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“En los ultimos 10 afios se han
producido mas conocimientos que en

los 10.000 anos anteriores”.
Bill Gates, 2009

Estamos desde hace mucho rato en
la Civilizacion del Conocimiento



Introduccién ala lA
IA en Smart Grid

IA en Produccion ¢Qué es Inteligencia ...?

IA en Telecomunicacion
Futuros retos

El cerebro humano es 3 veces mas grande, con una red neuronal
mas densa e interconectada, con mas de 80 millones de
neuronas que funcionan de manera conexionista distribuida,
siendo la base de la inteligencia

Segun el diccionario de la

Capacidad para comprender o entender.

Capacidad para resolver problemas.

Conocimiento, acto de comprension.

Sentido en el que puede tomarse una proposicion, un dicho o una expresion.
Habilidad, destreza y experiencia

Inteligencia: capacidad de adquirir y usar
conocimiento
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Introduccién alalA

IA en Smart G_rid , . . cre o

IA en Produccion ¢,Qué es Inteligencia Artificial? )
ANOS

Capacidad de las computadoras para realizar tareas que
normalmente requeririan inteligencia humana.

Abarca la ciencia e ingenieria dedicada a disenar y programar
computadores que ejecutan tareas que requieren inteligencia si la
hicieran los seres humanos

Es interdisciplinaria: neurociencias, logica matematica, psicologia, teoria de la
Informacion, ciencias de la computacion, entre otras.

* inteligencia artificial estrecha (ANI)
 Inteligencia Artificial General (AGI)
« Superinteligencia Artificial (ASI)
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Vision Artificial:

Razonamiento: v ) S .
Comprender y analizar imagenes y videos

Resolucion de problemas mediante inferencia: deductiva, @
abductiva o inductiva

F En esta década,
practicamente =
~= todo software tendra algo de

Compu
treS t€ .. i e e e e
Redes neuronales artificiales, Logica
difusa, Computacion Evolutiva

Planificacion:

alcanzar

QIdLciiad auwv-viyaitizauus Y

autonomicos
Sistemas que se auto-regulan con capacidades que
emergen
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Es un sistema (quizas computacional) que esta situado
en un entorno, que es capaz de realizar acciones

autonomas flexibles en ese entorno para alcanzar sus Mecanismos para/de
objetivos
e resolver un problema
Sensares e « planificar sus actividades /tareas

* representar el conocimiento

Acciones

“Actuadores

e razonamiento

AGENTE

e aprendizaje

% Sistemas MultiAgentes ‘ 1A
s y 5us Aplicaciones en Automalizacion ln' I’ L p e r C e p C I O n
§ g

comunicarse
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ARNOS

Robots Sociales

Avatar

https://www.alamy.es/avatar-chica-con-pelo-largo-y-oscuro-avatar-y-
rostro-unico-icono-en-el-estilo-de-dibujos-animados-de-simbolos-
vectoriales-ilustracion-web-de-stock-image213116418.html
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ARNOS

Introduccién alalA
A on Prociccior Sistemas Multiagentes 25

Es un sistema informatico formado por un grupo de agentes que
interactian entre si utilizando protocolos y lenguajes de
comunicacion de alto nivel, para resolver problemas que

pueden estar mas alla de las capacidades o del conocimiento de
cada uno.

Vehiculos Auténomos en una ciudad



http://www.alltheweb.com/go/1/IB/img/http/griffinross.com/ross/photoindex.html
http://www.alltheweb.com/go/1/IB/img/http/griffinross.com/ross/photoindex.html
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¢Queé introduce loT?

El Internet de las cosas (loT) es una red de dispositivos "inteligentes" que
se conectan y se comunican a través de Internet para intercambiar datos.

| Neve
A) Control de productos
- Existencias

\ 5 EI Chip RFID contiene
-------- Informacion del alimento:

Vehiculo autonomo

- Caducidad
= Valor nutricional

) - v 7
it - U
. . ’ B .:/ ‘[‘_)_‘
Nevera inteligente Travelmate pe

Implante de monitoreo cardiaco
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Introduccién ala IA
A e Prodestér loT: Generados de datos 25

ARNOS

Estos diSPOSItivos inteligentes recopilan datos tiles con la ayuda de varias tecnologias, y
luego procesan y hacen que los datos fluyan de forma autonoma a otros dispositivos

Mas
: ., Importante
La combinacion de loT e IA
c ono . . , A ’|' H

ofrece muchas posibilidades: SLUTL Analisis de datos
Automatizacién y optimizacion
Interaccién inteligente

La posibilidad de comportamientos

Informacion emergentes

Menos “Toma de decisiones Autonoma

Importante

11/60
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Los datos son el nuevo
petroleo de la economia

Analisis de Datos es |la

ciencia que examina datos en Los datos pueden "hablar*
bruto con el proposito de
buscar conocimiento, sacar Descriptivo Predictivo Prescriptivo

conclusiones, generar
Informacion, entre otras

COSas. Optimizacion Identificacion Diagndstico
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36 Mineria Semantica
- s R

o ‘l' —:_\ 7 'l o ~

- y A Ontolégica INTRODUCCION A LA

_ W g 7300 P4 De |la web MINERTA SEMANTICA

SRR == De datos semanticos
. , Del texto
Mineria de Datos

Mineria de Cualguier Cosa:
es la electricidad actual de la economia

Mineria de Procesos A s i
‘\\w\éﬁ‘ﬁu»]\ y

Teoria Realidad \ ; l ’0 ﬂg?: !
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= s Mineria de Grafos
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La IA esta programada para actuar sin intervencion y
control humano y tener la capacidad auto-
adaptativa de sus propios recursos

Plan
. -
Actuador [.. 5
a ios de
e entos
a

Ejemplos son las aulas y hogares
inteligentes, que combinan varias ramas de la
|A para realizar tareas sin supervision
humana, e incluso definir sus objetivos
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Cerebro y coloniade hormigas son la suma de miles de
decisiones de sus componentes interactuando

Hormigas T
aTomonas AN,

Colonia de (arohen himan
hermigas 2212059 NARENY

Comportamiento de un sistema, que = @MNEIrge"™ de las interacciones
entre sus componentes, dificiles o imposibles de predecir.

Emergencia 25

ARNOS

Inteligencia Colectiva o Social
J

Intreduccion o
los Sistemaos
Emergentas
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Las Tecnologias de Informacion, Comunicacion y Automatizacion (TICAS)
se estan desplegando por todos lados

Es el conjunto de sistemas que hacen posible |a adecuacion de un
ambiente (salon de clases, museos, casas, etc.)

» Integra todos los dispositivos con capacidad inteligente y autonoma, en la dinamica
de actividades del entorno
» Dispositivos y software se auto-organizan

Analizar:
Interpreta las situaciones que acontecen en el proceso que se
esta estudiando: detecta, comprende, diagnostica, etc.

