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loT=communicating objects
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Uttrasonic fil level sensor
10+ years battery life
IP 66, [-40°, +85°)
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loT added-values come from “NAZILEY
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P " Sense, Monitor, Optimize & Controliazi

2 Firebase CFILARE
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P ™ Top loT applications, 2020 NAZH

o Insights that empower you to understand loT markets
O/%o IOT ANALYTICS
Top 10 loT Application areas 2020

Global share of Enterprise loT projects! Trend?

O,
0 ‘ ha Manufacturing / Industrial

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
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P " Typical loT device WNAZINUDY

@ |loT device can be viewed as a simple Embedded System
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e . “AAZIUTY
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-

Arduino Pro Mini

oo orryx
";'g%*‘gw@ﬁ o
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next-iot-project/ ...... 000000
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STM32 Nucleo-32
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sparlcfun
ESP32 Thing
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@3 &g v

Adafruit Feather iy _ ) (T . .
Sparkfun ESP32 ST T rrrrryyd | nyduino
Thing Tessel 11


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/
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Low-power & long-range radios «azioy

Energy-Range dilemma Energy
Long-range: 5-30kms

20

%02.15.3

802.15.3a
802.15.3¢

2G/3G/4G

802.15.4 Bruetooth
802.15.1

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

Transmitting: TC/22.5/HUM/67 .7 ; about 20 bytes with packet header
Time on air can be 1.44s with LoRa 12
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Do-It-Yourself loT WNAZHNUDY
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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°] 1 6
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B ™ |Integrating multiple data sources waz#

Validator Stats
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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

Temperature of room S25
in Duboué building
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P ™ Automatization made simpler NAZHNUDY

® Use the PUBLISH/SUBSCRIBE model 7 il -
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e MQTT @NAZIUTY

Message Queue Telemetry Transport “HNRAZH )

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

© UPPA/Duboue/+/temp, UPPA/#
HIVEMQ

ENTERPRISE MQTT BROKER

(®) mosauvitto

loT - Event based behaviour

Time series analysis

21.3C MQ

publish broker

Temperature sensor

UPPA/Duboue/S25/temp

insertObs

68 %

Humidity sensor

23



GNAZIUTY

e MQTT+smartphone= 9% (NAZENUD)

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

24




E = MQTT is very lightweight

® MQTT can run on
small loT devices

@® Device connects to

WiFi network
@© Then will publish

datato MQTT topic

sSimple MOTT
cConnecting to

neD

GNAZIUTY
«NAZH

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/

STM32 Nucle@B2

Tinyduino

25
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P ™ Ex: Mosquitto MQTT broker WNAZENUD)

@ Eclipse Mosquitto is an open-source MQTT broker
@© MQTT test broker: test.mosquitto.org
@ |oT device will publish to topic UPPA/Duboue/S25/temp

® On acomputer, usemosquitto sub to subscribe
® mosquitto _sub -v -h test.mosquitto.org -t UPPA/Duboue/#
@© -v == to display information in detailed mode
® -h = the MQTT broker: -h test.mosquitto.org

@© -t »= the MQTT topic: -t UPPA/Duboue/#
26



P " Ex: HiveMQ broker on websocket

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

“AAZIUTY
(WNAZH )

® © ® @ MQTT Websocket Client x e ° @ MQTT Websocket Client o - (~]

< C A Non sécurisé | hivemg.com/demos/websocket-client/ o3 avx @ : A Non sécurisé | hivemg.com/demos/websocket-client/ Q % O

it Applications Clstada aEtie i Applications Liste de lecture
H Iv E M Q Websockets Client Showcase H Iv E M Q Websockets Client Showcase
Connection @ connected N Connection @ connected N/
Publish A Subscriptions A Publish A Subscriptions N
Topic QoS Retain Topic QoS Retain

