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Goal

” Show the possibilities of digitalization through concrete
and impressive pilots together with the Swedish process
industry ”
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Contents

e Overview
* Industrial loT scenarios

e Industrial SLA != Cloud SLA

* Experimental results and insights
* Running for longer periods of time

* Approaches for high availability and reliability
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Industrial 0T Scenarios — Mmicrosoft Azure IoT Suite @

* Azure loT Solutions are evolving
e 2017 —two solutions remote monitoring and predictive maintenance
* 2018 — five solutions including connected factory

 Remote Monitoring has been evolved to SaaS loT Central Solution

Remote monitoring Remote monitoring Connected factory Prediciive maintenance Device simulation

Connect and monitor your devices to Connect and monitor your devices to Accelerate your journey to Industrie 4.0 — Anticipate maintenance needs and avoid Streamline your loT solution development
analyze untapped data and improve analyze untapped data and improve connect, monitor and control industrial unscheduled downtime by connecting and by using simulated loT devices to both build
business outcomes by automating business outcomes by automating devices for insights using OPC UA to drive monitoring your devices for predictive and test your solution throughout the
processes. processes. operational productivity and profitability. maintenance. software development lifecycle.
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Industrial 10T Scenarios — Azure 10T Central

ntoso Demo

Create Application

We just need a few things from you, so we can create your application

Application Name @

Contoso Demokzure Webinar Series

WL @ Home

contoso-demo-azure-webinar-series .microsoftiotcentral.com

Directory @© ® .
Device Explorer

Microsoft (microsoft.onmicrosoft.com)

Azure Subscription  ® Don't have a subscription?

|OTC_CLIENT WHITELIST PRODUCTION ; Device Sets

Region ©
West US

Application Template

Analytics

Custom Sample Contoso Sample Devkits
Application Builder Mode Off

Start with a blank template and Get started with a predefined Want to connect a Raspberry
define your application from application for a connected Pl or MXChip loT DevKit? Start
scratch. device. with this predefined app and

get them connected in Application Builder

minutes.

Payment plan

Free 30 Day Trial Application Ad ”\”“St ration

Paid Application
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Industrial 10T Scenarios — Common Managed Services

* loTHub
* Device provisioning and messaging

* Storage Accounts
» Data storage in cloud for key-value table or blob storage

* App service plans
* Used to built serverless azure functions
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SLAs of Cloud Services

* Managed cloud services has downtime from 1min to 5min
* Downtime is compensated with service credits next month

Service Credit

MONTHLY UPTIME PERCENTAGE SERVICE CREDIT
< 99.95% 10%
< 99% 25%
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No Latency Guarantee and Throttling Limits

* Lack of latency guarantee in architecture may reduce availability

* Microsoft — due to network conditions and other unpredictable factors it
cannot guarantee a maximum latency. Use Azure loTEdge to perform latency-
sensitive operations.

* Throttling limits of loT services may decrease availability
* |0T services have throttling limits to ensure loT Security (avoid DoS attacks)
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Availability Range — IT vs. OT services

Cloud & Edge SLA

Industrial Automation

Availability %
90% ("one nine")
95%
97%
98%
99% ("two nines")
99.5%
99.8%
99.9% ("three nines")
99.95%
99.99% ("four nines")
99.995%
99.999% ("five nines")
99.9999% ("six nines")

99.99999% ("seven nines")
99.999999% ("eight nines")
99.9999999% ("nine nines")

Downtime per year
36.5 days
18.25 days
10.96 days
7.30 days
3.65 days
1.83 days
17.52 hours
8.76 hours
4.38 hours
52.56 minutes
26.28 minutes
5.26 minutes
31.5 seconds
3.15 seconds
315.569 milliseconds
31.5569 milliseconds

* System 800xA Solutions Handbook, ABB,

Downtime per month
72 hours

36 hours

21.6 hours

14.4 hours

7.20 hours

3.60 hours

86.23 minutes

43.8 minutes

21.56 minutes

4.38 minutes

2.16 minutes

25.9 seconds

2.59 seconds
262.97 milliseconds
26.297 milliseconds
2.6297 milliseconds

Downtime per week
16.8 hours

8.4 hours

5.04 hours

3.36 hours

1.68 hours

50.4 minutes

20.16 minutes

10.1 minutes

5.04 minutes

1.01 minutes
30.24 seconds

6.05 seconds
604.8 milliseconds
60.48 milliseconds
6.048 milliseconds

0.6048 milliseconds

Downtime per day
2.4 hours
1.2 hours
43.2 minutes
28.8 minutes
14.4 minutes
7.2 minutes
2.88 minutes
1.44 minutes
43.2 seconds
8.66 seconds
4.32 seconds
864.3 milliseconds
86.4 milliseconds
8.64 milliseconds
0.864 milliseconds