Toma de decisiones:
Define acciones a tomar sobre el proceso, con el fin
de alcanzar el objetivo definido para el ciclo..-

e=—

. V&
Monitoreo: \%\
identifica, captura, pre-proces i

las variables del proceso bajo B

estudio, ase de Conocimiento (Modelos)
T———— PROCESO ACODAT
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Introduccion a la IA
A Sistema Energético 25

ARNOS

Contexto

Fuentes de Energia clasicas

J. Aguilar

17/60
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ARNOS

Contexto

Fuentes de Energia muy diversas

Prosumidores

S
"o\\‘
| |

Consumidores

J. Aguilar

17/60
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ARNOS

Introduccion a la IA
A Sistema Energético 25

Contexto

Fuentes de Energia muy diversas

Prosumidores

i
Almacenar
@ 12
b ? ”’\, < o Energiarenovable
&F e
Almacenar
| Vehiculos & B
1@ eléctricos Vehiculos
eléctricos

Consumidores

J. Aguilar

17/60
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Introduccion a la IA
A Sistema Energético 25

ARNOS

Contexto

Prosumidores
[

Almacenar

=
>
#3 &'v o

=

Almacenar ﬂw@

Vehiculos Vehiculos
eléctricos eléctricos

Consumidores

Democratizacion de la produccion

17/60
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ARNOS

Una red inteligente energética integra el comportamiento de sus usuarios para asegurar un sistema
energético eficiente, sostenible, de alta calidad y fiabilidad de suministro.

Energy Management Systems (EMS)

Energia

Intermitente

Variables

Consumo de energia de los

Funciones

Optimizacion de las

Se almacena conectados. edificacion.
Movil Comportamiento de los Automatizacion de la
Micro-grid ocupantes. gestion energeética

Patrones de uso de energia.

Costos.

Factores ciclicos o
estacionales.
Datos del tiempo.

J. Aguilar

18/60

Supervision de servicios
Control de servicios y
funciones

Seguimiento del estado
del edificio y de las
condiciones ambientales.
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Energy Management Systems (EMS)

Gestion Sistemas Planificacion de
Climatizacion ——— Cargas Controlables
o I R \
“’V Control Emergente nergiarenovable
ﬁ de Micro-redes s
Arecenswm AR '@ Andlisis de

loT y Energia’ s

Datos energéticos
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Sistema Energético 25

ARNOS

Arquitectura de gestion autbnoma para sistemas de climatizacion (HVAC) en
edificios inteligentes:

Control
{Data-driven)

ACODAT

HVAC
System

Comfort
Energy
Performance

Optimization

Actuators
BMS >
1
1
1
l -
i Basic Co-ntext Operation
Recommendation5: Selection "~ Modes
" {Context-awareness)

1

1
Multi-HVAC |
Operational Modes |, :
Search :
{Data-driven) |

1

Context }
e

- Teatro Real de Madrid




Introduccion a la |A

IA en Smart Grid

IA en Produccién

IA en Telecomunicacion
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Arquitectura de gestion autbnoma para sistemas de climatizacion
(HVAC) en edificios inteligentes

Activities

Schedule N\, & e
Meteo/w HVAC

Forecast (Tey7) Engineer

Un? AN laec tarnaec AAa AADN: Inctriiction Sheet

Problema
multiobjetivo

LZIVIIITITIITUl]l VU OLUVU OV

TEX': Tr

Min

Mingyacpge P (HVACyge,t),
Cos te(HVAcmoder t)r cop global (HVAcmode: t);

Comfort(HVAC o4, t)) Maximizar Confort

21/60
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Control inteligente de Sistemas de
climatizacion en edificios inteligentes

Control difuso para un sistema HVAC

Pump/;\”:
)
Chiller/ Boiler o
v - LAMDA como controlador
Outdc)% 0 o Vie
Dampers }' \ / Filter Cooling / Heating ° LAM DA'PID,

5 coil 5, X — " AMDA u(k)  LAMDA-SIliding Mode
| _— t & | controller [ »  Plant > X(k+1) Control based on Z-numbers
Exhaustair A ‘ . (ZLSMC)

nh \ B, «  Adaptive LAMDA
@ \ S x(K)
\ | LAVDA |« 7t |
N _ Idenﬂ‘f{er <
—————"" N
4
7t |
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Introduccion a la IA
A Sistema Energético 25

Control inteligente de Sistemas de
climatizacidon en edificios inteligentes

GAD Class 1 R(l).
GAD Class 2 [ .
GAD Class 3 — . y - . B
IF {%, is F{ and ...,and %, is F¥} THEN {y;
T %

GAD Value

U; and V}, respectively,
O n r O \Ber of features and m

Disturbances

15+ u |
01 | O] Hvac-
0 50 —»  WDT T(t)
Object || system

In this case, LA
using the first-order T-S inference method,
where G/ = q’:

n
u= BZ q“GAD, 3z B =
k=1

max(q*)
2:1 qk GADk,max(}?)

23/60
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Puesta en marcha del sistema de
climatizacion multiples

Tr
! o startup »«— sustained > ‘ N C O D ‘ \ I ACODAT
To P Optimization Module
OpM (optim
smart weight Multi-HVAC System 1 OpM change required
* or OpM evaluation
Current OpM

and OpM
Tr0 -t candidates
tO tstart t1 t2 tend tevent System Data y

) Supervision Module

»
»

loT Devices

Context Data

Problema

Identification of an abnormal situation

during the initialization process of the Determination of the new configuration
muItl-HV_AC system of the multi-HVAC system

Information of the process to reach the Information about the multi-HVAC
setpoint system and context

Classification —
Optimization

Random forest, linear regression, etc. Evolutionary approaches

24/60
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Puesta en marcha del sistema de

L climatizacion multiples
Deteccion Individual
% of correct

Classifier ML selpected flr:om the
Technigue on Y onditign degradation Pareto rco:gtp
regression ' omfort)
0.91
93% (33, 6, 0.5)

SVM 0.83 94% (34, 2, 0.09)
(37.2,4.1,0.23)

95%

| |
Hyper-volume measure on the formulated problem
I l I I 32.3,3.6,0.11
e Serjes] e Series2 MoPse I t e I I g e t e 96% ( )

(41.1, 2.4, 0.02)

seed 2

0.8 : § 91%
0.6 en uno de los subsistemas de HVAC).
2. Aceleracion abrupta del proceso de
y \ puesta en marcha 2 and c 90% (41'9’ 4.2, 0'6)
seed 4 & M) seed 2 3. Consumo energético excesivo.
(62.3, 2.2, 0.08)
Suposiciones del OpM: 3and a 81%
a. Todos los subsistemas HVAC estan (61 1420 4)
disponibles. 0 A, 4.4, V.
seed 3 b.  Sdlo se utilizan bombas de calor agua- 3andb 78%
aire.
5 il i 61.8, 3.9, 0.06
C. Solo se utilizan enfriadores de agua por 3andc 820 ( )

Reconfiguracion o
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Supervision de un sistema multi-HVAC

Autonomous Cycle ) . - ——
Failure identification
Supervise each HVAC subsystems of a multi-HVAC system and its different components
HVAC system
Monitoring Tasks Environment
Task 1 (Data preparation): Application of data science B CIaSSiﬁcation
and cleaning techniques.
l K-neighbors, MLP, ...

