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Googling for « Internet of Things »uazir oy
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...Sshows communicating objects wiazir oy
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Uttrasonic fil level sensor
10+ years battery life
IP 66, [-40°, +85°)
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e : “AAZIUTY
P ™4 Interaction: Sensors (WNAZENUDY)

Ultrasonic fill level sensor
10+ years battery life
IP 66, [-40°, +85°]
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P " |nteraction: RFID, NFC ANAZHNUDY

® Radio-Frequency Identification (RFID)
® Near Field Contact (NFC)

MUSTER 22222

GERRY WEBER
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P " |nteraction: RFID, NFC ANAZHNUDY

® Radio-Frequency Identification (RFID)
® Near Field Contact (NFC)
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Interaction: always complex? NAZINUDY
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Home/consumer loT products NAZFNUDY
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Pictures from WiThing, https://www.withings.com/eu/fr/products/body 10
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" | ocal interaction is possible... NAZINUbY)
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CNAZILTY
™ ... but loT usually means cloud dataazi

Lot's of data !

>
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Ultrasonic fill level sensor

10+ years battery life
IP 66, [-40°, +85°] 1 !



loT added-values come from “NAZILEY
interactions and linked data! Rz
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General public loT architecture  (aziooy

Dropbox Google Drive

e

Local Network The Internet

Wired/wireless
Power line
BAN, PAN, LAN

Pictures from ArchitectCorner
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P ™ Sense, Monitor, Optlmlze&Contr AZI 1)
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P " Top loT applications, 2020

WNAZIU

>

«NAZH

g
&

0%83 IOT ANALYTICS

O,
0 ‘ ha Manufacturing / Industrial

Top 10 loT Application areas 2020

Global share of Enterprise loT projects!

Insights that empower you to understand loT markets

N = 1,414 projects

@

Note: 1. Based on 1,414 publically known loT projects (not including consumer loT projects eg smart home, wearables, etc.) 2. Trend based on relative comparison with % of projects in the 2018 loT Analytics IoT project list e.g., a downward arrow means the relative
share of all projects has declined, not the overall number of projects. 3. Other includes loT projects from Enterprise & Finance sectors. Source: loT Analytics Research - July 2020

17




ENAZIUTY)

P "™ |oT in industry

«NAZH )
@ Infrastructure monitoring,
Security & Safety
@ Continuous process Industrial Internet of Things
improvement, Process
automation, Process Processing : Connactivit
Anal y
optimization ok ik i

® Smart logistics _i _S

management, remote Machines

management, tracking, & Sensors

® Connectivity to back-end /
system, integration of
smart tools,
Interoperability -

@ Data analysis, Supply
Chain Optimization,
Predictive maintenance

18
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«NAZH

loT for Smart Agriculture
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P ™ [oT for development!

Irrigation

Logistic, Storage,
Asset Tracking

ENAZILUTY
«NAZH )

AV - ~}
> e~
o P

Livestock farming . Fish farming & aquaculture

v
b ol »
B e T e

Agriculture

Fresh water

21



p=ww |5 10T the solution for your (NAZILE
~ problem? WNAZENUDY)

Q: How get real-time position
of all city buses?

A: Install a GPS + 4G
electronic box in each bus
to turn the bus into a
connected bus!




- — Is 10T the solution for your
problem?

CNAZIUTY
«WNAZH )

Q: How get real-time position

of all city buses?
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= Is 10T the solution for your CNAZIUEY

_sadliee or oblem? NAZH )
@ How to enable municipal street

sweepers to report illegal dumg&ng ;

leaking pipes and emergencies

| khow! | know !

A: Give them a
smartphone and they can
use it for reporting!

24



=___|s |oT the solution for your CNAZILTY
problem? “NAZt )
@ How to enable municipal street
sweepers to report illegal dumging ;

leaking pipes and emergencies

"smartphone”
Hum, they onlyg
have 2 hands..

ITU Telecom World 2018
Phathwa Senene at MTN booth
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= " Typical loT device WNAZINUDY

@ |loT device can be viewed as a simple Embedded System

b

Soil Humidity Sensor

Radio Sensor(s)
S modules t
om.e- ]
electronics & memm | ADC
rocessin
P 9 -— Radio

I0 Controller

Power unit

Microcontroller

27
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g™ L ow-cost microcontroller boards gz

http://blog.atmel.com/2015/12/16/rewind-

50-of-the-best-boards-from-2015/ %

http://blog.atmel.com/2015/04/09/25-dev- ARDUINO
boards-to-help-you-get-started-on-your-
next-iot-project/ 0000000000000

Arduino Pro Mini

v 58 OO TR

Expressif ESP32

@3 ReT MM o
@27 )

Heltec ESP32 +
OLE

SN Ty

Thing 0 28


http://blog.atmel.com/2015/12/16/rewind-50-of-the-best-boards-from-2015/
http://blog.atmel.com/2015/04/09/25-dev-boards-to-help-you-get-started-on-your-next-iot-project/

1 ENAZIUTY)
= "8 How to collect data? NAZENU DY

MONITORING

¥* 8
L3

=1
o0

‘ Sensor(s) |

APPLICATION DOMAINS

ADC

I0 Controller

| | |

Power unit

Micro-processor
Micro-controller 29
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P ™4 Wireless transmission cost WAZINUbY

10-15kms $

GPRS

Moisture/
Temperature of
storage areas

Range O: 300m
(I=Indoor, O=0utdoor) I 30m

Tx current
consumption
Standby current 2.3mA 3.5mA NC

30



Low-power & long-range radios «azivey
" for loT systems: LPWAN networks ‘9%

Energy-Range dilemma Energy

LPWAN
Low-power: 15-40mA
Long-range: 5-30kms

2G/3G/4G

gl 802.15.3

802.15.3a
802.15.3¢c

802.15.4 Bruetooth
802.15.1

0.01 0.1 1 10 100 1000
(Very) Low throughput: bps pata Rate (Mbps)

31



CNAZIUTY
Energy consumption comparaisongiazi- oy

Energy-Range dilemma

Energy

A
Long-range
- Lo Power
g WMA o= O: 300m O: 90m Same as
3 ; I: 30m I 30m 2GI3G
802.15.4 Biyetooth
802.15.1
2 3mA 3.5mA NC 0.003mA 0.001TmA

0.01 0.1 1 10 100 1000
(Very) Low throughput Data Rate (Mbps)

TX power: 500mA. Mean consumption: (8sx500+3592sx0.005)/3600=1.11mA

=)
c
B
m
(3

J1IDVING

In most cellular networks, the device

2500/1.11=2252h = 93 days = 3 months ® is still maintaining communication
2500mA with BS even if it is inactive

TX power: 40mA. Mean consumption: (2sx40+3598sx0.005)/3600=0.027mA

2500/0.027=92592h = 3858 days =10 y. © LPWAN does not need to maintain

connection if not in used
32
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Expected range of LPWANS? NAZENUDY
Scalability —e—Sigfox
A -—&— LoRa
~-=NB-loT

10km (urban)
g 40km (rural)

Skm (urban)
20km (rural)

1km (urban)
10km (rural)

33



WNAZIUTH

P ™ The price of pay for LPWANS! NAZENUD)

- WiFi 802.11n: 450 000 000 bps (450Mbps)
- WIFi 802.11g: 54 000 000 bps (54Mbps)
® LoRa has very low throughput - Bluetooth3&4: 25 000 000 bps (25Mbps)

200bps-37500bps - Bluetooth BLE: 2 000 000 bps (2Mbps)
. 3G/4G : 20Mbps-200Mbps
(0.2-37.5kbps) - [cora]: 2006ps-37500bps (0.0002-0.0375Mbps)

- 3G/LoRa ratio: 20,000,000bps/200bps=100000!