Add New T¢ i h
booster_pau/test 0 Publish _ testtopic/1 0

Message Message
hello from booster Pau

Messages

[ hello from booster Pau

»

v v |

X
L‘ booster_pau/test

o



. WNAZIUTY)
MQTT in real loT deployment NAZINUDY

4 have no WiFi

~~ @ Use Low-Power, Long
; Range radios, e.g.
N\
NMQTT

w2 LoRa
G ,}5-\ @® Send to loT gateway

A

UBG FARM, SENEGAL

28
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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 publishes to myWhatsApp/0611223344
@ Bob publishes to myWhatsApp/0655667788
@ Both subscribe to their own topic

Lan

0611223344
@® To create a group

@ Alice creates a group waziup-iot

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

@ Subscribe(publish) to myWhatsApp/0655667788/waziup-iot 29




e : “AAZIUTY
™ Creating complex data flows? UNAZINUDY

loT - Event based behaviour

Time series analysis -

E—
publish ae,  [EEE
P ™
Temperature sensor >
& (

MQTT e
broker

insertObs

68 %

Humidity sensor

_ ]

'
[
1
\

——— - —— -l
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" . .without programming? NAZHNUD)

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

31



g "m Node-RED CNAZIUTHY

«NAZH ")
Node-RED

@® Use graphical tools to build data processing flows, allowing

intuivive connection from loT data producers to [oT data
consumers

® 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

aaaaaaaa

wwwww

wwww

httpgot




—~=4 Node-RED blocks

® Increasing number of Node-RED blocks

set

property payload
1 to Hello world

send - to output (15D

\ 4

2 msg[‘payload’] = ‘Hello world';
node.send(msg) ;

09

Nodes represent
reusable pieces of code
and logic. Node-RED
comes with a core set of
useful nodes, but there
are a growing number of
additional nodes
available to install from
both the Node-RED
project as well as the
wider community or

you

Nodes

ENAZIUTY)
“NAZENUDY

Qo deay O
G | mger O
I77 comment

v socilal

- emal O
[ e
o ]
S )

~ storage




GNAZIUTY

P ™8 Simple MQTT Node-RED flow GNAZHN U

© MQTT in-broker: test .mosquitto.org

@ "MQTT in" node listens on UPPA/Duboue/S25/temp

@ "Function” node to correct temperature by -1.8°C

© MQTT out-broker:broker.hivemqg.com

@ "MQTT out" node publishes on UPPA/Duboue/S25/realtemp

®@ "Mail" node sends corrected temp to Congduc.Pham@univ-pau.fr

i1 Applications

nnnnnnnnnnnnnnnnn

UPPA/Duboue/S25/temp function = UPPA/Duboue/S25/realtemp

: Congduc.Pham@univ-pau.fr J

nnnnnnnn



P ™8 Simple MQTT Node-RED flow

@ M N L] ] "
|
@ MQTT Websocket Client % +

A Non sécurisé | hivemg.com/demos/websocket-client/

® "NV

! Applications

'F @HIVEMQ

Q %

Liste de lecture

Websockets Client Showcase

CNAZIUTHY
«NAZH )

np

M
"N
® "NV

OMOMO,

yaml

| €« C ® 127
it Applications
=< Node-RED
Q

rt *
Sol y
L
batch 0
v parser
( n
. csv y
: html )
f . )
json
1 y
I ! 1
| xm J
P
L

v etnrana

Connection

Publish

Topic QoS Retain
testtopic/1 0

Message

Messages

I 20.7

hello from booster Pau

I 20.7

»

»

@ connected

Subscriptions

oo s

booster_pau/test

I UPPA/Duboue/S25...

X

X

5/realtemp
am@univ-pau.fr
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P " 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

-————— HIVEMQ
— ~ Y J/ ENTERPRISE MQTT BROKER

nodered/nodered. txt Is generated by CloudNodeRed.py [ )

=l | broker.mqttdashboard.com ‘

— @ connected .