Task 2 (Failure detection): Fault presence determination. B

Classification model

-~

Failure diagnosis

Analysis Tasks

! Monitoring
Task 3 (Fault diagnosis): Determination of the origin of Ijﬁ

the failures and their possible causes.

HVAC subsystems

-~

v Failure’s origin identification
Making Decision Tasks

Task 4 (Notification): Notify against situations detected
and diagnosed.

+ Possible causes
D Previous task
Clustering

Kmeans, etc.
AC O DAT Diagnosis model
Failure detection
analysis
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Supervision de un sistema multi-HVAC

[ I 4
Deteccion
g COP FRIO1 POTENCIA FRIO 1

Data Model
MLP regressor 70.6% 0.254
K-neighbors SV 0 61456

COP cold regressor

group 1 gradient

| | ,
boosting
= Supervision
MLP regressor
K-neighbors

COP Charles regressor - -

| © inteligente
boosting
regressor

Diaghdstico =~ = s

Silhouette Coefficient

NOTIFICATIONS

No. Clusters

0.48 /N A S A ;
0 5 1 Machine GRUPO FRIO 1 off or Check the anomaly derived Check the anomaly derived
o starting. from the value of POTENCIA from the value of POTENCIA
o1 TERMICA GRUPO FRIO 1.
0.49
0.41
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Audio para la estimacion de ocupaciony
actividad en edificios inteligentes

Sistema Energético

Caracteristicas acusticas _ _
3 Tipos descriptores

- Basada en Ingeniera del Sonido
- Basado en estadistica
- Basada en Series de Tiempo

 Frecuencia dominante
 Volumen 60 dB
* Tiempo de reverberacion

—— T
@‘ Acoustic Features Engineering
| Audio data sct | Set of global features | | Best subset of features |
A= a; = S =
@ a, Qg fl f2 f Feature selection f 1
<3 az Qs Feature f3 9 — fZ
3 a extraction [ fS —»{ * Search methqd. H» f 5
2 T 4 a Ag f 4 f6 * Quality metrics.
26 -23 -21 18 -15 12 9 6 -3 a7 8 f_? fB fS f
Loudness Q10 A11 fio fi1 3
gl an fp " fk




Introduccion a la |A

IA en Smart Grid

IA en Produccién

IA en Telecomunicacion
Futuros retos

Sistema Energético

25

Audio para la estimacion de ocupaciony

Actividad en un entorr

Normal levt
loudness

Occupancy

Long reverbe
time and low le
loudness

High domir
frequencies ani
level of loudn

High

Medium level of

Overcrowded
loudness

actividad en edificios inteligentes

Comparacion entre los valores originales y el valor de
niiactra madala ~on g ocupacion y actividad estimadas

Estimacion de
ocupacion

22,847 45,090
0,847 1,090
Low Low

f.med/sfm/sta f.med/sfm/sta

| | ong . . e 0 0
nility/nonlinearit  bility/nonlinearit
I n t e I I e n t e y/max-level- y/max-level-
shift/ndsi shift/ndsi
[Movie Theater/Food Fair _
Congress/Symposiu S Activity Cleaning and Cleaning and
m Estimation Maintenance Maintenance
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Sistema Energético

23

Analisis de los patrones de consumo de energia
utilizando técnicas de aprendizaje en linea

Analisis del Problema de Pronostico de Consumo
Energético en Edificios Inteligentes usando LSTM

Relacion temporal de variables

Stream of data about
energy consumption of users

Multiple Linear Regression Group 1: PC1 and Skyspark

2”:0‘30:;6:&0!92 S'"r’p.'el Group 2: PC1, PC2 and Skyspark —
dtocorreiacion parcia Group 3: Original Variables and Skyspark [LAMDARD | o atmacnstaton

ARIMA Smart

»| Management
Analysis of the t'raceability of the e
energy consumption patterns
PC1 PC2 PC3 PC4 PC5 PCE PCT

E 0453218 0117168 0112799 0103774 0.096222 0070331 0.011433 a) Evolution of the Centroide for Cluster 1

g o5 \ 0.1460

8 0.1440
.\ MAPE Period (b Silhouette  TET
z \ 0.10 0.74 trimester Harabasz 0.1420 0.1421
- 03 \ -
\ 0.11 0.72 1559 0.65 0.1400 1203
fal 1675 059 |
s | 0z | o 2334 045

> I 2676 0.38 |
2 ™~ 0.1340
o oo
e 1 5 - - - Jan-Mar  Mar-Jun  Jun-Sep  Sep-Dec
P PCs

Explained variability
ratios by each PC

EVOLUTION OF THE ENERGY CONSUMPTION VALUE OF
THE CENTROIDE OF THE CLUSTERS DURING A YEAR
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Gestion energética del consumo de energia
para dispositivos de carga controlable datos

ACODAT )
—
/ |
Estimation of energy - // ‘|
produftion(suw 7_:7/"‘"*- — | Generation of hours
/ | | ofuse of appliances
i | Estimation of energy _,I‘. — PP
I 1

y 7_7_7_7_7_7 )/,
r‘-‘ / Cost ‘/ //
[ ] /
/ / 7 L /
[ /| Estimatioast

[ )] Estima “Estimationorenesgy,
f #~ energy demand demand of
[ ’," of controlled

‘ : uncontrolled load
[ load devices
| / S

devices
| / e ]
[ /

Redes inteligent
COES MICIGEIES Ol =

Uncontrolled load devices

HVAC systems (12000 kWh/yr)

DHW (3000 kWh/yr)
Refrigerator (1200 kWh/yr),
home lighting system (1200 kWh/yr).