Range

Spreading factor (SF)

Bandwidth (BW)(bps)

Bitrate (BR)(bps)

Receive sensitivity (dBm)

Time-on-air and consumption

34



WAAZIUSY

P " General LPWAN loT architecture imoit o

@ With increased range, LPWAN are mostly gateway-centric
©® loT gateways are connected to Internet

@® They forward data from |oT device to Internet Servers
)

N 7

L. ~
Smart Metering / $\

End devices Gateways Network Servers Application Servers
——— TCP/IP Links
------ LoRa RF Links 35




ENAZIUTY)

P " | ow-cost, general-purpose hardwales . -,

WHAT IS ARDUINO?

Arduino is an open-source electronics
platform based on easy-to-use hardware
and software. It's intended for anyone

making interactive projects.

©.0

ARDUINO

ARDUINO BOARD

Arduino senses the environment by
receiving inputs from many sensors, and
affects its surroundings by controlling

lights, motors, and other actuators.

void setup () {

}

void loop () {
1

ARDUINO SOFTWARE

You can tell your Arduino what to do by
writing code in the Arduino programming
language and using the Arduino

development environment.

36



=1 : : WNAZIUTY)
g ™ Microprocessors & Microcontrollers oz

® A microprocessor unit (MPU) is a processor on one silicon chip

® A microcontroller unit (MCU) is a microprocessor with some
added circuitry on one silicon chip

@® Microcontrollers are used in embedded computing and
most loT devices are based on microcontrollers

Data bus
CPU | RAM |ROM
Serial
General /o
' Purpose RAM ROM port Timer COM VS
Microprocessor port
I/o Serial
i Timer | COM
port ot
Address bus

From "An Embedded System Overview" by Dr. Eng. Amr T. Abdel-Hamid (Single chip)



= WANAZILTY)
"™ From pcontroller to pycontroller boaggd-i -,

@ A ucontroller can be standalone...

CPU| RAM |ROM

/o Serial
Timer | COM
port Dodt

(Single chip)

@ But, it is usually mounted on
a board with additional
electronics parts

@®© Leds, Voltage regulators

o

00O e
erRaTe e 3

Programming
Header

Ut
L I¥M haa

04d OUINPJY
[} W

<)

©® Easy access to pins T zavregilied
® Reset button Voltage
© Serial-USB interface 38

Raw input voltage



P "4 Understanding imple analog sens

® Analog sensors provides a voltage output that varies according
to a physical parameter, e.g. temperature, humidity,

luminosity,...

LM35DZ TO-92
PINOUT DIAGRAM

Vee

Analog OUT *
10mv=1°C

|—> <—GND

DMM READOUT (mV)

DMM READOUT vs. TEMPERATURE (10mV/°C SCALE)

1500

1250

1000

750

500

250

0

250 e

500
-750

-50 -25 0 25 50 75 100 125 150
TEMPERATURE (°C)

ENAZIUTY

Qliazi

39
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P " Digitalizing the real world!

LM35DZ TO-92
PINOUT DIAGRAM
Vec
Analog OUT *
10mV=1°C :
»&  «—GND

N o0 N 3 N D
g 8 & 8 8 8

DMM READOUT vs. TEMPERATURE (10mV/°C SCALE)

CNAZIUTHY

«NAZH

A digital value of 100 means 100*3.22mV=322mV
If the sensor output is 10mV/1°C then the physical temperature is 322mV/10mV=32.2°C

Vcc is typically 3.3V. Microcontrollers have Analog/Digital (A/D) converter to map a voltage to a
numerical value. A/D with 10-bit resolution give values in [0, 21%-1] = [0, 1023]

If 0=0V and 1023=3300mV then 3300mV/1024=3.22mV is the granularity of the measure

40
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: : WNAZIUTY
Reading analog pin value NAZENUDY

DMM READOUT vs. TEMPERATURE (10mV/°C SCALE)

LM35DZ TO-92
PINOUT DIAGRAM

1500
1250

1000

Vee

-
&

500
250

Analog OUT
10mv=1°C

0
250 ~
500
750

DMM READOUT (mV)

-50 25 0 25 50 75 100 125 150
TEMPERATURE (°C)

// sensor output connected to A0 analog pin
value = analogRead(A0);

// now need to convert to Celcius degree

And converting into Celcius

Temp = value * 3300.0/1024.0; // 3300/1024=3.22mV

Temp = Temp / 10; // 10mV means 1°C

// now process and transmit the data 41



CNAZIUEY

. Why go for Ardu INO: (NAZINUDY
eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee i B /Francais/ EU Q Liste d'envies 2 Compte
YTF Technology oSulvr 9
AIIEXpresS 96.6% 2374 Abonnés
llllllllllll que produits v Articles en Promos eilleure vi
Pr
| N e HQU@
4
€ b
.
e [
: muCk LS L
*
Ex
o
¢ ’
@ & > & /

@® Cheap, open, and easy to use/program
® Huge developer communities
® Hardware is not the main important issue

® Hardware is nothing without software libraries!
42



- ENAZIUTY)
Do-It-Yourself loT WNAZHNUDY

lb

_'Mm
]
Flash

ADC Memory
. Radio
I0 \ Controller
| Power unit |

: voeo 'vrufw
Physical e IR Activity
sensor g i duty-cycle,

i) low power

-VERY -
IMPORTANT

Logical
sensor
mgmt

Long-range
transmission




= : . .- ENAZIUTY)
Generic loT v.s. highly specializedyazi 0

@©@ Build low-cost, low-power, generic loT platform
© Methodology for low-cost platform design

@® Technology transfers to user communities, economic
actors, stakeholders,...