0.0864 milliseconds
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Industrial automation (crictial to less sensitive) g

Process and machines
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Industrial SLA != Cloud SLA
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Reference Latency Chart

* 10ms
 Motion Control

* 100ms

* Aresponse time of 100ms is perceived
as instantaneous

1000ms

* Response times of 1 second or less are
fast enough for users to feel they are
interacting freely with the information

10 O00ms

* Response times greater than 10 seconds
completely lose the user’s attention

1968 Robert Miller classic paper; Response time in man-computer conversational transactions

10 000ms

1000ms
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Experiments and insights

* Third sprint —

* Approach to find availability of managed cloud services
for Industrial loT

* Find availability for reference latency chart by using
proof of concept (POC) Architecture for lloT

L,

* Fourth sprint —

* Run QoS measurements for longer periods of time
* Try to find sub measurements between D2C and C2C
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Experimental Setup — QoS Measurements

* Measurement 1: Device to Cloud Ack
* Related scenarios — offshore supervisory monitoring

o=
Industrial loT .l. '. I Cloud Services ‘

Enterprise

Level (ERP) Device to Cloud Ack .X loTHub -
13 = o [RPRURUPUNImgnggefggnn H— > L . _—
Plant Management ; (Device Connections, Data Ingest)

Level (MES)

o

‘ ~ Control Level
0

(PLC)

Field Level m
)

rs
|i| Sensors/Actuators

loT Device <= il

.—.—.—.—.—I-————————J

‘_.J
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Experimental Setup — QoS Measurements

* Measurement 2: Device to Cloud — Controller — Cloud to Device Command
* Related scenarios — closed loop controllers in cloud (data-oriented services)

st
Industrial loT " Cloud Services ‘
Enterprise 1.2 Trigger Controller 1.3 Run Controller
Level (ERP) ;
1.1 Device to Cloud N loTHub < > Data Processing | _
Plant Management (Device Connections, Data Ingest) (Trigger, Controller ) |
Level (MES) _ i L3N - [
Device to Cloud Closed-Loop | S e - |
' Control Level ! 1.4 Send Command :
ha * J (PLC) ) . : : [
loT Device : |
. |

= Field Level * 1.5 Cloud to Device Command 1 I
l‘l Sensors/Actuators = | 0000 e e e m e e e e im e e m i imim e m e m = < - 1
1
I
i
i
‘_ . d
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Experimental Setup — devices

* For cloud to cloud measurements
* 1. WestEU-VM to WestEU, 2. NorthEU-VM to WestEU

* For device to cloud measurements

e Vasteras NUC till — 3.1 NorthEU, 3.2 WestEU, 3.3 SouthCentralUS
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Experiment Results — min, max latencies

DZC ACk Min DZC ACk |V|aX * High latency inside cloud

* WestEU higher then NorthEU
* Max Latency can be due to TCP/IP

w b
o O
[ep)
o
o
o
o

milliseconds
N
o
milliseconds

=
o O

MAX LATENCY

MIN

. B Inside WestEU ® NorthEU - WestEU B Vasterds - SouthCentralUS
® Inside WestEU m NorthEU - WestEU = Vasteras - WestEU

D2C-C2D (closed loop) Min D2C-C2D (closed loop) Max * Message timeout reduces max

latency but also reduces availability

100 32000
(7] [7,]
© ©

S S 30000
3 50—

2 = 28000
€ €

0 26000

MIN MAX LATENCY
m WestEU VM - WestEU ™ NorthEU VM - WestEU B WestEU VM - WestEU ® NorthEU VM - WestEU

W Vasteras - WestEU Bl Vasteras - SouthCentralUS




Experimental Results — message lost and min latency

 On average, we have one to five messages lost per day per device
* With message frequency of one second, and 86,400 messages sent in 24hrs
* For example; WestEU VM to West-EU 12t Jan, only 1 message lost

* A default message timeout can be high as 4mins, blocking next messages
* With 1 sec message frequency actual message lost is 240messages

 Lowest latencies we have found for sub-measurements

Communication latency 26ms Vasteras to data-center in WestEU
Inside cloud latency 11ms data ingest and acknowledgement
Inside cloud controller latency 53ms controller with simple arithmetic logic
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Experimental Insights — architectural