Hogar

D 000 360
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Tarea de estimacion de demanda Tarea de estimacion de oferta de
de energia energia

Prediccion de la energl'a solar producida Electrodomésticos asociados a cada actividad

Technique |[Number |Number MAPE Activity A§S°C'at6d App“ance_s
of lavers | of epoch Cook Dishwasher, electric

0.07 0.07 0.90 pressure cooker

Eat Dishwasher
B NN 3 50 0.09 0.10 0.74 Party Vacuum cleaner
4 50 0.08 0.06 0.88 Enter home, Washing machine,
5 100 0.08 0.04 0.89 Personal tumble dryer,
hygiene

Variables .., ,
Prediccidn de la demanda de energia

- distance-to-solar-noon (in radians), del lavavajillas

« temperature (daily average temperature, in degrees Celsius), Techniq |Number |Number |SME MAPE | R2

«  wind-direction (daily average wind direction, in degrees, 0- ---
360), 0.04 003 0092

+ wind-speed (daily average wind speed, in meters per second), BNN 3 50 0.1 0.13 0.83

+  sky-cover (in a five-step scale, from O to 4, being O totally 4 50 0.1 0.06 0.90
clear and 4 completely covered, visibility (in kilometers), 5 100 0.08 0.04 0.91

Prediccion de la demanda de energia de la
Prediccién de la energia eélica producida ... lavadora ...
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Tarea para programar el uso de dispositivos de
carga controlable

1207y (]2 Ay — (ZPoy Pl + Z521BAT,) — ULD})| < ;) ) Uso enerata

Planificacic’)n

wrga requerida

Inteligente para

Casos de carga control
ind B =10

==ww==  unhogar s

D —

min(R + aF)

)r Value Gene

Washing machine, DiS...vaciicr, v avaun vicwnios ) r.
K] Washing machine, Dishwasher, Tumble dryer, 26 0 31 0.2 41
Electric pressure cooker, Vacuum cleaner,

_o 28 0.4 41 05 53

ER 32 52 3.5 57 51 82
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Control Emergente basado en el Modelo de Umbral de Respuesta para una

Micro-red
e Photovoltaic agent
A
EXCHANGE AGENT
PV AGENT su% @ 2
L S t
PE oy {j@} P PET P gpy (1) = EV( ) - Modelo de
§ oo : @P:> N spy(D)* + Opy (D) Umbral de Respuesta
PHOTOVOLTAIC PANELS Pear ; med
T
Punc 11
== T~ £ — =] —
1 W | NON-CONTROLLABLE LOADS
STORAGEAGENT{(?\I:}' 1 : MBLE‘& i ﬁ?;q Spv(t+ 1) = Spy(t) + WPV(PPVmax(PL + (1 — SOC)QCAP))
o m T
Isimjim% _ _! @ | kC(:)NTROLLABLE LOADS

LOAD PPV P
E AGENT Opy (t+ 1) = Opy (V) — Bpy P_L At+ ypy (1 - —)A
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Control Emergente basado en el Modelo de Umbral de
Respuesta para una Micro-red

Normal operation of the microgrid with constant demand

o a r 1N .

A AT CO I S U M O
o Inteligente en || I I

Ppy
i:[l o 8 8
]

P BAT
o

© ==
9 el el CY SRR
@] CASE3 CASE4 CASES CASEB CASE7 CASER
vy
o} i | | | [ |
B BATTERY MSOLAR PAMEL EXTERMNAL SOURCE
T T
. 200':
o
100 T
0 T T
o % T T
200 |
< 0 \ o I i I i {
200 |— H H
0 24 48 s gg 120 144 168 192 216 240
PEAKS Time (HOURS)
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Configuracion de sensores o0ptimo para para una gestion de energia

tolerante a fallas para edificios inteligente

Definicion 1: Diagnosticabilidad. Este es un
sistema que puede detectar y aislar todas las fallas
consideradas.

Arr
Definicion 2: Analisis estructural basado en residuos
para diagnosticabilidad. Explora las propiedades de un A
sistema utilizando un modelo estructural, ya sea en forma M
Arr,

de matriz de incidencia o grafo estructural.

olalolololalela s
B> 4
b\():\ﬁ

51

Definicion 5: Grafico bipartito. Es un triple ordenado G = (Z, E, I'), donde Zy E son
conjuntos de vértices, ZNE = 0, donde Z =Y UX UF, y I' son los arcos establecidos en G.

M i n HVACmode,t(Pconsumed(HVACmode’t)’ COSt(HVACmode’t)’ COPgIobaI(HVACmode’t)’

Comfort(HVAC,,,4e:t)

e f.tof,: fallas en los sensores de emperatura en
36/ 60 cada zona.

Definicion 3: La matriz de firmas de fallas

Norma

o O O O

B O KR R

f,

1
1
0
0

Signature Matrix

fa

- O O O

oS » BB O

fs
Detectabilidad y
1 Aislabilidad
0
1
1
Sensores:
« P consumed (HVACmode!t): Qﬂuid(t)s Pfuids ¥
AT yyac(®.

e Cost(HVAC, o4 t): TE;.
e Comfort(HVAC, 4, t): sensores para la
temperatura ambiente actual en cada zona.

Fallas:

e f,: Fallas en el HVAC.
e f tof;: fallas 4 sensores en el HVAC .
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—» Circuit —
/ [~ preparatlon _l
«Livestock Health
« Soil condition
«Water condition Mg;;:;m
«Catile feeding.
Alert system
Decisions Everything Mining "y
Anim — Animal
\ fattening purchase /
( r )
A9
\%‘J
Data analysis Visualization Storage
A 3
e N
| aldg
{p 'ﬁ) ')))
Communication
\_ Gateway Net\n: K Cloud y

Weather Forage
L

Sail Water

W

Animal behavior

Weighing

J

.

SBI"ISOTS

)

ssauisng

juswabeuew ejeq

HomisN

Bupojuow

siafeq

4. Business: This layer is in charge to
improve the beef-production process
using ACODAT for decision-making.

P

Reflective

3. Data management: This layer stores,

verifies, pre-processes, and protects
data. These data will be made available
to the beef farmer.

2. Network: This layer is in charge of
communication between the sensors
and the server in the cloud.

Base

1. Monitoring: This layer captures
soil, water, animal behavior and
climate variables through loT-based
Sensors.

;’5

ACPLF-000

General E

| ACPLF-001 £ |

h 4

Circuit
preparation

£y

Everything Mining ACPLF-002 E

| ACPLF-003 & |

'

Animal Animal
fattening purchase

ACPLF-001 (Circuit preparation): This is in charge to prepare
paddocks.

ACPLF-002 (Animal purchase): This is in charge (i) to select the best
supplier and (i) to select the animal lot with the best characteristics.

