - greater impact on
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Maintenance Scheduling: What ML Can Do Well

Machine learning

Minimize expected maintenance cost for one machine

Historical tasks/ Sann

orders e

1000 [I Optimal maintenance day |l
: ﬂ

‘ Predicted Failure -

20

Ouy | Doy | Day- | Oay | Cay- | Daye | Day | ODaye | Ome | Oay- | Doy | Doy | Daye | Doy |
1 z 3 % 5 & 7 & 5 10 11 12 13

A

Remaining life (according o vendor specifications)

Failure history Maintenance history

Figure 2: Predicting optimal maintenance day using ML (one machine at a time)
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Maintenance Scheduling: Where ML Faces Challenges

Machine learning What if planned production is highest on “optimal” day?
£55 - higher repair and parl
replacement cosl o i -
Optimal maintenance day ﬂ

Proitod Faire >
"

< ”IHL!J"”““”

=> Less $$ to do maintenance a day early/late?

Figure 3: An "optimal” maintenance day may not be optimal if scheduled production numbers are high
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Maintenance Scheduling: Where ML Faces Challenges

Machine learning Minimize maintenance cost for a set of machines

Historical tasks/
orders
. ; = What if only 2 maintenance events possible at a time?

X
— ——

s
[ ows [ o2 | oars [ coys | Ours | Dars | Owpr | ups | Ooyd | ourto | opts | Dapt2 | ooyt 1 Dortd |
¢ ‘Remaining Life (according 10 vendor specifications) ’
Failure history Maintenance history

How to deal with limited resources?
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Maintenance Scheduling: ML and DO Work Best Together

Production Plan Repair Costs

Machine learning \ /
Historical tasks/ o

/
s

) o)
R 195, 5..F.0.)
al
-]
- -
Decision
Optimization
|
Maintenance Crew
Availability m

Figure 5: Combining the Power of Machine Learning & Decision Optimization for Maintenance Scheduling

Recommended
maintenance
schedule

» According to a study by the World Economic Forum and Accenture, the business value of a predictive

maintenance solution is:

-12% scheduling costs
-30% maintenance costs
-70% unplanned downtime



Optimization & ML Combined Approach for predictive maintenance

STEP 1 : Model What are the variables

. . which explain a given
Business Requirements failure event ?

Input

Historical Information
Maintenance Log
ol -t Other variables

ML Model

Clustering, Sequence,
Random Forest model

Failures Rates

Sensor Data

Optimization Metrics

minimize cost (maintenance, labor)
minimize late maintenance
maximize production

maximize customer satisfaction

. Decision
Constraints

Optimization Model
Predicted likelihood of machine failure (output of 2 |m|za|on o

the ML model)

The impact of maintenance on production (we
may want to avoid doing maintenance on days
with highest planned production levels)
Maintenance crew availability

Machine characteristics (cost of repair, cost of

remaining component life, etc.) STEP 3 : Deploy the Models and
embed them in your application

Equipment classified by category

Scoring per equipment : probability, time window
» Likelihood of Failure 7
B

» Model to optimize

Scoring
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STEP 2 : Visualize and compare scenarios
side by side

Scenario 1 Day / Time when machine
Decision Variables is scheduled to

maintenance
Scenario 2 “
Decision Variables

Day / Time when machine

Scenario 3 “ is scheduled to
Decision Variables maintenance




STEP 2 : Visualize and compare scenarios

side by side

M Predicted Failure 75rows &
M-01
o M-02
£
£ M-03
EMOA»
ML Model
M-05
Clustering, Sequence, T EEEEEEEEEE
O T S S N - S A -
Random Forest model S8 8888888838888 8
Using a h tic to determine the optimal maint day f¢ h mach

We also define an “Optimized” scenario with no
fixed maintenance events and let the
optimization engine determine the schedule
automatically. After solving the two scenarios,
we can compare the solutions side-by-side in
the multi-scenario tab of the Dashboard:

Let's say we wanted to use a
heuristic and schedule “right
before it gets too red”, meaning
the day before the machine is
very likely to fail. We will treat
this as our “Manual” scenario
and define maintenance events
as follows (checkmark indicates
a maintenance event):

PERrRakiNaaiha

MR IR

e —‘ e
= —| — =3
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Maintenance
s sometimes
— scheduled earlierin
the optimized
s SCENAMNO i
Maintenance is I II
sometimes
.............. scheduled later in the HH] HRIRIRIRIR IR IR IR IR IR
optimized scenario
. Only one maintenance
5 cmwisneededin(
Production Shortages K — optimized scenario
are lower in the a TS
optimized scenario

SRR R R R R R R R R R

DO4DSX Dashboard —compare manual vs optimized scenarios side-by-side




STEP 3 : Deploy the Models and embed them in your application

Predictive Maintenance Demo
“ capacity remaining M cont of maintenance martesance ices cont of repalr repar loes foun per Wie day Producton valve unit
“er 0 “ 0 % 100 o0 b 10
} i wer o 2 % 0 100 00 » 10
Lood Deta “wo “wo ” %0 %0 00 0o x 0
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Connect to the executable ML service and obtain failure predictions




* Finally, we are ready to invoke the

H.a.; 2 - optimization service and generate
e ‘ l l l — the optimal predictive maintenance
sarmbe TR e e T schedule in one click of a button:

Oay-1% Dey-12 Day-13 Day-14 Day-15
2“% =
Connect to the online DO model and obtain the optimal mainteng P M —
OPTIMIZATION 1 . : ﬁ
« Now that we have obtained the optimal 2u O S R G e SwEwe R TS o wmoown o
maintenance schedule, we can easily fix - —
some maintenance events manually "
(equivalent to the “Manual” scenario in
DO4WSL Dashboard, discussed above) e oo
by selecting them directly in the app:

Specily fixed malntenance events, if any:
D01 D02 D13 Dyt Dy 15 D06 Dy IT Dhay-08: D09 Day-10 Diay-11 Day-12 Day-13
MOy -

M2
Ml
MM
M

KPIs from Last Solve: Cost: 1990 Tetal Plassed Production: 7257  Total Prodection: 7139

Solving the Manual scenario (using a simple heuristic to schedule maintenance) and comparing the results




Solution : Equipment Advisor Show Case

Use Case: Watson IoT Edge AI Computing
Private Eyes and Ears for Predictive Maintenance and Quality Control

3. Edge gateway checks quality using
Watson-trained Models.
Visual Insights @ Edge No Operational Data is sent to Cloud

1. Train Watson IoT how good
and bad products look and
sound like.

"'. O BEdgE Watson IoT

> w

R
R, W,

Audio Insights @ Edge

Yoo

Assembly Line for Manufacturing / Quality Testing
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Get started

m Sign in

Towards
DATA SCIENCE MACHINE LEARNING PROGRAMMING VISUALIZATION Al JOURNALISM PICKS | CONTRIBUTE

Data Science

Predictive Maintenance Scheduling
with IBM Watson Studio Local and
Decision Optimization

How to keep your assets healthy and repair costs low by
scheduling maintenance at exactly the right time

Yana Ageeva

Jun 17,2018 - 10 min read

https://towardsdatascience.com/predictive-maintenance-scheduling-with-ibm-data-
science-experience-and-decision-optimization-25bc5f1b1b99
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