¥ Physical :
i sensor
i mgmt

VIE?J

\T
AES

encryption

Logical
sensor
mgmt

44



(('.al ZIU"’))
P " A simple temperature sensor examplée:

Wakes-up every 10min, take
a measure (temp) and send

Arduino Pro Mini @3.3V ‘ to gateway

Temp for sensor 10

3
|

=
S
o 225
5
2
§ 20
08:00 12:00 16:00
Date
ThingSpeak. ¢

5 NAZV )
i g T

E
s

v Y3400

Modtrnix inAirg SMA in deep sleep
mode, about 40mA
when active and

sending

TMP36

More than 1 year with 1
measure/10min

=}
c
3
m
r

Can run several years
with 1 measure/1h

45
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= : : : CWNAZIUC
P " WaziDev kit: 10T in-a-box! eaZINUL

© WaziDev
' ® ATMega328P, 8MHz, 3.3v
@ FTDI chip
© RFM95W LoRa module
@® Integrated antenna

2. Regulator Activation

3. Analog pins

1. ON/OFF switch

10. Micro USB Port

CNAZIVPOY

WAZIDEY
VER 1.3

°
b
-
o
o
-
c
o
[ 3
a
L
9
>
[
o
o
b
o
=4
>
o
(=]
~N
«
k3

[ 3
o
<
o5
El
=
N
)
b
>
>
>

9. Lipo/regular
battery (max 6v)

T 7. Digital pins i ’ i § f
SRS gital p 6. High current pins (max 500mA) ) ( @.
e

@ |nCIUded \«(ﬁge"’iciijremmmauv:»
©® LiPo battery regulator accepting
solar panel input

© Battery level monitor

@® 2 high-current control pin
© GND rall

Soil moisture
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HNAZH
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it
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<°

<MY L ow-cost soil moisture device ¥ "H

-

A soil temperature
sensor can be added

SENO0308 Watermark WM200
capacitive sensor Water tension sensor

48



2 "HIMAINTEL-IRRIS starter-kit P el

©® "Intelligent Irrigation in-the-box", "plug-&-sense”

® From idea to reality!
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Conagetoos - Unleash the power of
22267519000 loT data!
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ENAZIUTY)

These things talk a lot! GNAZENUDY

Lot's of data !

>

01010100101010101010101000010101110010100101

010101001010101010104. 40010100101
010101001010100101010102. ™ 7_51001010101010
0101010101010010101001001:  0101010000101010
1001000101010101000101010:  0001010101010100)

Ultrasonic fill level sensor

10+ years battery life
IP 66, [-40°, +85°] 5 !
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loT added-values come from “NAZILEY
interactions and linked data! Rz

¢

I,YouTuhe
?

facebook. b . u
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3 : : CNAZIUTY
B ™ |Integrating multiple data sources waz#

Validator Stats

V' Beac it Uptime ’ o "3 ates S sage ’ Validator Activity Validator Activity

01:30:04 No
W7 Nimbus CPU P Total CPU g CPU Temp " Nimbus RAM 0 AM 0 Total RAM

3.42% 41.4-c 8% ws 9.96cs 62.8c

CPU Usage RAM Us

Attestations 22 o mann

4 ol CEEED § Aexanderpierce

Dashboard

Proposals

@ Dashboard

Next Atestation

15.9s =
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STREAMS
09
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i . .

Monthly Message Count
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GNAZIUTY

P " Searching for loT data (NAZINUD)

@® Searching for information is a tough issue
©® Web search engine: Google,...
@® If you seek for an information, for instance the
soil humidity condition in a particular farm,
then you need to know where to look L

sssssss

......

® When there can be billions of 10T nodes -
providing large variety of data, it is difficult to = = &
find your way!

@ Although sensors' data can eventually be
accessed with traditional methods (web
services, HTTP/REST API, ...) loT calls for a
more "automatized" and "simplistic" approach




From "search for info"
to "get the info"

®@ Use the PUBLISH/SUBSCRIBE model

- IVERSITE
- DE PAU ET DES
o PAYS DE ’ADOUR

Temperature of room S25
in Duboué building

sends

)

Message

4

[ Client 1 >

J

=5

z]

Topic

subscribes

r~

.

subscribes
-

N

“AAZIUTY

«NAZH
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E?nﬂ M QTT ENAZILTY

Message Queue Telemetry Transport “HNRAZH )

@© Use broker nodes to manage topics
© UPPA/Duboue/S25/temp, UPPA/Duboue/S25/hum

(&) mosavitto

loT - Event based behaviour

Time series analysis

21.3C MQ
broke1

publish

Temperature sensor

insertObs

68 %

Humidity sensor
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GNAZIUTY

e MQTT+smartphone= 9% (NAZENUD)

 Towards open do’ro
O UPPA/ROOMS/#
O UPPA/CONGRESS/#
O PAU/WEATHER/#

59




P ™ \Want to play with MQTT?

«NAZH

@© http://www.hivemqg.com/demos/websocket-client/

@ HIVEMQ

Connection

Publish

»

@ HIVEMQ

GNAZIUTY

Websockets Client Showcase

Connection @ connected N7
Publish A Subscriptions A
Topi QoS Ret:

Messag X

I booster_pau/test

»

Messages

I hello again

I how are you

I hello

60
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GNAZIUDTY)

P ™8 MQTT implementing social media ozt

@® It is very easy to implement a social media app using MQTT

© WhatsApp-like example
@ Define MQTT topic per phone number

® Alice: myWhatsApp/0655667788
® Bob: myWhatsApp/0611223344 0655667788

@® To receive/send message
@ Alice subscribes/publishes to myWhatsApp/0611223344
@ Bob subscribes/publishes to myWhatsApp/0655667788
@® To create a group 0611223344

@ Alice creates a group waziup-iot
®myWhatsApp/0655667788/waziup-iot

@® To join(publish) on(to) the group .
@ Subscribe(publish) to myWhatsApp/0655667788/waziup-iot Bob

61
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@ : : : WNAZILTY)
= " Developing without programmmg?«mz-,. o9

©F S Firebase
e ‘Tempo
ioBridge’ :
Connec t thggs. o —
()) i (i iensorCIoud
@penkRemote

® End-users are not necessarily computer science experts
nor high-skilled programmers

@® Use graphical tools to build data processing flows,
allowing intuivive connection from data producers to
data consumers
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= EAZIUTY)
e ™8 Node-Red |

«NAZH ")
Node-RED

® Node-RED is a programming tool for wiring together hardware
devices, APIs and online services, e.g. clouds of various types

@® provides a browser-based flow editor to wire together flows with
a wide range of nodes

tputs storage advanced v
inject debug | | function twi @il (e
mqtt matt templ imap mongodd watch
htp [ hitp response delay irc file feedparse

ebsocket websocke pommeor rodis ;@m»wc

serial serial eque omail mongodt m
tep top witch alysis ph qp-c;’e'(:.

udp change sentiment xmi2js
ange sON2xmi

exec

hitpget
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“AAZIUTY

P "4 Node-red enabled loT gateway  «iazi o

©® Messages received on the loT gateway can be injected
into a Node-Red flow, allowing complex data processing

to be defined by end-users

—_———— <3 HIVEMQ

l — ¥/ ENTERPRISE MQTT BROKER
nodered/nodered. txt Is generated by CloudNodeRed.py {
I ) brokermaqttdashboard.com |
, @ connec ted
I o
| #) mosavitto
test.mosquitto.org ]

set topic and payload

CCCCCC

Gauge

21.65
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= : : : @WNAZIUTY
" Adding interactions? NAZENUDY

l’YouTube

v7
U
Uber
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= : : : @WNAZIUTY
" Adding interactions? NAZENUDY
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“AAZIUTY

IF THIS THEN THAT applets NAZENUDY

Some example Recipes

Pecpe

——  ifGdthentd

Nearly home? Direct message

= the person who should know
if ®then®® .
Save Instagram photos to Dropb

|

if & then [

Email your new iPhone photos
AcCTION to yourself
TRGGER CHANNE L.

