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loT Continuum:
Evolving Business

Michael Kuptz
GM America loT & Mixed Reality Sales
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~“Trust

Tech intensity = (Tech adoption x Tech capability)



710%

Digital transformation
through tech intensity

37%

Leading with
loT engagements

23%

% of Global loT Projects
which are Smart City
(#1 Vertical)
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81% businesses
operating in a hybrid
environment
by 2021
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o O Going digital
1 million/hour 12 years
) 2 new devices average age of S&P
coming online 500 corporations
by 2020 by 2020
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“"How can any entity profit
- from their data and cloud platform7
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Blueprint to profitability

2020 $60B loT market




Three emerging patterns of digital transformation

—— 8 —— Customers are on a journey with different digital maturity levels — - I—
Build digital Build digital
capabilities businesses

Modernization Industry & Horizontal Transformational

Foundation for Digital Transformation

Common initiatives:

+ Digital workplaces

« Digital customer experiences

» Transforming the infrastructure
 Application modernization

Solution-centric opportunities

Industry Solution examples:
* Predictive Maintenance, Customer
Insights, Citizen Services

Horizontal Solution examples:

 Digital Marketing, Employee Self-
Service, Smart Buildings, Security
& Surveillance

Reimagine their businesses

CXO sponsorship

Digital Maturity Model assessment
Comprehensive program of change

Evolves into new commercial
business models






Blueprint to profitability
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FUELING SOLUTIONS
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Microsoft's loT Platform

loT Solutions

Azure
loT Hub

Reference Architecture
& Accelerators (PaaS)




Wayne
Fuel
Dispenser

Wayne
Fuel
Dispenser

Wayne
Fuel
Dispenser

ISense™ architecture
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FUELING SOLUTIONS

I

loT & Edge Device Support II loT Services
I

I
I

loT Solutions
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*}g‘ Partner component @ Azure service & Customer component
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Success in loT

Partnership Product
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Ecosystem

Sl and
services

@
’

Public

Connectivity
provider

Silicon
Manufacture

LOB

Customer

A L
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IT Strategy

for ecosystem
Build, buy, partner



Microsoft loT platform
Innovations last year > 1 OO

Partner provided co-sell
ready solutions > 1, 200

Ecosystem partners > 10,000
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Partnership

1 \Within the ecosystem, partners need

to be committed and have a passion
for guiding innovators swiftly

throughout the entire journey... i

AVNET

Reach Further™



I \Microsoft Azure offers extraordinary
power, performance and intelligence,
and allows us to easily do things with
machine learning, edge computing,

I$' and artificial intelligence that would
® be much more difficult otherwise. 5,

Product

— Gary Slater,
Digital and Data Science Architect

@ NEWCREST
MINING LIMITED




I e emphasize collaboration, using real-
time data to make it easier for people to
work together as a team and achieve
better results in less time. And because
we're using Microsoft Azure, we can offer

global collaboration, so our customers

& can use it on any site or in any country

and every user is on the same database. IFF

Process

— Sebastian Spindler
Key Account & Partner Manager
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Process

Incentive Multi-tenant
Structure Billing
Decision Revenue
Framework Recognition




People

i1
Culture was the key for us. Our CEO

had to ensure that every single
leader was on the same page on
what we were trying to accomplish ,,

(bet



Sustained value

Partnership

Industry alliance

“

Process

New revenue model
Products
People Edge to cloud &

analytics

5-year strategic vision t.
o
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Intelligent Edge

Empower every person and every organization on the planet to achieve more
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loT Found a Snag

VISUAL INSPECTION MARINER

Insight to Achieve



Which Images Show Defects?

MARINER

Insight to Achieve



Our data comes from a tricky fabric manufacturing problem

\%

>spots</
>0</
>21.20</
>44.92</
>2.24409</
>2.40</
></
>0</
>2236398</
>2</
>27.9</
>0.02</
>1</
>2</
></

<
<
<
<
<
<
<
<
<
<
<
<
<
<
<

0291MKAX.xml

e o
o
L ] ) ®
120 4 ‘ (] ! ‘ pe i @ ® ([}
L] ® [ ]
° °
0. )
100 A © ® © e <
L] ) ° ‘
° ° ° ) )
o o s s e L ® o °
80 ~ = ® ® * e e
o
o e © o ’ . . e o o © s " ®
60 - = ® e
o o ® ° a 8
o o ® e ° . 1
i ® ° ®
e ° ° L4 e
o ® ® ;
[ ] ) o ®
- ®
20 P ° = ® ‘ ) o
L ] ) ’
e o ) o) ® ® ) o
e o o8 % t e o3
0 -
0 200 400 600 800
yards MA R IN



Traditional machine vision systems use a two step process to make decisions
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Human Machine Interface

MAX_CONTRAST fmmmm -

> THRESHOLD, . :

L 1 1
> AND > : IIC 1

|

DEFECT_SIZE > ! !

S I N S
THRESHOLD, ! Diversion Gates

—D-_‘ Feature Extraction Decisioning
““““ |
IMAGE CAPTURE : I
COMPUTER VISION ALGORITHM Y 2 !
I
I ” mm !
1 - !
o
SOFTWARE Pick-and-Place Robots
COMPUTE

(Integrated or Discrete)

MARINER



Which Images Show Defects?