L]
(®) mosauitto
test.mosquitto.org )

set topic and payload
ccccccc

21.65
0o units 40 3 6
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P "8 Generalizing interactions? WAZINLDY

l’YouTube

v7
U
Uber

37
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" Adding interactions? NAZENUDY

38



“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

39
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PROTOCOLS

Internet of Thii

APPLICATIONS (VERTICALS)
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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

18.9 BILLION
NETWORK
CONNECTIONS

- almost 2.5 connections
per person on earth

YYYYY

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

ENAZIUTY)

“NAZENUDY

As of 2011, the global size of
data in healthcare was
estimated to be

150 EXABYTES

[ 161 BILLION GIGABYTES |

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

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

£ LA S

1 IN 3 BUSINESS

LEADERS economy around

AR
don't trust the information 1 TRILLION A YEAR
they use to make decisions .

Poor data quality costs the US

21% OF 3
RESPUNDgNTS Verac1ty
1 UNCERTAINTY
OF DATA

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

Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS

42



“AAZIUTY

= ™8  but also how to analyse the data,azi s

® 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 4 3




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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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

45




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

Industrial Revolution 4.0 Connects With Web 4.0

l&
| o
q.x;e« 1
=] '*E%‘?
2010: web 3.0
>eople and companies

r»)))))
)

~—
~
~
~r
~r

i — TS
2000 we n1o nected hrough

2015 Wede

et of Th ;

1995: we b0
individual docum

@ loT data are already on
Internet data clouds

© Computing resources using
Virtual Machines can easily be e
obtained from Internet
Computing clouds

Parallel processing

xxxxx

Optimized libraries
Web tools to orchestrate

ONMOMNO.

46



“™ Analysing loT data: what's the tren 2Z'L’m°)

2O)|Srretos

84DA Bystema hos complated @ survay of IT profassionals and thelr cpinic
9N 2cma of the most taked- about technclogas 20 forIn 2018, Tha sunvay,
whioh wi by EOOIT profeesionala Nokxdng nearky 100 op IT
asouthes, foousad on lx tachnology catagorce — artificlal Intaligsnod!
maahing kkamng, cugmansd realty, bloakhahn, S8 compuhg, e
tarnat of things 00T, andvirtual raalty — and sought %o Lnderatand how
Gompankas ara usihg them, which e mos ITpCrtant to helr bushasaes,
how miush thay plan to 2pand cn thak uss, and chalengas thay o Ikaky to
face whan Implmentng,

Respondants
work In
companies
withatlaast
Reapondants work

In componics withat
1905t 1,000 esmployses

)

Most Popular Technologies Currently Using Technologies Companies are investing in

Al/ML

omploysss
60%
Al/ML

TECHNOLOGIES COMPANIES A RE
INVESTING IN MOST

37% Blockchain

Edge
Computing

Edge Computing

TECHNOLOGIES
WITH THE BIGGEST THE USE OF NEW
IMPACT ON SOCIETY TECHNOLOGIES

of razpondsnis
cited tha naad
toInoreses afficknay and
Froductisly, whiks 6257 sk
compatie differantiation
0 49070 2okl amployaa o

e a There must be a

within1-2 years within 1 year current

] reason IoT+AI are

and 41,000,000 annually NEW TECHNOLOGIES

0" Increased reverue

7\
~ Lowsr operating costa = ()
Statt atticloncy (o) i

7
4 Data  Identity Loss  Loss '
Pivacy  Thett  otiob  ofLife

Workplaoa Barvica Portnar, SACA Systems has gahned ghobal scoolsdes e on axcepticnal Sys tems
2arvIoa Providar with proven axpertioe I antarpriss coneulng, cloud platfom migration,
oL oM oppcaton dslcpma: man aged sarloss, Uzar SAIREN and Shanga managam PR 4 7
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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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P "8 The Turing Test

@®@ 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]
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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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P "™ Machine Learning NAZENU D)

© Develops Narrow Artificial Intelligence
systems through examples

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

Train the

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

® Example ) e S} = O
w

® A machine-learning algorithm trained on oo bor Mactine 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
53