T e ifithen &

Backup your contacts to a Google
Spreadsheet
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40 ZETTABYTES It's estimated that
(43 TRILLION GIGABYTES | (OIN 2005 2.5 QUINTILLION BYTES
of data will be created by @) 2.3 TRILLION GIGABYTES )

of data are created each day

2020, an increase of 300
20 © &

times from 2005
.

6 BILLION
PEOPLE

have cell
phones

Most companies in the
U.S. have at least

100 TERABYTES
[ 100,000 GIGABYTES ]
of data stored

The New York Stock Exchange . Modern cars have close to
captures \ 100 SENSORS

1 1B OF TRADE @ ON®) st rontr s s
INFORMATION ( \ / fuel level and tire pressure

during each trading session

WORLD POPULATION: 7 BILLION

Velocity

ANALYSIS OF
STREAMING DATA
By 2016, it is projected
there will be
i
coNNECTIONS #YYYYY

- almost 2.5 connections
per person on earth

11T tTY

loT usually means

TIME 2
Lo IMClllIl[ SYSTEMS
NETWOR

N
oSt EHHHWE& TIRAW[& H
i & pspne

SOCIAL LARGE ¢ & i

COMPLEX 715 ST[] RAGE ™!

TARGET ABIUTV SETS EXAMP[ES ﬁ CURRENT

The
FOUR V’s

ader in the sector, IB
break big data into four dimen Volume.
Velocity, Variety and Veracity

stry and organization, big

As of 2011, the global size of

data in healthcare was
estimated to be

150 EXABYTES

[ 161 BILLION GIGABYTES |

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

1 IN 3 BUSINESS
LEADERS

don't trust the information
they use to make decisions

21% OF
RESPONDENTS

in one survey were unsure of
how much of their data was
inaccurate

((«wnzib»'p»x)
“NAZENUDY

By 2014, it's anticipated
there will be

420 MILLION
WEARABLE, WIRELESS
HEALTH MONITORS

4 BILLION+
HOURS OF VIDEOD

are watched on
YouTube each month

&]]
B©-
400 MILLION TWEETS

are sent per day by about 200
million monthly active users

Poor data quality costs the US
economy around

1 TRILLION A YEAR
[

Veracity

UNCERTAINTY
OF DATA

Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS
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P ™ But also how to analyse the data

® What is the meaning of the collected data?

® Example with farming

® What is interesting for farmers?

@ Fertility detection
@ Eating/Ruminating time for welfare

© What data can be easily obtained?
® accelerometer data with neck-mounted collar

® How to detect relevant event from these data?

‘T&.ﬁwz ey 1 |[0 3 | 0] 0 | 13| o
Advanced data analysis B

.........................................................................................................

Fig. 3. Illustration of a rise in activity accompanied by a fall in rumination at
the point of gestrus

“AAZIUTY

«NAZH
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P " Analysis techniques

@® Traditional statistic methods still valid, and usefull

Inference Measures

Hypothesis Testing Dispersion
Statistical Analysis and SPC

Resressi Data' Frequency
egression Collection Distribution %
Analysis /
Predictive ' ‘Organization &
Statistics L resentation
Statistical . P
Correlation Methodology 4 '
Analysis Histograms
Experimental c i
: entr
Deslen Statistical Descriptive Tendency

Get Data Train Model Improve

Clean, Prepare Test Data
& Manipulate Data

.
D

ENAZIUTY)

«NAZH

Clustering Analysis

= Definition

o
Unemployment Rate

“'*—‘-‘.—.’l"f’rw"-m‘

% College Educated

Grouping unlabeled data into clusters, for the purpose of
inference of hidden structures or information

= Dissimilarity measurement

= Distance : Euclidean(L,), Manhattan(L,), ...

= Angle : Inner product, ...
= Non-metric : Rank, Intensity, ...

= Types of Clustering
= Hierarchical
= Agglomerative or divisive
= Partitioning
= K-means, VQ, MDS, ...

2 1
(Matlab helppage)
8

From Jong Youl Choi

)]
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“AAZIUTY

P ™ Analysis techniques WNAZINUDY)

@® Traditional statistic methods still valid, and usefull

N Data. Frequency
egression Collection Distribution £
Analysis ! 2

Predictive

Goln Old e ¥ :
Cenods LA

. ".'.: RN

o VST

5" LAl PR

coE gt

‘ \1 i ’ SN
S C O O 2 ° 2

aaaaaaaaaaaaaaaa
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= “AAZIUTY
" Use the full power of the Internet! oz o

Industrial Revolution 4.0 Connects With Web 4.0

‘ q§.”&

4 LA
'*a %ﬁ

2.910 es30

[»)))»
)

~—
~
~
~r
~r

i —
2000: wep 1o | omeckdivas

2015 Web40

et of Th ;

1995 WbOI

@ |oT data are pushed on
Internet data clouds

© Computing resources using
Virtual Machines are obtained e
from Internet Computing
clouds