ACPLF-003 (Animal fattening): This is in charge to manage the
animal's fattening process.
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ACPLF-003
Animal fattening $:|
Predictions generated by the Prescription generated by the
weighting task vaccination task
1. Weighing task E
o ) Lot 1d Animal Id Age Weight Predicted weight Lot Id Animal Id Prescription
Weighing by animal
L20-034 00733 1,6 320 319 L20-034 00734 Anti-partisan
L20-034 00734 1,6 300 325 L20-034 00734 Genabilic acid
| 3. Rotation task E v L20-034 00735 1,4 340 338 L.20-034 00734 Mineralized salt
) ) 2. Vaccination laskE
Moving the animal
to the best paddock Animal vaccination
Planning process
£ Assignment model generated by the rotation task
Lot Quantity Average Date Date Occupancy Resting
Paddock
Rotation to fin|5h|ng 1D of animals weight in out time time
paddocks

L20-034 28 300 4/01/20 B/01/20 Fo45 4 45
L20-034 28 303,6 8/01/20 12/01/20 P048 4 35
L.20-034 28 305,4 12/01/20  14/01/20 P049 2 36

”’ Aﬂ‘f-mﬂj we;ghr = 4‘5{] L20-034 28 307,2 14/01/20 16/01/20 P050 2 37
L20-034 28 309,9 16,/01/20 19/01/20 P0O55 3 38
L20-034 28 311,7 19/01/20 21/01/20 P0O52 2 39
L20-034 28 314.,4 21/01/20 24/01/20 PO59 3 45
L20-034 28 3186,2 24/01/20  26/01/20 POGO 2 30
L20-034 28 318 26,/01/20 28/01/20 POGS 2 as
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Self-supervision: ldentification + diagnosis

Task 1 Task 2

(0] OA 55> v m

- Aoe % = ¥

> ! Identification & . P s

- l» \ 4 ' ¢ Model = et
} s @ \/ prt”
é z el :;.c‘.'
o el Feature Extraction Ideal weight ranges woR W w w
) . weighing system
Grazing rotation

Lo Y
. zootechnics \’V‘;m @

Anomaly detection

oo ‘: & b ‘ Paddoc ‘ ﬁ f && Evolution of rules

l I : 2 i : Yes No
@ = Concretor <= Inference engine H Rule base }4— Diffuser %-{ 'r D'Saygsrt‘grsr:'c]Q S

ﬁrﬁ%}(—Animal health
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Anomaly Identification in a beef production

process.
Production
process
' g
1]
@
‘é‘ | | Feature
Q. extraction
g Age Weight
z
§ Animal breed|  Gender
= ),
@
) ‘ |
[l BN Model
v Fbuilding
Identification Model Bl
, | 2
S E >_Ideal weight
N | @ ranges
» e § i
@ r & Y
§ vl LW =,
a ot
L
§ ~ Outlier
g detection
=
- Y,
Anomaly
detection

— Ideal weight

450

400

300

250

500 1000 1500 2000 2500
Days

Ideal weight-curve versus real weight in
AC breed, female

EXAMPLE OF ANOMALOUS DATA DETECTION.

Actual Example ideal

Days Weight Breed Gender Weights State
. [332, 368, ..., .
600 361 AC F 373. 387, ] normal
< [309, 374, ..., . i
600 259 BAC F 344, 368, .| abnormal
[311, 363, ... . .
600 285 AC M 387. 373, ] abnormal
- 1325, 412, ...
678 421 BC F 402. 382, ] abnormal

Angus x Zebu (AC); Bon x Zebu (BC); Zebu x Angus x Zebu (CAC);
Zebu x Zebu (CC); Holstein x Zebu (HC); Bon x Angus x Zebu (BAC);

Precision farming 25

ARNOS

Models for precision farming:
Diagnosis model

Fuzzy classifier capable of diagnosing the causes of weight
loss or gain in rotational grazing cattle.

X2
A
Fully Rule Bases
= wmiveis s > Rule Rule Rule
t.'/"-{ﬁz o~ 13 7 8 9
. q c 1> Rule Rule Rule
; 1 Input L 1k 4 5 §
§ X—/ § 2
= 1> Rule| Rule Rule
/ s 'Q o I e | B
! T ™ Al Fx11A12 A13
. P X1
Ideal wellght-.curve versus Antecedents 1
real weight in AC breed,

female

Metrics Values
Accuracy 95%
Certainty of rules  R1:0.88, R2:0.75, R3:0.89, R4:0.85, R5:0.85, R6:0.75
AUC 1
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A Many-Objective Optimization Approach for Weight Gain and Animal Welfare in
Rotational Grazing of Cattle.

n m . . .
. . . t
Multi-objective Maxz, =} 2, Gyx,; Maximizes weight
i=1 i=1
nom Many-objective
Minz, = D' x S _
3 EIE U Minimizes distance
G\T / qgf \ (i)\ v Forage quality v Satisfied water
@r Q? f]‘i/ v Percentage of nutritional v Forage satisfied daily
\ A need v Percentage of the lot's need for hydration

7% .
s % - ’j} - v Maximizes weight gain v Percentage of Noise in a paddock
\\{ ki1 T ]/ ]
v Area free of animal movement

v/ Minimizes distance

v Shaded area

. Average Weight Gain Average Weight Gain v Average paddock temperature
Number of days simulated "
Our model Traditional v Maximum temperature allowed in an
121 55.75 (0.061) 41.9 (0.05) _
942 141.58 (0.031) 112.5 (0.09) animal
365 215.52 (0.119) 173 (0.11)
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n
S By
Bl

Autonomous cycle

A
Ler 1 je=

Meta-intelligent model for precision farming

Adaptation

Precision farming

Meta-Lerrning (MTL)

2

ARNOS

Learning module Association module
- I .
Meta-model Meta-association

Set of knowledge model

g

“A i <—features—-.@ | 'Y;?}T

SO 2D A
{-}‘}:{ ?n}“ , _Meta-Datasets | 4 A
- %’ﬁ* 2 A& New or Oid
- ™ - - - breed dataset
N, 3
Y A mmm | |z @ v
[l |
Breed dataset . . The best
P knowledge model
> Meta-features
3 ' —
L Meta-adaptation
Forget Model Quality

Create new

meta-Dataset

>
threshold

Amount of Data

>
threshold

& Normal training

Generate
synthetic
data

~
Adaptation module
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Case Study: Context

- . Case
BT

Meta-architecture The best

Weighin
gning knowledge model

system

—

Anomaly
detection

e

: Context

'Identification

system

D¢D¢¢

Outlier
detection

Precision farming

Table 1: Meta-Model

23

Instantiation of the MTL architecture for PLF

knowledge

Meta-features

Breed

Model

Best

params

R2

Median

Mean

Std

Var

AC

BAC

CAC

BC

GB

RF

GB

GB

learningrate:0.1
maxdepth:5
minsamplessp:5
nestimators:40
maxdepth:20
maxfeatures:3
maxleafnodes:25
nestimators:40
learningrate:0.1
maxdepth:5
minsamplessp:5
nestimators:40
learningrate:0.1
maxdepth:5
minsamplessp:5

nestimators:40

92

89

93

95

451.6

430.24

470.04

492.2

427.8

410.0

442.6

459.9

57.1

72.5

87.5

4175.25

3262.80

5265.85

7658.87

1.49

0.33

10.62

10.62

10.62

10.62

0.13

0.19
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Good quality of the model