* Time drift between cloud services
* Example; azure function scheduler and azure function lack time sync -
* Max time drift observed is less then a second
* Self healing or time sync happens after few hours

* Experimented Solution;

* Detect time drift at azure function for expected time, and add sleep intervals till time
sync happens again between cloud services

* Data size increases rapidly in gigabytes within few days 4 —
* Gigabyte data may result in high latencies for storage operations /g\
* Experimented Solution; S-S
* Separate meta data and historical/analytical data from live data -—

» Aggregate and store analytical data for hot storage access (for example hourly data)
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Experimental Insights — availability

 Random message delivery failed errors
* Message timeout exceptions
* Server closed channel exceptions

e Continuous message delivery failed errors (critical)
* Happens due to internal cloud load balancing
* Device reconnect is recommended for such scenarios

* Message sender and receiver shares same connection
e Connection failure in message sender also closes connection for message receiver

* Work in progress
RI

ADbb SE



Insights from Sprint 3

* Lack of time accuracy between device and cloud services
* Work required to time sync loT device to the atomic clock like NTP

* Throttling limits may increase latency and make service unavailable

* Requests placed in queue
* Throttling errors if maximum queue limit encountered

* Cloud services may run as scheduled job or as ASAP trigger
* Scheduled jobs may create predefined latency, e.g. Stream Analytics
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Approaches for high availability and reliability

* Availability problems are business and application specific

* Need to handle transient failures which effect availability
* Improving sub-second latency

* Recommendations to increase availability for industrial SLAs

* Add policies and patterns to increase availability and resilience
* Example patterns; retry, circuit breaker, health endpoint monitoring for service pool
 Add DMR (double modular redundancy) inside same data-centers

« Add DMR and TMR (triple modular redundancy) with regional EU data-centers

* Less impact on cost due to pay per usage business model RI
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Future Work — next sprints (5-6)

* Should we expect better availability from cloud vendors?
* Example —99.99% availability for read operations in RA-GRIS
* Example — loTEdge as managed service

Blob Storage

REST-based object storage for unstructured data

Replication ©@

Read-access geo-redundant storage (RA-... A

Locally-redundant storage (LRS) @

Zone-redundant storage (ZRS classic)

* Or partners need to build resilient architecture?
* Express route, Collocated data-centers, Intelligent Edge

* Application handles business specific transient failures
Geo-redundant storage (GRS)

Read-access geo-redundant storage (RA-GRS)

* Microsoft loT Roadmap (for 2018)
* Microsoft loT Central - manage your smart products, devices, and machines.
* Azure loT Edge - Azure Functions on loT Edge
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Planed Tasks — next sprints (5-6)

* A: Find more statistics by adding reconnect and retry policies
* Examples, find max latency including retries, interval based message drop

* B: Add availability and resilience patters
* Find reliability improvement

* C: Explore loTEdge and loTCentral (SaaS)

RI
A SE



WVINNOV/A

ocess Industrial IT and Automation

Cloud IO

Al
i

R
b S

W\

ERICSSON



Cloud 10 Vision

An industrial control 10 connected to a
software controller deployed to a
distributed cloud
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Cloud 10 Vision

Potential benefits

=  Reduced cost of HW installation and maintenance
= Easier to scale
= Resiliant

® (Cloud as a platform for integration with other services
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Cloud 10 Vision

Approach

Direct connection to the cloud

Software Controller running in different places in the Cloud
Automatically deploy control loops based on application
requirements

Automatically configure the network based on communication

requirements

L\
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Distributed cloud
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5G

* Ultra-high reliability
* <1 out of 100 million packets lost

e Ultra-low latency
* As low as 1 millisecond

* Experimental results
* Just mention WILDA results?
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Sprint 4 goals

Measure Cloud performance

= Edge device
=  Wireless LTE

= OPC UA communication

L\
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Sprint 4 goals

Measure Cloud performance

= Edge device
= Wireless LTE

= OPC UA communication

Measurements sets

= Preliminary measurements

» Cloud measurements

W\
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Preliminary measurements

What is the performance without the Cloud?

, _ b

.
i

[

OPC UA :
[

[

[

I

/

Measurement

Client

il EEN NN BN . —,

OPC UA
Server

OPC UA
Measurement

Edge
Device
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Preliminary measurements

What is the performance without the Cloud?