MARINER

Insight to Achieve



Which Images Show Defects?
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' GOOD  DEFECTIVE GOOD  DEFECTIVE

MARINER
Insight to Achieve



TRADITIONAL MACHINE VISION (\

IMAGE CAPTURE RO, sl IMAGE CAPTURE

FEATURE EXTRACTION

These algorithms are typically designed
once by vision system manufacturer,
and “baked in” to production software.

MODEL TRAINED ON YOUR DATA

Deep learning model trained using

labeled examples from your experts,
MAX_CONTRAST > and updated as conditions change.
_ DECISIONING THRESHOLD, DEEP LEARNING MODEL
May consist of many tunable AND
parameters, often difficult to find
optimal configuration, even for experts. DEFECT_SIZE >
THRESHOLD,?

!
PREDICTIONS/RESULTS PREDICTIONS/RESULTS

MARINER

Insight to Achieve



IMAGENET IMAGE CLASSIFICATION TOP-5 ERROR RATE
(ILSVRC, lower is better)

28.2%

Human
Performance

Perronnin
Lin et al. & Sanchez

2010 2011

2012 2013 2014 2015

Human designed

features Deep Learning



False

Flock

We begin by iteratively labeling
a dataset with our customer.



False Flock Yarn_Flash End_Out

Stop_Marks Stain Seam
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We begin by iteratively labeling
a dataset with our customer.



False Flock Yarn_Flash End_Out Stop_Marks Stain Seam Snags
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Containerizing and building on
Azure loT Edge lets us quickly make
changes, add new classes, and
deploy new models.




Confusion matrix

End_Out - 0 0 0 0 0 0 0 0
False 108 1 0 0 0 0 0 1 9 7 o 7 A)
ResNet Accuracy
Classification accuracy
Flock - 3 0 0 0 0 0 0 on held out test set
Hand_Writing - 1 1 116 0 0 4 3 0
S ¥ 30X
t)' Seam - 0 0 0 20 0 0 0 0
< False Rejects Reduction
o 0 0 0 0 5 0 0 0 Reduced ra‘te from 16.8 to
0.47 false rejects per 100 yds
Stain - 1 1 0 0 0 17 0 0
Stop_Marks - 1 0 6 0 0 0 0 t Z - 5X
Improvement Over Manual Inspection
Yarn_Flash 1 0 0 0 0 0 0 3 Reduced False Reject Rate to 0.47 and
False Negative Rate to <0.2, relative to
' ' ' ' ' ' ' b manual inspection targets of 1/100yds
o ; N N
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0296ALGO.xml
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Ok, great results! Now, how do we deploy and maintain?

Existing Systems Edge Intelligence Cloud Services Cloud Intelligence Mgmt Experience

Our solution adds Al + Vision Our Edge Device picks up images Spyglass Visual Inspection Image scores are analyzed to Your team uses Power Bl to make
defect detection to your existing from your systems, scores them leverages Azure to store images, detect alert conditions and turned decisions about production and
systems increasing output and with local Al models and uploads provide alerting services, and into insights that optimize your can also extend/integrate our
quality and reducing costs. the telemetry and images to the generate quality analytics.. operations and production. solution using our native APIs.

cloud.
Y1 o o
MANUFACTURED CUSTOMER AZURE AZURE ED
PRODUCT & WAN OR BLOB STORE SQL DATABASE MICROSOFT QUALITY
CELLULAR (IMAGES) (TELEM/SCORE) POWER BI MANAGER
X, DEFECT
Q; DETECTION
~ oy BAEY @ o)
CONVEYOR BELTS (OPTIONAL) Q
AND MOTORS
INDUSTRIAL STREAM <U>
_IZ VISION & AZURE ANALYTICS + MICROSOFT PLANT
SYSTEMS B 10T HUB SERVICE BUS POWER APPS MANAGER
PACKAGING HISTORIAN o
MACHINE SEME @ @
(OPTIONAL) Q
_/ AZURE S
7 DIGITAL AZURE LINE MGR /
DEVICE FUNCTIONS SUPERVISOR
PAINTING
MACHINE o
& . = _ A
AZURE ADD'L WEB ADD'L SYSTEM SHIET
OTHER MFG IOT EDGE + AZURE APPLICATION INTEGRATION CEAD
EQUIPMENT PYTORCH APP SERVICES (OPTIONAL) (OPTIONAL)