Table 2: Meta-model in the case of a breed known by the knowledge model

ot Decision metrics with good values

S

Breed Model R? Median Mean Std Var Kurtosis Entropy Variation
params

Breed Model R2 Reuse model

learningrate:0.1

maxdepth:5
AC GB P 92  451.6  427.8 64.6 4175.25 1.20 10.62 0.15 AC GB 92.5
minsamplessp:5

nestimators:40

Bad quality of the model

Table 4: Decision metrics with bad values Table 5: Improved decision metrics
Breed Model — R? Breed Model R Reuse parameters
AC GB 572 AC GB 875
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Smart Insect-Pest Management
for Cotton Crops

Classify the population of the boll weevil in cotton

ACODAT J

Specification of an autonomous cycle of analysis tasks for the management of cotton crops C| t Tot al
Step 1: Monitoring E CerEte 61015 Feature Importance
Task1:DalaveriﬁcationD ____________________________________ — Lorlca 1,800 03
> : Ciénaga de oro 985 02
mcgﬂ of data science techniques to clean and M onter I’ a 1, 16 2 01
Cotorra 1,928 -
; Valencia 1,693 S B
Cotton crop management 2 Total in Cérdoba 13,585 ¢ g
k H E *
! \/
Step 3: Decision-making {l < Step 2: :Analytlcl {l
Task 4: Prescription D' ______ Task 2: Classification ﬁ --------- i Class Red boll Black boll
................................. Task 3: Diagnosispredicion [ M ! weevils weevils
aofég:g:ga?:&?gﬁdﬁﬁ?ﬁ‘ﬁeﬁnﬁ??&‘f o Classification of the population of insect pests. L OW O to 4 4 6 1 456 4’ 70 1
Diagnosis-prediction of cotton vield. Medium (5 1{0) 20) 304 1,244

83 808
ACODAT
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Classify the population of the boll weevil in cotton
Cordoba

Results of five classification models using rainfall, humidity, and temperature data

Model Red boll weevils Black boll weevils
Accuracy F1-Score Accuracy F1-Score
Training| Test | Training| Test | Training| Test | Training| Test
XGBoost|0.82 0.8210.82 0.8210.60 0.60{0.59 0.59
SVM 0.8V 0.830]0.80 0.80]10.51 0.51]0.51 V.31

TABLE VIIL. XGBOOST MODELS FOR CLASSIFICATION USING MAXIMUM

ANN _[0.70 [0.70[0.70  [0.70[0.47  [0.47[0.47  |0.47 EMPERATURE. RAINFALL AND HOMIDITY

RF 0.81 0.81]0.81 0.81]0.58 0.58]0.58 0.58

DT 081 Jos1fo.81  [os81[o58  Jo0.58[0.58  J0.58 Model | Red boll weevil | Black boll weevil
Abbreviations: XGBoost = Extreme Gradient Boosting (trees), RF = Random Forest, SVM = Support Accuracy | FI-Score | Accuracy | FI-Score
Vector Machines, ANN = Artificial Neural Networks, DT = Decision Trees. Train| Test|Train| Test | Train| Test| Train| Test

*Coérdobal 0.82 [0.82] 0.82 10.82] 0.60 [0.60( 0.59 10.59
Cereté | 0.78 [0.77(0.78 10.77] 0.57 10.52| 0.57 [0.52
Lorica |0.88 [0.88] 0.88 |0.88] 0.66 |0.58( 0.66 [0.58
Ciénaga | FoU [FoU[ FoU [FoO| 0.71 10.69{ 0.71 [0.69
de Oro
Monteria| NH [NH| NH |[NH| NH |NH| NH |NH

*Cérdoba (included Cereté, Lorica, and Ciénaga de Oro). Abbreviations: XGBoost =
Extreme Gradient Boosting, FoO = Fail on oversample, NH = No humidity.

45/60




Introduccion a la 1A

E pEr. Precision farming ?

IA en Telecomunicacion AfOsS
Futuros retos

Transfer Learning in tasks of classification of insect pests in cotton.

Table 5. Increase of new instances in the target domain.

S-L T-C-0 T-C-TL
Class
Instances Instances A B C
Instance-based TL 0 1668 o6 2618 291 25
— - 1 95 36 129 127 113
[Foaturs 1 |Foaturo2 |.. |y | . 2 12 3 11 8 8
g Target domain
S Total 1775 985 2754 2726 2665
;s
Feauur):spaoe Set of clacs labels - ,{V(ﬂ\ 7, > __ Increase of new instances: 1769 1741 1680
~ ) Percentage increase: 179.59% 176.75%  170.56%
Source domain e Similarity between source and target domains: A: 75%;8+28%;-C-95%.
. ™~ Abbreviations: S-L= Source Lorica, T-C-O: Target - Ciénaga de Oro - Original, T-C-TL: Target - Ciénaga de
Similarity (F1, F2, F3) [ | Oro - Processed with TL.
Foawrospace Setofcassiobl z Results for the set of testing using the target domain to Ciénaga de Oro and three source domains.
‘ A B C
Same distribution Source domains Fl- Fli- Fl-
o e . Accuracy  Score Accuracy Score  Accuracy Score
Similarity 75% - 99.9% ;
Cereté 0.8329 0.8329  0.8821 0.8821 FoO
) ) Lorica 0.9018 09018 0.9074 0.9074C0.9079 0.9079
i — yi . ,
S(i} — 1= tXSﬂquE | target Lorica + Cereté  (0.8982 0.8982  0.8862 0.8862 0.8875 0.8875
o Similarity between source and target domains: A: 75%, B: 90%, C: 95%
max (X target ) Y & ° 2 °

Ciénaga de Oro 68% (Before) —90.79%
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Transfer Learning in tasks of classification of insect pests in cotton.

Feature-based TL

Source domain
) s

Sim;,

Tl el el

 Similarity(F1)

‘ Target domain ‘

[ Foaturo1 | Foature2 | Feature3 [y ____|

Same distribution

Lorica, Cereté - Monteria

Table 4. Target domain and source domains with their instances and features.

Features
City Domain Instances Temperature  Humidity Rainfall
| Monteria_Target 1052 v J
Lorica Source 1775 v v 4
Cereté Source 4083 v v v

Table 9. Results for the set of testing using the target domain to Monteria and four experiments source

domains.

Experiment A B ¢

Accuracy Fl-Score  Accuracy Fl-Score r Accuracy F1 -Score}
First (SMOTE) 0.9442 0.9442 0.93 0.93 L 0.9628 0.9628
Second (Hybrid: Manual +
SMOTE) 0.9256 0.9256 0.9344 0.9344 0.9584 0.9584
Third (Pure) FoO FoO FoO FoO FoO FoO
F Automatic hybri 0.887 0.887 0.8928 0,8928 0.8836 0.8836

Similarity between source and target domains: A: 75%, B: 90%. C: 95%. IAbbreviation: FoO = Fail on
oversample.