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 54
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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
AN @
. T 4 o ®
‘\\ -%d_ O .,‘
A+ 2
\ ‘ ’.
%% T o O -
‘ .’ \\\ ,”‘. .
.“ : \\ ',‘.
S o™ | @
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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

. a a a /| a
the dependent variable AN S NS
: number of cricket chirps ~N )
X ber of ¢ P T e .L..i
Y:temperature Py ¥ Vi R

® Multivariable regression: multiple
independent variables, x,, x,, x5 fora
dependent variable Y.
x,. hnumber of cricket chirps
X,: rainfall
X5. automobile traffic
Y:temperature 59

OTIOTIOTI
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2 CNAZIUTY
P "= Scatter Plot WNAZH )

@ Data gathering on the variables in question

® The vertical scale represents one set of measurements and the
horizontal scale the other

®~C ~ ~ 00T 3 ® o

| | | | | | 60

Number of cricket chirps



© : : CNAZIUTY
BT ™4 | inear Regression NAZENUDY

@ A linear relationship to predict
the (average) numerical value
of Y for a given value of x
using a straight line, called the
regression line.

® Knowing the s/ope and the y-
intercept of that regression
line, it is possible to plug in a
value for x and predictthe
average value for Y. In other S

words, predict the average Y
| ] ] | | |
from x. Number of cricket chirps

O~ C ~Q® ~D0OT 3 ® o

Regression line

N
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e " Simple and multivariate ANAZH

® Simple linear regression: Y =ax + b + u
© Multiple linear regression: Y = a x4 + a,x, + azx; +..+ax, + b +u

Y: the variable to predict

x: the variable used to predict Y
a: the slope

b: the y-intercept

u: the regression residual.
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P ™ Searching for best a and b Az

@ A cost function will usually help
to figure out the best possible
values for a and b which would
provide the best regression line
for data points

@ Then, to find best values for a
and b, this search problem is
converted into a minimization T Global cost minimum
problem whereby to minimize
the error (cost function)
between the predicted value
and the actual value

Gradient

Initial weight ‘

Weight
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P "8 Gradient Descent method WNAZINUDY

@® Gradient Descent is a method of updating a and b to reduce the
error (Cost Function).

@® The idea is to start with some values for a and b then change
these values iteratively to reduce the cost.

@ Gradient Descent helps on how to change the values.

s Cost(a) Cost Function and Gradient Descent
2 in Regression

\ / y
xx, Starting point /

h=y
Predicted value = Actual Value

X

http://aishelf.org/gradient-descent/ 68
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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

A
[\ ==
QA-Q-
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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

73



GNAZIUDTY)

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 "8 Beyonds Machine Learning? AZINLD

® Combines advances in computing
power and special types of Neural

Networks to learn complicated a el E

LEARNING

patterns in large amounts of data DEEP
- 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's  1990's 2000's 2010's

s, smaller subsets of artificial intelligence - first machine learning, then
- have created ever larger disruptions.
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3 @NAZIUTY)
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 )))
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= " Neural Networks NAZE

@® 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.

Feature Parts

Is the input statement
True or False

Input Layer Hidden Layer Output Layer

80
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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 81
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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
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Hidden Layer 2
Hidden Layer 1

Input Layer

(Jain, 1996)

Output Layer
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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

SNOWE
uron a J
weight values J 0 8 6
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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 90

Farmers



- ENAZIUTY)
Low-cost sensors: accuracy? AZINUDY

® Build on low-cost, low-power
l0T expertise ANAZIUT)

@® 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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P "4 Understanding soil water

Source: Christian Hartmann, IRD

@® Low-cost sensors usually measure soil water content

NAZI
«NAZH

® Soil = a pile of aggregatesQS phases: solid + air & water

Geometry of the
aggregates & pores

Schematical view of

the 3 phases

volume

A

i
|

Saturated soil

<—§<—>\<—m<->

"y
B 1

| 1
1

water volume capacitive sensors

weigh‘r

?
g
g
¥

A

Decagon EC5 Gravity SEN193
120 euros 6 euros
! accurate under test
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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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- ENAZIUTY)
Smart embedded control NAZENU DY