= Different OPC UA implementations
java @ C

= Different Edge platforms

am Windows loT 8@

Raspbian

= Different security settings

6
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Different OPC UA implementations

Minimum and Median Read time (ms)

0,16

0,15
0,14 0,13
0,12
0,12
0,1

0,1
0,08
0,06 0,05
0,04 0,03
- l

0

Minimum Median

mC++ MJava B .NET
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Different OPC UA implementations

0,16

0,14

0,12

0,1

0,08

0,06

0,04

0,02

Minimum and Median Read time (ms)

0,03

0,1

Minimum

0,12

B C++ M Java

0,15

0,13

0,05

Median

.NET

1000

900

800

700

600

500

400

300

200

100

0d

Maximum Read Time (ms, rounded)

950
750
I

Maximum

mC++ MWJava = .NET
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Different OPC UA implementations

14

12

10

Median Read Time (ms, rounded)

12,5

2,3

Min

B PC(.NET) mRaspberry Pi (.NET)  m Snickerdoodle (Java , WiFi)

z
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Different security settings

30

25

20

15

10

0,15

0,16

Median Read time (ms)

2,28 2,56 2,75

=n B B

PC (.NET)

Raspberry Pi (.NET)

B None M Sign M Encrypt

27,95

17
12’45 I

Snickerdoodle (Java , WiFi)
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Experimental setup - measurements 9

Vasteras (ABB 5G Lab) Kista (Ericsson Datacenterm

/

N N
'Q Local Cloud \ 'Q Regional Cloud \
~ 4G/5G | | | |
N | | | |
AN I I : I
\ | | |
OPC UA \ 1 OPC UA | 1 OPC UA |
Server \I | Measurement | | Measurement |
. 1 Client | 1 Client |
Edge “e I I I :
Device | 1 1 1
1 1 ) l
\ \

[Base Station] [ Core Network]

"
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Cloud measurements

What we measured

= Read operation time

= Availability for a specific time limit

~1 ms — motion control

~10 ms — factory automation
~100 ms — process control
~1000 ms — upper level control

* Timing requirements from White Paper: 5G and the Factories of the Future
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Cloud measurements

What we measured

= Read operation time

= Availability for a specific time limit
= ~1 ms— motion control
= ~10 ms — factory automation control
= ~100 ms — process control
= ~1000 ms — upper level control
=  Time limit for specific availability
= 99%-99.999%

* Timing requirements from White Paper: 5G and the Factories of the Future
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Read time

Read Time (ms, rounded)
250

234
200
150
100
50
20
12
S L]
0
Minimum Average Maximum
M Local Cloud
* C++, Raspberry Pi, no security, 1 million measurements ) I
’ n
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iy L\

ERICSSON

R
e S




Availability for Read time

Availability for time limit
1,2

99,98% 100%
0,8
0,6
0,4

0,2

<10 ms <100 ms <1000 ms
M Local Cloud
* C++, Raspberry Pi, no security, 1 million measurements ’
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Read time for availability @

Median Read Time (ms, rounded) for availability

250 234
200
150
117
100
50 37 45
0 - -
99 % 99,9 % 99,99 % 99,999 %
M Local Cloud
* C++, Raspberry Pi, no security, 1 million measurements ) I
‘ [ |
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Conclusion

Measurement results

= A level of control in the cloud feasable

=  With reliable network, software becomes critical

Continuation

=  Determine bottle-necks
=  Measurements with Soft Controller

= Application to a use case

A I; gl'

Ml

W\

ERICSSON



Machine Learning
(Industrial loT +Data)
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"With 50 billion industrial loT devices expected to be
deployed by 2020, the volume of data generated
through those devices will also balloon to 600
zettabytes per year."

- Jasua Bloom, Vice President of data and analytics, GE Digital
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Predicting the steam flow in Paper I\/Iachin
using Azure Machine learning

-
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What is Machine learning?

“Machine Learning is the field of study that gives
computers the ability to learn without being explicitly
programmed.”