Spyglass Visual
Inspection

533 Solution Builder component

@ Azure service

< Microsoft product

.% Customer component

MARINER



Edit report () Refresh &7 Pinaliv

lot end_time fabric_type evs style length
2259911 1/5/2020 10:25:29 PM Bodycloth  BC-Black 54180
2260104 1/5/2020 10:4431 PM Bodycloth  BC-Black 547.20
2259855 1/6/2020 5:22:08 AM Bodycloth  HL-Light 80060
2259983  1/6/2020 12:10:21 PM Bodycloth 2P-D 34580
2093487 1/6/2020 4:15:30 PM Bodycloth  1P-D 587.90
2260370 1/6/2020 9:30:08 PM Bodycloth  Seatback 552,50
2260369 1/6/2020 9:50:51 PM Bodycloth  Seatback 603.20
2260362 1/6/2020 10:11:54 PM Bodycloth  Seatback 61310
2260360 1/6/2020 10:32
2260350 1/7/2020 1:04:C e y workspac
2260192 1/7/2020 1034
2260166 1/7/2020 1:02:1 File v View ™  Edit report
2260118 1/7/2020 3:11
2260122 1/7/2020 5:41:4 LOT Detail
2260052 1/7/2020 T:44:

2594 72020 9:48:9
2259947 1/7/2020 9:48: Lot Lookup
2260146 1/7/2020 10:48)
2260147 1/7/2020 11:07 2258231
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1/ 1/10/2020

Class
Flock
Class False

Lot Overview

Defects/100 yds

6.46

False/100 yds

38,02
4276
1486
1330
1667
4018
3614
4975

A

High_Density

Stain
Not_Enough_Points
Hole

Unknown
Bar_Holes
Stop_Marks
End_Out

Miss_Pin

Seam

Tenter Stop
Total
Lot Detail

11.95

Defects/100 yds

Lot Overview Lot Detail

Refresh 5 Pina live Page

@ Reset to default

Defects/100 yd

[ Comments

s

- AN
A% I o -
Frequency
v
126 100 .
113
21
1" ¢
s .
e 200
6 n '
3 .
3
1 o] | ¢ ’
1 -
1 . : :
1 [= 5
302
a0 {
Stop_Marks
3001 '« Hand_Writing
False
Flock
4 5 3 5 End_Out
X Yarn_Flash
Stain
Seam
0 0 4 6 8 10 120

Realtime

e Reset to default

ID Y Position

42

3.60
507
64.12
66.70
66.72
7217
8647
9284
103.36
117.25
11852
19.77
126.10
126.12
13049
130.56
13208
14449
144.49
147.36
150.82
174.63
177.01
177.22
191.68
24381
243.86
25449
25452
254.68
257.29
26127
265.90
27043

&1 Comments

Length

0.00
on
0.00
0.02
003
0.00
037
0.01
0.00
0.16
0.04
0.01
043
040
0.01
0.01
0.00
046
0.00
0.00
0.00
0.00
0.02
0.00
0.00
0.18
079
0.05
0.03
0.08
049
003
0.01
0.00

A
o View related

[ 8ookma

Prediction

Bar_Holes
Stop_Marks

Stain

High_Density

Stain
Not_Enough_Points
End_Out

Unknown
Not_Enough_Points
Stain

High_Density

Stain

Hole

High_Density
High_Density
High_Density
Unknown

Stain

High_Density
Not_Enough_Points
Stain

Stain

High_Density
Unknown
Not_Enough_Points
Hole

Miss_Pin
Not_Enough_Points
High_Density
High_Density

Stain

Stain

Stain

Not_Enough_Points

¥ Favorite

3 subscribe

GPYGLAE.:;'

* Usage metrics % View related

ok off

Confidence Images ,
093
081 8
051 1
091 1
094
1.00 1
068 5 B
043 1
0.54 1
094 2
093 6
095 2
070 4
0.66 4
0.71 2
097 1
048 1
081 2
032 1
1.00 1
073
097 1
0.96 1
042 1
083
069 2
082 12
0.72 1
088 2
092 2
0.79 7
087 1
063 19
0.82 1

Spyglass delivers real-time monitoring and alerting through local HMIs and Power BI
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Deep Learning Drives Many Paths to Business Value

§ 30X

¥ 10X

— 4 2-5X

DEEP LEARNING

Precise, rapid, and
adaptable visual
inspection

— 1 20%
S <5
20+

False Rejects Reduction?

Reduction in missed defects?

Improvement Over
Manual Inspection?

Increase in line speed

Minutes to detect quality
problems*

Varieties of defects detected



Mariner — Manufacturing Analytics

Analytics Teams-as-a-Service

Right-Sized, Agile AI/ML, IoT,

Analytics, Data Science Teams .
IP Solutions

Project-based
SerVices CSCHE\lEYCEDLFACTD RY
BI/DW *

Analytics Al/MACHINE LEARNING (|\= LA
Reporting DATA SCIENCE VISLAL INSPEETION
MODERN DATA DATA VISUALIZATION

WAREHOUSE/ESTATE
[—u] [—..] ‘
*
CLOUD DATA PLATFORM (——9) *
*
IOT AND IOT EDGE

EOED

hadl |

INFORMATION LIFE
CYCLE MANAGEMENT &
> GOVERNANCE

O
o

Q)

MARINER



Deep Learning. Delivered.

Our Guaranteed Approach to Visual Inspection

Define Success

The Spyglass team works
with you to define your
unique vision accuracy
requirements.

Supply Images
Provide sets of images of
your products that
represent acceptable
quality as well as images of
each class of defect.

Prove it Works
Using supplied images,
the Spyglass team
builds an Al model
demonstrating the
success criteria

MARINER
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