““““““““

. @ Build on low-cost embedded
WARZIVED ¢ open 0T 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

Embedded
Database

GATEWAY

Embedded User :
Interface I



Edge-Al for fully autonomous sysﬁﬁ'ﬁé&f&)

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

[SThingspeak]

LoRa GW Al Notebooks

loT —from idea to reality ¥

WAZINUb)Y)

8
h

\\ / ~ 1
owledge
achine Learnin
TE abase
atiol / .
N Geographical Crop
nia typ area 2 \ﬁ Weather
LY

Soil
e
B @ Gk

n
ue

°
Q?p
-]

Integration of multiple [
knowledge streams “




| LoRa GW Al Notebooks

| NAZIUCY

- n [ - "
P " Package: Scikit-Learn l‘?%“rﬁi' [ 53 0 PR

@® Scikit-learn is an open source

machine learning library that supports supervised and
unsupervised learning

@® It also provides various tools for model fitting, data
preprocessing, model selection and evaluation, and many other
utilities

@® https://scikit-learn.org/stable/auto_examples/index.html

S —— amE

- reptes O EEENET | e
D12% e EHOOERE Y. - C
R .- Mk o M i &
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| LoRa GW Al Notebooks

| NAZIUCY

[ £ ]
g™ Package: XGBoost [ oo oot

| Python

©® eXtreme Gradient Boosting is an
optimized open source implementation of the gradient boosting
trees algorithm

@ Gradient Boosting is a supervised learning algorithm whose
principle is to combine the results of a set of data and weaker
models in order to provide a better prediction (regression)

© XGBoost includes a large number of hyperparameters which
can be modified and tuned for improvement

© XGBoost is not part of Scikit-Learn but works perfectly with it
®© XGBoost behaves remarkably in machine learning competitions!

@® Source: "XGBoost: The super star of algorithms in ML
competition". See examples from http://aishelf.org/xgboost/
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http://aishelf.org/xgboost/

GNAZIUTY

P " Jupyter Notebook WNAZINUD)

Web application that allows "7t D
to create and share

documents that contain live o
code, equations, TS e
visualizations and narrative

In [2): np.random.seed(0)
mu = 200
- sigma = 25
X = np.random.normal(mu, sigma, size=100)

fig, (ax0, axl) = plt.subplots(ncols=2, figsize=(8, 4))

@ Data Clean i ng and axO.hist().(, ZC: dens%ty:'x,‘ histtype='stepfilled', facecolor='g', alpha=0.75)
transformation

s = - , 250, 300]
x1.hist(x, bins, density=1, histtype='bar', rwidth=0.8)
axl.set_title('unequal bins')

@® Numerical simulation

plt.show()

stepfilled unequal bins

@® Statistical modeling

© Data visualization -

® Machine learning, and o] . ‘ II |l
more.
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Edge-Al integration: JupyterLab «iazi 0

_

<« cC @ © # ~o 192.168.1.4/admin/pages/jupyter.php o 2L IND & O » =
Admi
€ c @ © % 192168.1.4/admin/pages/cloud.php @ - @y GatewayWebAdmin tHdAZIURY = 2021-05-15T21:17:54 [offline] RPN AL | Shutdown [

: File Edit View Run Kernel Tabs Settings Help
2021-05-15T19:31:19 [offline] [iR*4

Gateway Web Admin  #AAZIU
@ Launcher X W Wazihub_competition.ipynk X

B+ XD » = C » Code v

+ [ ] k4 [¢]

/ WinnersSoln / Hamadi / python3 O

-/
(# Gateway Configuratio
ateway iguration o Name v Last Modified
(1:

W predictions 9 months ago

Cloud

#smatplotlib notebook
%matplotlib inline
#matplotlib widget
import pandas as pd
from numpy import array