— Samuel Arthur(1959)
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General ML Process

B
w;
B

d10
e o K
¥ ’ il
@7 @
) . . . X
M.') Data Prep Model & Validate Operationalize
— Speed & optimize ALL data Apply machine learning to Easily deploy & maintain L@
exploration, blending & rapidly prototype & confidently models and embed
Incorporate all cleansing tasks validate predictive models analytic results Embed results in all
types of data types of business
apps & data

visualization tools

RL.
ann o

MpD

Image source: Rapidminer.com



Azure Machine Learning: Basic workflow

Build models from data and operationalize a machine learning solution

Data collection & management

‘«

Blobs & tables (Azure Storage)
Hadoop (Azure HDInsight)

Relational data (Azure SQL Database)
Massive data stores (Azure Data Lake)

Embedded ML model

"

Machine Learning service

=1

MLSTUDIO

ML Studio web app: Output a web service
Create machine learning models that canberunona —
scheduled basis and Add intelligence to apps or websites,

connected to a database. or provide insights in Bl tools

1. 2. 3. R
IL
ADID S

MpD

Source: https://docs.microsoft.com/en-us/azure/machine-learning/studio/what-is-machine-learning



= Microsoft Azure Machine Learning Studio

<

Search experiment items p

Saved Datasets

Trained Models
Transforms

Data Format Conversions
Data Input and Output
Data Transformation
Feature Selection
Machine Learning
OpenCV Library Modules
Python Language Modules
R Language Modules
Statistical Functions

Text Analytics

Time Series

Web Service

Deprecated

Sample Experiment

- —————

Pt

SET UP WEB
SERVICE

'R

PUBLISH TO
GALLERY

ADD
Mpw

R
S

=



Process 1: Data Collection

Sample data collected.

Data collection & management

.

Blobs & tables (Azure Storage)
Hadoop (Azure HDInsight)

Relational data (Azure SQL Database)
Massive data stores (Azure Data Lake)

Steam flow prediction is our focus

Time stamp added with the data
26 best features extracted out of 403
Normalized the data

A S

RI
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Feature Ranking @

Using Azure ML Studio T
Using Azure ML Studio From Domain expert ‘

26 features 5 features ESe & et (A m Shcance)

Hadoop !
Relational data (Azure SQL Database) |
Massive data stores (Azure Data Lake) |




Process 2: Machine learning Service

, , _ Comparing with 4 algorithms to find out the
Machine Learning service . best one that fits the dataset.

Algorithms used:

Web ; Boosted Decision Tree(BDT) regression
s Decision Forest(DF) regression
; Neural Network(NN) regression

MLSTUDIO

ML Studio web app: Output a web service B N Li R ,
Create machine learning models that can be runon a ayesian Linear Regression
scheduled basis and

connected to a database.
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Process 2: Machine learning Service..

This cheat sheet helps you choose the best Azure Machine Learning Studio
algorithm for your predictive analytics solution. Your decision is driven by
both the nature of your data and the question you're trying to answer.

Microsoft Azure Machine Learning: Algorithm Cheat Sheet

ANOMALY DETECTION CLUSTERING MULTI-CLASS CLASSIFICATION H
H Machine Learning service
>100 features, - . - 1] - :
One-class SVM aggressive boundary K-means Fast training, linear model ——= Multiclass logistic regression E
— — .
PCA-based anomaly detection ~ +—Fast training Discaiering Accuracy, long training times — Multiclass neural network E E
o structure : MLSTUDIO :
Finding unusual B H
data points Accuracy, fast training Multiclass decision forest H service :
Three or H R . H
REGRESSION more ¢ ML Studio web app: Output a web service  ;
+  Create machine learning models that can be runona .
o Accuracy, small memory footprint—e Multiclass decision jungle H scheduled basis and H
Ordinal regression +—— Data in rank ordered categories Predicting : connected to a database.

Poisson regression

Fast forest quantile regression

Linear regression

Bayesian linear regression

Neural network regression

Decision forest regression

Boosted decision tree regression

+—— Predicting event counts

+———Predicting a distribution

+—— Fast training, linear model

+——Linear model, small data sets

+——Accuracy, long training time

+——— Accuracy, fast training

Accuracy, fast training,
large memory footprint

categories

Depends on the two-class

—= One-v-all multiclass

classifier, see notes below

Predicting values

TWO-CLASS CLASSIFICATION

Two-class SVM .
linear model

Fast training,

Two-class averaged perceptron «—
gedp P linear model

Fast training,

Two-class logistic regression +— °
linear model

Fast training,

Two-class Bayes point machine «— linear model

>100 features,

Accuracy,

o' ——e Two-class decision forest
fast training

Accuracy,
fast training,
large memory

footprint

——= Two-class boosted decision tree

Accuracy,
small memory —= Two-class decision jungle
footprint

>100 features —e Two-class locally deep SVM

Accuracy, long

e —e Two-class neural network
training times

§ Microsoft




Comparing Models with Azure ML studio

igi SE_production_data_4K_azur...