Lorica 88% (Before) — Monteria 96.28%
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g

. . If Then
DI ag n O S I S 1-Red 2-Black 3-Crop 4- 5- 6- 7-Boll-  Crop
attack attack stage Rainf Fertiliz Pheromon weevil yield
JRuIe 1 Null Null 1-VegetalMediu High  Adequate Adequate High
l Rule 2 High High 1-VegetalHigh Low  Absent Absent Low
Rule 3 Medium Medium 1-VegetaiHigh Low  Absent Absent Low
Rule 4 Medium Medium 1-Vegetallow Low  Absent Absent Low
| Red level attack Rainfall l Alteresd l Rule 6 Low Low 1-VegetalHigh Low  Absent  Absent  Low
A Rule 7 Low Low 1-Vegetallow Low  Absent Absent Low
Black level attack i, m——
i T Rule 8 Low Low 1-Vegetallow MediunAdequate Adequate Medium
[ InpUt of previous ] erence enane Rule 9 Low Low 1-Vegetailow High Adequate Adequate Medium
taSkl ]Rule 10 Low Low 1-VegetalHigh MediunAdequate Adequate Medium
T Rule 11 Medium Medium 1-VegetaiLow High Adequate Adequate Medium
|nput Other Variables ]Rule 12 Medium Medium 1-VegetaiLlow MediunAdequate Adequate Medium
Rule 13 Medium Medium 1-VegetaiHigh Mediun Ad%gggggia Adequate Medium |
Rule 14 High High 1-VegetallLow High Adequate Adequate |Medium
Crop Stage Rule 15 High High 1-VegetalLow MediunAdequate Adequate Medium |
Rule 16 High High 1-VegetalHigh Mediun Adequate Adequate Medium
Fertilizer | Pheromone traps || Boll-weevil killing tube 38 rules of type If-then rules
10 4 A
' \ — low
ANTECEDENT - CONSEQUENT M medium
08 ‘| ‘ high
Survey Results: Experts’ Assessments .
Variable Low Medium High B ‘ ‘ ’
Mean Std Mean Std Mean Std é |
Attack level of the red boll weevil 3 141 16.66 235 25 4.08 2 044 |
Attack level of the black boll weevil 2.66 1.69 15 4.08 25 7.07 '
Rainfall 2.66 0.47 6 0.81 12.33 1.69 024
Fertilizer 1.66 0.94 5 2.16 10.33 2.35 ‘
Crop yield 1.16 0.23 2.33 0.23 3.83 0.23 ‘
Abbreviation: Std= standard deviation 0.0 . . : . r y .
0 20 40 60 80 100 120 140

reds_attack level
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Prescription

Table 16
. . Activity configurations of the best recommendation.
G en etl C Al g 0 rlth m Position ~ on Gene Activity
chromosome
1 1 The cotton crop should be monitored more frequently.
Cl= A9 *100 + AIO *100 + All * 100 + AIZ *100 2 1 The area where the boll weevils were found should be marked, according to the
last inspection.
C2=A, *100 + Ag * 100 3 1 The cotton buds (squares) of the cotton plants that have fallen to the ground must
be collected daily.
4 1 The bolls of the cotton plants that have been affected by the boll weevil must be
collected to prevent the boll weevil from feeding and spreading.
5 1 The previously demarcated area should be fumigated.
6 1 Excessive rain must be evacuated using adequate drainage channels.
7 0 The irrigation system should NOT be implemented.
8 1 Soil analysis should be performed.
9 1 The necessary amounts of fertilizer should be applied according to soil analysis
& and agronomist recommendations.
10 0 Pheromone traps must NOT be placed.
11 0 DO NOT move the pheromone traps frequently.
12 1 Boll-weevil killing tubes should be installed.
" £ 13 1 Boll-weevil killing tubes should be moved frequently.
40
$ Table 14
Summary of the scenarios.
20 Crop
Scenario A B Crop stage Rainfall Fertilizer C D yield
. 1 Low Low Vegetative High Medium Adequate = Adequate = Medium
0 2 4 6 8 10 2 Medium Medium Fruiting Low NA NA NA Low
. Generation Abbreviations: A = Attack level of red boll weevils, B = Attack level of black boll weevils, C =
A. Scenario 1 Pheromone trap, D = Boll-weevil killing tube, NA = The farmer did not use this item.

Mnimization of the fitness function (with 10 generations)
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Scenario 1
— : Lol af af a] ala] o] 2[ 2] of o] 1] 4]
temperature, humidity and rainfall, Fig. 10 Best individual for the first scenario.
low attack level of red boll weevils,
low attack level of black boll weevils, Table 16 _ _
Activity configurations of the best recommendation.
Position on Gene Activity
. - - chromosome
egetatlve Stage, the ral nfal I was hlgh (17 mm)! 1 1 The cotton crop should be monitored more frequently.
5 packag es Of fe rt”izer (medlum) 2 1 The area where the boll weevils were found should be marked, according to the
' o last inspection.
used pheromone traps, and a boll-weevil kllllng fL 3 1 The cotton buds (squares) of the cotton plants that have fallen to the ground must
H i be collected daily.
yleld was medium (2 .88 ton/h a) 4 1 The bolls of the cotton plants that have been affected by the boll weevil must be
o collected to prevent the boll weevil from feeding and spreading.
. \ 5 1 The previously demarcated area should be fumigated.
6 1 Excessive rain must be evacuated using adequate drainage channels.
i ¢ . 7 0 The irrigation system should NOT be implemented.
£ / 8 1 Soil analysis should be performed.
” i\ 9 1 The necessary amounts of fertilizer should be applied according to soil analysis
o T e e and agronomist recommendations.
ig. 9. Defuzzification of the oulp:r:'a:i(:bnl/:(’crop yield with 2.88 tons/ha). ] 0 0 Phel'omo]le traps must NOT be p]'aced'
K / 11 0 DO NOT move the pheromone traps frequently.
12 1 Boll-weevil killing tubes should be installed.
13 1 Boll-weevil killing tubes should be moved frequently.
Table 15
Example scenarios and their results. - -
Scenario The best | N generations (| Error | Crop yield \
prescription
1 100% | 7 0 Medium
2 100% | 7 0 Low
3 100% | 7 0 Medium
4 100% | 8 0 Medium
5 100% | 8 0 Low
6 100% | 8 0 Low
7 100% | 7 0 Low
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1. Aplicaciones de loT y sus requisitos de QoS/QoE
(tiempo de respuesta limitado, disponibilidad,

etc.) HLA Model for a Dynamic and Autonomic System

Ejemplo de requisitos de QoS/QoE de una aplicacion (Requisitos Un enfoque hibrido :

de advertencia de infraccion de seial de trafico [3])
> Comunicacion de infraestructura a vehiculo
Modo de transmision: periddica