&, Gateway Update
B [ Wazihub_competition.ipynb.invalid 9 months ago

[® wazihub_competition.ipynb aday ago

A System

@ Wazihub_competition_workingcopy.p) 9 months ago i
[OSELUSIUIN ThingSpeak  Cloud Nolntemet  Cloud Gps File  Cloud MQTT  Cloud Node-RED | % : o RIEORYRY. 9 f"'""": "“’::Y as np
" Wazihub_competition_workingcopy.nbc... 9 months ago import ma! "
Wazihub, - i s ° i from xgboost import XGBRegressor
L] lazihub_competition_workingcopy.ipyni months ago i i
When enabling a new cloud, you need to reboot for changes to take effect. o A A 9 from sklearn.metrics import mean_absolute_error
W Wazihub_competition_save_model.ipynb 9 months ago from sklearn.model_selection import train_test_split

It is possible to change a cloud parameter at run-time although it is recommended to reboot.

Date/Time: 2021-05-15T19:31:19
no upload with CloudWAZIUP.py found

Enabled [server offline]

project name

organization name

service tree

username

password

from sklearn.impute import SimpleImputer

%] Wazihub_competition_process_time.ipy... import matplotlib.pyplot as plt

9 months ago
M W Wazihub_competition_perf_counter.ipynb 9 months ago

?- -

© % -0 192.168.1.4/admin/pages/jupyter.php b A T\ IO - »

sz 21174 oo [T T R D -

_ 2

<« c @

m

Gateway Web Admin  tWAZiUpY =

: File Edit View Run Kernel Tabs Settings Help

= + B * [&] & Launcher X m

™/ - /WinnersSoln / Hamadi / B + XO O » m C » Code v Python3 @
o Name ¥ Last Modified B -

M predictions 9 months ago init = time.perf_counter()

9 months ago # Read Training data

B [ Wazihub_competition.ipynb.invalid
train =pd.read_csv('Train.csv')

- ™ wazihul

-ompetition.ipynb a day ago

% @ Wazihub_competition_workingcopy.py 9 months ago # Plot Training data
| Wazihub_competition_workingcopy.nbc... 9 months ago plt.plot(train.index, train[['Soil humidity 2','Irrigation field 2']])

plt.show()

| Wazihub_competition_workingcopy.ipynb 9 months ago

0

Wazihub_competition_save_model.ipynb 9 months ago data_io.append(time.perf_counter() - init)

M| Wazihub_competition_process_time.ipy... 9 months ago

* | Wazihub_competition_perf_counter.ipynb 9 months ago =
| Wazihub_competition_load_predict.ipynb 9 months ago «©
@ Wazihub_competition_fetch_predict.py 9 months ago
" Wazihub_competition_fetch_predict.ipy... 9 months ago &
" Wazihub_competition_fetch_predict_be... 9 months ago 0
[ VvariableDefinitions.csv 10 months ago
B Train.csv 10 months ago =
E3 submission.csv 9 months ago -40

3 SampleSubmission.csv 10 months ago

0 5000 10000 15000 20000 25000

" populate_mongo.ipynb 9 months ago

A list_coll_mongo.ipynb 9 months ago init = time.perf_counter()
9 months ago
9 # Extract pressures

O Hamadi_fieldd.model
O Hamadi_field3.model 9 months ago pressure_list = train['Pressure (KPa)'].tolist()

Ii Hamadi_field2.model 9 months aio pressur thout_nan = []

99



(NAZILH

P ™= Conclusions WAZE

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

@®@ After many years of maturing loT technologies...

@ ... current trends is to optimize loT for verticals

@ loT is a concept made possible by technologies

@ loT concept allows for collection of massive amount to data

@® Optimizing for verticals means take out the most of these data...
@ ... to find correlations, predict trends to...

® ... give meaningful information to end-users

@® It is a huge opportunity to provide low-cost, efficient systems
that can be deployed "out-of-the-box"
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|OT_2: Unleash the power of loT data

Booster Pau — Learning Capsule — 2021

Prof. Congduc Pham

http://cpham.perso.univ-pau.fr
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