lllll

Parallel processing
Optimized libraries
Web tools to orchestrate

©@©®
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The Big Data Landsca

“AAZIUTY
«NAZH

| |
DATA & Al LANDSCAPE 2020
INFRASTRUCTURE ANALYTICS & MACHINE INTELLIGENCE APPLICATIONS - ENTERPRISE
STORAGE HADOOP DATA LAKES -] DATA STREAMING / Bl PLATFORMS VISUALIZATION DATA ANALYST PLATFORMS MARKETING - MARKETING - B2C CUSTOMER EXPERIENCE / SERVICE HUMAN ——
g CLOUDZRA &= e | WAREHOUSES | IN-MEMORY ker & i | firoviccr  G)fgen | SMicooh @penishe  alteryx B28 Sreas ACTIONG quatries™  Avsunepionsy (EiTostng @ctanasnioce | CAPITAL
o= g S _ N oy - @ Move Datameer- © fpfos FLattion | = Simon GMEDALLA  zendesk  (@Kustomer @freshdesk | 116 e
¥ 283 omign P T eareser B8 =% < Gt Hes cHurus @oonversica ) B
18M ssmmes FSendGrid 9 Gainsght  #penco MHeap @ Amplitude textio (@R
= Power Systems el bberm - - " i ‘4sense o
Bt vowaranc Pivotal Jethro - fiie oo atscate QIk@ QP zerl anod®t -outlier 8y ENDOR Aauso  pecpleal = PP o Qomn [ —
»ZZ:—.n‘ o E7ctoua mattom Sl Flremio o | tgremes o N Mstersie G swoss won X birst :wlnli» CHARTI0 8 ATTIV/O Incarla. inter cro. r tactal & tutwior @Bluecore  mwvoca”  bnage | ASAPP Quca ahniti veroT okl € ercal FWodeBWendy
UAST  Ocow | BMsphes  QIM 7ENa | mmsour Pt T fioMD MicreStratogy A Keen 10 < @obsernable 32y | GUAVUS DO switchboard dneacio CPERsADD! Geisa talla®  krone € ex
NoSQL DATABASES —] NewSQLDATABASES —] GRAPHDBs -] MPP DBs -] SERVER- -] CLUSTERSVCS — DATA SCIENCE DATA SCIENCE MACHINE LEARNING — REGTECH & FINANCE AAUTOMATION & RPA SECURITY
Ot @8 | T mr b | Greou o | LESS Bp— NOTEBOOKS PLATFORMS 4 @ RAVEL  Qseat | COMPLANCE | fnapian 200 | (oot @ rvvme | @ramum @ ooicron  @omcsr Domiwrns % 00
. e _— e . amoisco comesr | @y NEST o fosdic <
. g @ Prvotal | AmesoaNeptone < ] D @binder | ) Wilinsuan dat:su;l& e e Ok Rss 0 5= | weacesar ’ e e e B
VERTICA 0: T . . FSHIF b workats Brate | anowaLs Gawsmmanan
ORACLE ko > Ol B |2 Gonces | ORACLE opicminer | @FT2 H0.0 PARTNERSHIPS AT o om | )
Marlogic AAVESQL G lnflaross A , ) . breckeoper AT el O ’ eooue e
® couchbase. - splice @chon ® . Gsas ; ) wDataRobot gamalon S 3 e sl pioirs | Secmk & memese yvemes | Wscrancts . Qo @ir-cei
Costrosch e croun N — tait . "
@ || o o | @it T p— ——
soviia. eamnod | G : i & | Exasol D 't n t
5 - INDUSTRY
ETL/DATA DATA INTEGRATION DATA GOVERNAN O n re I n Ve n COMMERCE FINANCE - INSURANCE ———
LENDING
TRI}\NSFIORMgON‘ , e s vy | € womzes @ FATRIE STITCH FIX ROOT  Snatromite
talend pentohe
L affirm) M vonede
) MulcSof t L snaglogic 2
e o~ Jreauum o) ' #owGood  STANDARD N o Jomovade [Foviorwine
5 scicch Prrayio % - Qv Z=STY Shift lectrelogy
. B ¥ roeon 9% acen | Earemio FINANCE - INVESTING — i veoroce 4Lt KBANC ACAPE
$wPaxata  ibgsucomsas o R o
° import.io s M iLLon Infoworks AYASDI KENSHC aura A upstart
ey Ftome S|y @ o | S
3 dataform PRIVAGERA Fasootear 100Credit Frnt | oo rastyei
MGMT/ MONITORING DATAGENERATION 7 Al OPS GP RANSPORTATION 7 AGRICULTURE ] INDUSTRIAL -] OTHER —
8= oneni B wum &LABELLING awcorihma | CLI mER TzsLm W P siemens | stem
S O Newhdle k- = | =siA W stes
amazonmectericaek | we Kii [ T L
v i . nura - .
) APPOYNAMICS g3 bk @eyhece WHIVE soale | B wemamer () APTIV — ByteDance
sotorwnss Garue BEma | L Foms s | 22 prasmen Awora Po—— -
oMo Frmewy <G Quy | e Ly [pines = RowveR @“"“
Genonasras G paceriity LIONBRIDGE et EEER oo @ GT B | rapas | RS oS
sy sl M || e | et ) 4 re Kadizk Mook | Oprospera dostto
veesm B Grafanalobe  OpsRap N datmo el voe 308 WA P semios B Uightricks
FRAMEWORKS QUERY / DATA FLOW DATA ACCESS & DATABA \ITORING VISUALIZATION (COLLABORATION -] SECURITY —
g ok CRRER | Spok SQL ﬁ L Voo @ K ks )1 OO supersst e | Apache Ranger
e vary \sis Fowtmeenian ik P maply | KNOX
TEZ% © kubernates LAONTA B tabase. mQaash l\.\\n./‘;r o ‘!“m
) = 3 - ot 1 seaborn o
Groo oo 00 | G @ @un @ o Kbt Momer oray | 55 G IT® | @sudo ) jubs | 2% ~romer R P Yiow | b 8 sccumuLD
B Search o - *
@t Boeiise HEX | iz g W ryte  fonsk % orgo Famumw | Avis ecia o @ G sewron. Gooona V/ Tictor s | pakeah auaconos | ff snyk
DATA SOURCES &APIs DATA RESOURCES
DATA MARKETPLACES FINANCIAL & ECONOMIC DATA AIR/SPACE / SEA PEOPLE / ENTITIES LOCATION INTELLIGENCE OTHER DATA SERVICES INCUBATORS & RESEARCH
& DISCOVERY Bloomberg ¢ THowsonreutens [3 | Dow Jones Quandl | () owamign AlRoBGTICS ASpire | 7 Zoominfo  aCXI@M. tEkperion | Foursauare () mapbox sonsuseo | BEONAGY D Quautgesoc @ guoow o @ OpenAI facebook research
aws ot gk snowflake . ) o 4 romaenr O GENERALASSENLY -
— Bchange AN ; D GECB Gen WINDWARD  # barnoTatic BinsideView @ Brandwatch Pace(®  gpesri IMAGENET L Booz | Allen | Hamiton  kaggle | @ostacams 2 DataCiie - %€ MIRI
DAWEX EXPLORIUM ~ f
& S '/ SicckTwis  Xignite [IEIE carnest kS LExoLabs | Quantcast [18as1s  [3swesnan | [EEEN A Radar <\ Mapilory T EEE | | Eectritt fractobe. e | Salvanz ; Ve
+ dataworid - N narrative predata MX  tink® = sronane TS Synepective Demyst melissa @cuebia 5 opsmsrasnusn EEEEEE CRUX Dataltind IANOACKUS" s G2
Version 1.0 - September 2020 © Matt Turck (@mattturck) & FirstMark (@firstmarkcap) mattturck.com/data2020 FIR S T MARK

74

)]



CNAZIUTY

P " The raise of Artificial Intelligence «iazi oy

@® It is the science and engineering of making intelligent machines.

® In Computer Science, Artificial Intelligence (Al) research is
defined as the study of « intelligent agents »

® From General Al to Narrow Al: from overhyping to fewer
promises, but more realistic!

ARTIFICIAL
INTELLIGENCE

MACHINE

- - LEARNING
— o  DEEP
\ , Q} LEARNING

et Iy P

= - |
. H_| ot .
- ’
- J Ly
i
Sy
-
1

[

1950's 1960's 1970's 1980's 1990's 2000's  2010s

Since an early flush of optimism in the 1950's, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.