Machine Learning service

G . -—» <
T Normalize Data v :

ML STUDIO :

é service E

! ML Studio web app: Output a web service :
?n Select Columns in Dataset v :  Create machine learning models that can be runon a

' scheduled basis and

connected to a database.

Neural Network Regression  +/
@ Boosted Decision Tree Regr... @ 9

/

Cross Validate Model
10 fold cross validation

@ Decision Forest Regression v

/ \ @ Cross Validate Model

Cross Validate Model VA 10 fold cross validation
10 fold cross validation

@ Bayesian Linear Regression v

.

Cross Validate Model VoA
10 fold cross validation

[
N




Result of the comparison

Mean of R- Mean of (Mean
squared Absolute
(Coefficient of | Error**)
Determination
*)

Boosted 0.8435 0.2301

Decision

Tree(BDT)

Decision 0.7323 0.2775
Forest(DF)

Neural 0.5692 0.4221
Network(NN)

Bayesian 0.7971 0.2583
Linear
Regression

*Coefficient of Determination(R?) -a standard way of measuring how well the model fits the data) "“==== S
**Lower error values mean the model is more accurate in making predictions.



Model Building

é‘i SE_production_data_2K_for_... i;‘i Time2000.csv
o

.\. —

EB“ Add Columns

I

E -
ST Normalize Data
o

S

@ Boosted Decision Tree Regr... Eﬂn’n Select Columns in Dataset
o o

@ Cross Validate Model ~

v

& Edit Metadata

RI

ADD SE



Deploying the model:

We deployed the model as an Azure Machine
learning web service.

Machine Learning service

MLSTUDIO

ML Studio web app: Output a web service
Create machine learning models that can be runon a
scheduled basis and

connected to a database.
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Process 3: Embedding Model

Embedded ML model +‘

Azure Time

Series Insights

- i
m

iIII ﬁ PowerBlI

:  Add intelligence to apps or websites,

or provide insights in Bl tools
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Architecture
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Azure Azure loT
Windows HUB
VM

N
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10
01

Azure Blob
Storage

»
>

"

Azure Stream
Analytics

Prediction ¥results stored

R ————
@ Azure

Machine
Azure SQL DB Learning Web
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Model Dashboard

= Microsoft Azure Machine Learning Web Services

Dashboard Batch Request Log Configure Consume Test Swagger API

€— Web Services
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Cost for Machine Learning in Azure

Azure loT Hub S1 - Standard(Unlimited devices, North Europe ~393.56 kr/month
400,000 msg/day)

Azure Blob Storage StorageV2 (general purpose v2) 50 GB  North Europe ~25 kr/month

Azure Stream Analytics Standard for loT Hub* North Europe ~691 kr/month

Azure SQL DB S1 Standard (20 DTUs, 20GB) North Europe ~100 kr/month

Azure Machine learning Standard 1(transactions: 100,000, West Europe 788.15 kr/month

studio workspace + Web computer hours: 25, number of

services(RRS)** webservices: 10) /month

Other resources.. Network interfaces, public ip..etc North Europe ~50 kr/month

Total Cost: ~2000 kr/month

*Azure Stream Analytics on Edge can be used for free until March 1st, 2018. “ I. I. RI u
**Request Response Service (RRS), Azure guarantee 99.95% availability of transactions " I' l' SE

Source: https://azure.microsoft.com/en-us/pricing/details/machine-learning-studio/



Cost for Visualization @

Azure Time Series S1 (1,000,000 msgs/day) North Europe 1,180.68 kr/month
Insights(20th April, 2017)

PowerBI 1 user/month 80 kr/user/month

Total Cost: ~1200 kr/month
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Source: https://azure.microsoft.com/en-us/pricing/details/machine-learning-studio/



Future Opportunities

1. Do research on Big dataset

2. Include Domain expert (knowledge)
3. Fine tune model

4. Model update strategy
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AutoML

AutoML
Operation Zone

Preprocessing

- Feature engineering
- Feature Selection
- Feature Construction

Model Validation

& Selection
- - + + * t - Choose model metric
- Score models

- Select models

Prepare your
dataset

e

Data Cleaning

l

Model Training

- Selecting Algorithms
- Tuning hyperparameters
- Retraining with new data

Deploy Model

Image source: https://datahub.packtpub.com/machine-learning/what-is-automated-machine-learning/
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Conclusion

1. Utilize the historical data(more data = more accurate result)

2. Azure is inexpensive & scalable.

3. Combining domain expert(knowledge) and ML application results for
better decision making.
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