= . . GNAZIUDTY)
" Al: a serious science! (WNAZNUDY

@©® General-purpose Al like the robots of
science fiction is incredibly hard WER oD T o 0d(e) F) U

) VVLG/V.X/ 4} 43«»«»

® Human brain appears to have lots of special | ;w {?} Lo era® ’ }M )
. . . 6/{/ X ) x% n—scs 3 (
and general functions, integrated in some | {g}df{m}m A>O—>@ X
amazing way that we really do not understand m<n p ¥ AP
et Nsn, nZaones) VneMNx, <gn<2n
(y ) . ’ A/—vR n>n,: (ng)leu c’m {:L}x=— {%}}w
® Special-purpose Al is more doable e I ﬂ o 50 o
. e M I L 2
(nontrivial) Wkl "W ,wr” e =,
! {x}ck Ve
@®@ E.g., chess/poker playing programs, logistics &= ,M,} ok ‘

planning, automated translation, speech and f {;Jw{w} B &
iImage recognition, web search, data mining, ¢
medical diagnosis, keeping a car on the road.
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CNAZIUTHY

P " The Turing Test NAZINUD)

@®@ Proposed By Alan Turing in 1950

@®@ To be called intelligent, a machine must produce
responses that are indistinguishable from those of a
human.

® Human judge communicates with a human and a
machine over text-only channel.

@ Both human and machine try to act like a human.
@®© Judge tries to tell which is which.

@ Is Turing Test the right goal?

“Aeronautical engineering texts do not define the goal of
their field as making ‘machines that fly so exactly like pigeons
that they can fool even other pigeons.”” [Russell and Norvig] C
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" Reflection

1f AI can be more
rational than
humans 1in some

cases, why not?

Systems that think
like humans

Systems that think
rationally

Systems that act
like humans

Systems that act
rationally

GNAZIUTY
«NAZH ")

Al focus on action.
Avoids philosophical
1ssues such as “is the

system conscious’ etc.
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e == Al Technologies

Al TECHNOLOGIES

STRONG / GENERAL Al

WEAK / SPECIALIZED Kl

f CLASSIC / SYMBOLIC

DECISION TREES

SEARCH

TABLE BASED
AGENTS

»

EXPERT SYSTEMS

RULE BASED SYSTEMS SYMBOLIC LOGIC

\ MACHINE LEARNING

f EXPERT SYSTEMS ) DECISION TREE\
WITH NN INPUT LEARNING
\ MONTE CARLO XGBOOST
|_SEARCHWITHNN  [MIXED ALGORITHMS
NEURAL NETWORKS | "NEAR REGRESSION
LSTM NAIVE BAYES
CONVOLUTIONALNN | RANDOM FOREST
ATTENTION Q LEARNING
AMTOENCODER EVOLUTIONARY
@EEP LEARNINGJ ALGORTHIMS

4)

NAZI
«NAZH
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= : : WNAZIUTY)
g "8 Machine Learning NAZENUDY

© Develops Narrow Artificial Intelligence
systems through examples

@® A developer creates a model and then Training Data
“trains” it by providing it with many
examples ! B ih

Train th

® The machine learning algorithm processes Mocgféirﬁ%nmg Evaluate
the examples and creates a mathematical
representation of the data that can perform
prediction and classification tasks Model

® Example ) S} = O
w

® A machine-learning algorithm trained on oo bor Machine Learing  prediciion
thousands of bank transactions with their
outcome (legitimate or fraudulent) will be
able to predict if a new bank transaction is

fraudulent or not
80



Machine Learning Techniques

Optimize a . .

performance criterion MaChlne Lea rnlng BUbb'E G h'al"'t =, * (lassification
using example data or P - S ~ ° Logic
past experience ,° N

-

~leaningful
Compression

Structure 7 : Image
Discovery + Classification

- SVM
v * Random Forest

Customer Retention N\

A lot of

.

O a Big data Di ionali Feature /Idenity Fraud o . . . \e Hldden MarkOV
s‘l'qi'ls‘l'lc Visualistaion ?:;::zir;lty Elicitation I. Detection Classification Diagnostics ;\
- ° -
methods Representatio '
° |
Evaluation . :
R d . . Advertising Popularity
ecomg)l:tner:: Unsupervised Superwsed Prediction 1
Learning Weather /
Forecasting .
Clustering M * Regression /
Targetted ac h I n e Population /.
Marketing Growth :larr:ceatstin I
Customer ‘ Prediction — sz
. stimating *
Segmentation L e a r n I I} g life expectancy o 4 .
_-7 * Regression
Role of Statistics: . Lot . L
Inference from a Tr=im =7 asso
sample ° Ridge
Role of Computer science: Real-time decisions Game Al ° Loes
Efficient algorithms to (i) .
solve the optimization Reinforcement * KNN
problem (ii) represent and Learning * Spline
;elwllfaél;iez;tsethe model for Robot Navigation skill Acquisition e XGBoost
[ ]
Learning Tasks MACT Q RES o 8 1

Data Science Team



(NAZILE

B " Supervised Learning AZH

© ML model is presented with /nput data which is labeled
@® Each /nput datais tagged with the correct label.
® The goal is to approximate math operations in the ML model so
well that when presented with new /nput data, the ML model can
predict the output variables for that /nput data.

TRAINING I:> To build the system

—>

TESTING
DATA

DATA

To check the
correctness of the
system

I
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P " Spam Mail Example (NAZINLUDY

@® On the left side of the image,
some data is marked as ‘Spam’ —
or ‘Not Spam’. This is /abeled / < \
data. This datais used to train
the supervised model, the
intelligent program (at center
of the image). ®

Spam Spam®
@ Trained model is tested with
neW ma||S (On the top Of the Enables the machine fstzi;iigi?a: classify observations |
image) and checking if the K /
output of the supervised model
is correct (on the right side of
the image).

©

Categorical Not
Separation SPam
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P " Types of Supervised Learning NAZH

@ Classification: A classification problem is when the output is a
category, such as “red” or “blue” or “disease” and “no disease”.

©® Regression: A regression problem is when the output is a real
number, such as “dollars” or “weight”.

Classification Regression
\\ .
X T+ o @
S+ Tt  Joced
\\ + . ".’
.(" \\\ . ."’
() S . s .
. .’ ‘ \\\ ’l. ‘.
‘e. . \\ fl..‘
e %
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P " Regression (WNAZINUDY

© Dependent variables: the main event or factor to understand or
predict. Also known as explanatory variable.

@ Independent variables: the events or factors suspected to have
an impact on the dependent variable. Also known as response
variable.

INDEPENDENT VARIABLE DEPENDENT VARIABLE

VARIABLE THAT IS CHANGED VARIABLE AFFECTED BY THE CHANGE

Size of Plant
Amount of Water Number of Leaves
Living or Dead?

o wr
—
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P " Types of Regression WNAZINUDY

© Simple regression: single independent
variable for a single dependent
variable. It is very common to name
the independent variable as x and Y as

the dependent variable A5 S S A Ak
. : - L\ o

x: number of cricket chirps — "l &
Y:temperature Y VL

® Multivariable regression: multiple
independent variables, x,, x,, x5 fora
dependent variable Y.
x,. hnumber of cricket chirps
X,: rainfall
X5. automobile traffic
Y:temperature 36

nnmn

T TOTITT

g
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P "™ Unsupervised Learning WNAZH

©® ML model is presented with unlabeled, uncategorized data
® ML model acts on the data without prior training.

@® The output is dependent upon the coded algorithms.

@® Is one way of testing Al.

Collect unlabeled Find similarities Hent'nfy clusters
data —— I patterns 3N exceptions

87



GNAZIUDTY)

P ™8 Ducks Example NAZINUD)

@ In the below example, some cartoon characters are passed to
the ML model. Some of them are ducks.

©® No data label provided.

®© ML model is able to separate the characters into ‘Duck’ and ‘No
duck’ by looking at the type of data and models in the underlying
data structure.

I\ @
> \\Ci 4 ¢ RNy
W A
CL\S 3 /V/di(é) G o JT,‘ < 1L
M
«"}‘ L&ﬂ\’», H
A —P Unsupervised 3
B, Learning ! %
K\\Jﬁ $:“ e
I€5
\jﬁsj
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P " Types of Unsupervised Learning az

@ Clustering: Discovering the inherent groupings in the data, such
as grouping customers by purchasing behavior.

@ Association: Discovering rules that describe large portions of the
iInput data, such as people that buy X also tend to buy Y.

UNSUPERVISED LEARNING

Clustering Association
. . .. If customer Then
’ e = ‘o 00, " purchased | — | recommend
* item #1 item #2
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P ™ Reinforcement Learning ANAZH

@® A reinforcement learning algorithm,
or agent, learns by interacting with
Its environment.

® The agent receives rewards by environment
performing correctly and penalties 1 \
for performing incorrectly. agent % .'

@® The agent learns without <z Btigng (

intervention from a human by \ﬁ g-roxans
maximizing its reward and SHSCve i
minimizing its penalty.

® Itis atype of dynamic programming
that trains algorithms using a system
of reward and punishment.

90
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® CNAZIUTY
"™ Robot Path Exam P le waz )
@ The agent is given 2
options i.e. a path with water /grionment % - agent i
. . €3 e a Observe
or a path with fire. Py ;‘
) elect action
@® If agent takes the fire path M,— ————— T "‘m/ uaing policy
then a penalty is subtracted > - ' S
® Agent learns it should avoid <!> , L el
. .O 0. -50 points
the fire paths. V b
©® If agent takes water path
then some areward is ot i
granted | @yv , g g O o poicy i
© Agent learns what path is

safe and what path isn’t.
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P "8 Beyonds Machine Learning? AZINLD

® Combines advances in computing
power and special types of Neural

Networks to learn complicated aERINE

LEARNING

patterns in large amounts of data DEEP
ok LEARNING

@® State of the art for identifying objects
In Images and words in sounds

© Applied successes in pattern
recognition to more complex tasks
such as automatic language
translation, medical diagnoses and
numerous other important social and
business problems

30 1990's 2000s 2010's

s, smaller subsets of artificial intelligence - first machine learning, then
- have created ever larger disruptions.
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e ™ Neural Networks: the Perceptron aziro.

© Mathematical representation of a
biological neuron

@ First implementation by Frank
Rosenblatt in the 1950s

® Rosenblatt's perceptron is activated
when there is sufficient stimuli or input.

(Neurons have been found to perform in, terminals
a similar process, in which experience i
strengthens or weakens dendrites' M,

connections) in
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P ™4 How does a Perceptron Work?

@® Perceptron receives the value of the attributes of an input, just
as dendrites do in a neuron.

© Each attribute has a weight that measures its contributiorito the
final result, which is the sum of the multiplications of inputs of
each attribute by its corresponding weight.

@ If the sum is greater than zero Perceptron returns a value of 1,
otherwise it yields O.

Attribute weights

. 1siS; >0
Dendrites Xp=1 g £ = { ;
0 -
W \ 0siS;<0
Xil
X @ \d;. xl'? v_’ 4 4 T = A
. ‘.( =
/ Xid Si = WoXig# W Xy # WoXpp#. .. + WXy
Al
Synapses 7‘

& 1 Values of the attributes in example i Sum of product of attributes by weights

NEURON PERCEPTRON

= 2 )))

94



(NAZILE

= " Neural Networks NAZH

@® Neurons by themselves are kind of useless, in large groups, they
work together to create some serious magic!

@® Neural Networks are no more than a stacking of multiple
perceptronsin layers to produce an output.

@ Input into one layer that creates an output which in turn
becomes the input for the next layer, and so on. This happens
until the final output signal.

Input Layer Hidden Layer Output Layer

95
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"8 Deep Neural Networks WNAZINUD)

® In the 1980s, most Artificial Neural Networks (ANN) were
single-layered due to the cost of computation and availability of
data.

® Nowadays is possible to afford more hidden layers in ANN,
hence the moniker “Deep Neural Networks” (DNN).

@© Regained popularity since ~2006.
® Rebranded field as Deep Learning (DL)

Neural Network Deep Learning

‘ ;cﬁ“;ai“m/{w)«/
QI
ERORROR

OO

© Input Layer @ Hidden Layer © Output Layer 96
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e ™ Types of Deep Neural Networks  «iaziion

® Feedforward Neural Networks Feed-forwardnetwork
(FFNs, ANNs or NNs) = < (1)

@® Recurrent Neural Networks
(RNNs)

® Convolutional Neural
Networks (CNNs)

@® Autoencoder Neural
Networks (AEs)

Original
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CNN success thanks to GAFA

Simple Neural Network
O\
o O\

[N = -
4‘.:.,-_0.0&.‘.‘\:.0:.'\\
o R

@ nput Layer

Voice/Face/Patterns

recognition on many platforms

- Facebook
- Google Photos

- Twitter
- Siri

Deep Learning Neural Network

ENAZIUTY)

«NAZH D)

@ Output Layer

() Hidden Layer

Patterns of Local &5 ' 3
Contrast

o‘o}o
477

NI
Pt p’;l‘\‘
SELNS

e,

t‘

N\
"p',‘
X

2t

NS

" N\
oto
7
4

DN
g2
Q¢

*.&
2R

L4
S
QQ O
Hvd

HA

Hidden Layer 2
Hidden Layer 1

Input Layer

(Jain, 1996)

Output Layer
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™ Convolutional Neural Networks ez

@® Contain five types of layers:

@®@ Input
® Convolution y B

- e~ -
© POO“ng | predicted
@ Fu”y Connected convlg;l:}t:onal plc::;llei}r:g fully : ynrected class

@© Output. pre

@® Each layer has a specific purpose, like summarizing, connecting
or activating.

©® CNN have popularized image classification and object
detection.

@ Also applied to other areas, such as natural language processing
and forecasting.
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@®© Large variety of supported languages
@ Python, R, C++, Java, Scala, Javascript, Go, ...
® Many statistical methods/algorithms are implemented in libraries

©®© Examples
@®© Scikit-learn
© Google TensorFlow

@®@ Microsoft Distributed
Machine Learning Toolkit

© Apache Mahout
® ...
® But, beware

@®© There are hundredth of tools...
@ ...and new tools every months!

scikit-learn

Machine Learning in Python

Classification Regression Clustering
Identifying to which category an object Predicting a continuous-valued attribute Automatic grouping of similar objects into
belongs to. associated with an object. sets.
Applications: Spam detection, Image Applications: Drug response, Stock prices. : Customer
recognition. Algorithms: SVR, ridge regression, Lasso, Grouping experiment outco:
Algorithms: SVM, nearest nei ighbors, ) Examples Algorithms: k-Means, spectral clustering,
random forest,... =~ — Examples mean-shift, ...

Dimensionality reduction Model selection Preprocessing
Reducing the number of random variables to Comparing, validating and choosing Feature extraction and normalization.
consider. parameters and models. Application: Transforming input data such as

" Goal: Improved accuracy via parameter text for use with machine learning algorithms.

efficiency tuning Modules: preprocessing, feature extraction.
Algorithms: PCA, feature selection, non- Modules: grid search, cross validation,
negative matrix factorization. Examples metrics.

(ANAZIUTY

P ™8 Machine/Deep Learning for scienti

)]
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P "= \Want to try DeeplLearning? NAZINUDY

® https://playground.tensorflow.org/

Tinker With a Neural Network Right Here in Your Browser.
Don't Worry, You Can't Break It. We Promise.

O Epoct Learning rate Activation Regularization Regularization rate Problem type
>l
OO0,000 0.03 v Tanh v None v 0 v Classification

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
Which dataset do Which properties do Test loss 0.522
you want to use? you want to feed in? ) @ - Training loss 0.508
4 neurons 2 neurons
- Lt 3
- @ 3 [}
Ratio of training to
test data: 50%
— o D ,,,,,,,,,
Noise: 0 weig\hlr
: ] E
Batch size THis [o the ot
—e neuro

REGENERATE
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INTEL-IRRIS

A PRIMA PROJECT FOR LOW-COST OBJECTIVES ~ METHODOLOGY CONSORTIUM | PILOTS
SMART IRRIGATION

- |OT+AI
" ILLUSTRATION

Intelligent Irrigation System for Low-cost Autonomous Water Control P R I M A
in Small-scale Agriculture

3’ IN THE MEDITERRANEAN AREA

Intel-




- : ENAZIUTY)
Smallholders & Smart Agriculture? oz o

00 expensive A
00 integrated
Highly specialized
Difficult to customize
Difficult to upgrade
- ey
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. . : “AAZIUTY
lllustration with Intel-IrriS HAZINUbY

PRIMA 9 Intel- June 2021 — May 2024

= N THE MEDITERRANEAN AREA

Intelligent Irrigation System for Low-cost Autonomous
Water Control in Small-scale Agriculture

®©

Use cutting-edge technologies to -
propose highly innovative systems yet o p Decision
@ 2 simple to deploy and adapted to ) 2:&2‘?

smallholders @

s . s o Knowledge
Seamless integration into existing b t“; ¢ Machlne Learning _—
.. q atabase Deep Learning o
irrigation system and/or local customs
and practices

Improve farmer's knowledge on water-relatec Yg*
issues, foster local adaptation oftechnologies, , \
|nc!'(.ease local innovation cap:f\afy and Decision-makers Technology I
facilitate technology appropriation Socio- econom,cactors % experts %%*
Large-scale adoption of low cost smart Tﬁiﬂ 'ﬁ' ‘ 9 Intel-
5 irrigation system by smallholders, Zt;ekr’fl‘_zlders Agronomist Pilot fields
]

stimulating synergies between various \ \ Q /
local actors 104

Farmers
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Low-cost sensors: accuracy? AZINUDY

® Build on low-cost, low-power
loT expertise

@® Increase accuracy of low-cost
sensors by advanced
calibration

' ® Enable deployment of several
' complementary low-cost

' sensors: soil conductivity,

. volumetric water content, ...

® Include agricultural models /
knowledge with corrective &
predictive analytics
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= " Understanding soil water ANAZINUDY)

Source: Christian Hartmann, IRD

@® Low-cost sensors usually measure soil water content
® Soil = a pile of aggregatesQS phases: solid + air & water

water volume capacitive sensors

Geometry of the Schematical view of
aggregates & pores the 3 phases
volume weigh‘r
i T \?a Air W, = ? 1
NI A = ;
I Jw é::_:_:_ —:—I—::I:::I:Z:I—I—I— :—I—I:é VTV ;
| = i A2

Vv W,
Decagon EC5 Gravity SEN193
120 euros 6 euros
= ! ! ! accurate under test

Saturated soil 106



e . WNAZIUVTY
Soil water? Not enough! NAZENUDY

Source: Christian Hartmann, IRD

@ in the soil, the water is UNDER TENSION
=itis hold by CAPILLARY FORCES

\ © Water tension is also needed!

WATERMARK
40 euros
IRD
< 5 euros?
SDEC
100 euros
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Smart embedded control

@ Build on low-cost embedded
& open loT gateway expertise

©@ Implement the “Intelligent
Irrigation in-the-box” vision

©®© Model complex interactions:
water-soil-plant interaction,
evapotranspiration,...

® Embed Decision Support

System (DSS) and disruptive
Artificial Intelligence (Al)

@® Integration of multiple
knowledge streams

@ Fully autonomous

ENAZILTY
«WAZH

JJJJJ

Embedded
Database

GATEWAY

Embedded User :
Interface I

)]
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g™ Edge-Al for fully autonomous systepyi -,

® Embed every thing on the loT gateway to provide a fully
autonomous system forthe "Intelligent Irrigation-in-the-box"

LoRa GW Al Notebooks

Scikit-
XGBoostI e IPandasITensor

1
]

loT - from idea to reality :

WAZINUD)Y)

Integration of multiple TR
chni
knowledge streams “
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™ Edge-Al integration UNAZENUDY
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= ™4 Conclusions WNAZENUDY

@® Internet-of-Things provides the unique feature to make things
"talk" to us: localisation, surrounding environmental conditions,
particular events, ...

@ It has huge potential into helping humanity to reach the UN
SDG (Sustainable Development Goals) ) SUSTAINABLE ¢ &™ ALS

$27 DEVELOPMENT

©® With mode complex sensors such as
cameras, spectrometers, hyperspectral

cameras,... we can get better knowledge ppmm
to further optimize a number of process L]

for sustainable development

@ LIUPPA works for more than

8 years to develop & deploy low-cost loT
in Africa with 4 EU H2020/PRIMA projects
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