>
> __Frecuencia minima (tasa de actualizacion): ~ 10 Hz A A P ] r—
> | Latencia permitida ~ 00 ms s Vo . Computing

(m k- kK« d E || MAPEKIoop

General Controller

2. Dos cuellos de botella frente a QoS/QoE: Sensors TN s
> anivel de redes IP ) q F [
> anivel de los nodos de la plataforma IoT. | e g b i
o S oo P \\.
CloT App D | LXNF ORCI—J [ SDN CTRL J : “\_‘I_D\/J '\.\E/,
Connected objects Network IP-Network [P-Network IP-Network T 'k\ Y /.
—~ Y N\ o = g A\ ;—W' =
J//—n{ T \I < _ ; e /\ loT App ?—(— -: ’ ;{Ix ;5& 5, B> = :
- A ; ; - o y e 1 e i -
‘\— / <L : ; H ,.‘ o L : NETWORK ', < 2 :
. o ‘ >|c_w)<—- ; : 0T App. C 1oT Aop #i . \_/2\2) L '
s : : 3 S P-P <o ¥~ ) =) "N
(,f"’ g b m 3 : : : T I Cloud */ : \ = 7 )
- . 3d ] 5 i > Server |e= ‘ loT App. | b Fog | Edge 1 i \¢
==y . & ' : | i ‘ ' Por. 4§ FoP ' (o) (p)
(C—\ he: = > 4 »' IOT App : ________________ Ma_ngg-eg ?.n.t-nx ———————————————— : — e 4
e v
loT platform nodes
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An autonomic cycle for QoS provisioning

P A e — NS R Performance metrics
Monitoring i Analysis i1 Planning ! Executor |
: :' Task 4 i : : ‘ Accuracy | Precision Recall F-meas. Sens. Spec. AUC
Taﬁ‘;f‘e;ﬁjﬁgﬁ?" P TS workload ¥ ¥ 0,8740 0,8507 08678 | 08574 | 08678 | 00746 | 09212
Context Variables |!! prediction ¥ | Tasks: |
i ¥ I~ | Deploy |
:: {CPU, Mem, Pt, Ar, Qs} predicted” | i |
e [}
Task 2 : Retrieval/ ;' T pregi‘zion L ve- |[it] Provisioning b //T\ '
f| Inference of App. T::nt'Gf “ ||| Soltion |t Effector || .
| : i | l | )
§ Variables Eé (CPU,Mem.TLAr. Qs)To s, y Ei i § AP é £
| H | Operation | i i E g
E is {CPU, Mem, P Gy ) al State E: i ! /ﬁ E z
!| Task3:Resources |i! '* Ll Effector [ L
Res. ||  Discovery  |i} i A AP
Knowledge !

False Positive Rate

ROC metric of the classification
model
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Aon Smart o Sistemas de 2

Profile of each Cluster/Class

=e=Class 1 =e=Class 2 Class 3 Class 4 =e=Class 5 =e=Class6 =e=Class7 =e=Class8
Ane RTT

@Az
P GF1-MEM-AVR S-CPU

GADS GI-MEM-AVR

e\ |
W S-MEM-AVR
oY

S-MEM

I

"

LAMDA result example

LAMDA = Learning Algorithm Multivariable and Data Analysis

GF1-CPU

GI-AR
—=Class 1 —=Class 2 Class 3 Class 4 =s=Class5 ==Class6 =+=Class7 =+Class8
RTT

General Profile of the loT platform with 16
descriptors

S-MEM-AVR S-CPU

Profile of the server in the loT platform
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Sistemas de
Comunicacion 5G

2

ARNOS

> Tactile Internet : the managed entity to consider is the
"network domain" which is composed by several entities

such as Cloud, serving gateway(SG) and Tactile

b NTRRIINE. : [ __ Applicative NF __ |
E__B_Ei\&!?g'@ﬁt__@ﬁ#"l [ _ Lightweight (V)NF__! [ ___Flyweight NF __ |
VM & VM s

wliE. ;;_ NE an CNT

Bm/les Bnn/les : S e

...... 0s . ..05. i__?!r!/_t_'_b.s__.?.._B_'.'?/.L.!P%__.f CNE o NF

Hvoemspr Container Engme Modular Platform
¢
¢
Reducing Isolation Removing Isolation

Support Engine (TSE).
Network Domalin
Master Slave
Doman (Cloud, SG,... Somain
omal TSF) omal
Slice Controller
‘ | o - .
| Cloud | ) ‘ r f;g ) O
~. AR : ; AP/ Pi - loT Gateway
IoT Cloud - loTFogNode (]
Users Application [oT Platform IﬂGatw ’ Things

The requested slice has the following functional and non functional (i.e. QoS oriented) characteristics:

= allowable latency: 10ms

= availability: 90%

= services: Data Collection, Stream processing, Data Storage
> service life: 7h.

.
Cloud - %
-y L

foT Cloud
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|

| |

I |

| |

I |

I iy I HTTP

. H i l
Guarantee the Quality of '= ___________ . - ,0‘ sl
. . . . response \
Service (QOS) by Identlfylng Syntactic structure of some traffic // bv/'e‘:o
the name of the application i > *oﬁm < ,Q m
given traffic measurements I e
Bit torrent

e e -

[:} D DD D - Handshale” d‘;"wa
Flows of LT
packets O q S :9

Start N

l § /big data

Thousands of communications, in Traffic
consequence, guarantee the . .
QoS is challenging Classification
Skype
communication settings to ,0 [\ \ y

improve the QoS - NG Y;’K/"ii'l"'/ﬁ"d
\eData — V/

Internet traffic
classification

ARNOS

Problem

Data collection ]

[I Feature ]
extraction

[ Feature reduction ]

Vs

-

& Selection

Algorithm
selection

[ Model deployment }

v

ML model
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Statistical based feature extraction approach
for the inner-class feature estimation using
linear regression

fi = {HEIPD Ei} Flow of packets Classical approaches: mean
Statistical based features Pp :

It is the most popular approach * Moving average
1
It does not intrude into the packet Feature Description = Up-1+ —(Ty — Upn_
content Statistical based fin = Hn—1 n( n = fn-1)
features, such as:
. . : Packet length B=len(p) VpeF ' o i
It has a lightweight computation acket’end en(p) V p ! Mean Weighted mean
: Std
It shows a high performance for Inter-arrival JAT — £ — ¢ : _ Wn
o i =t; — Tj— Maximum = _ — Ty — Hp—
discriminating the applications time (IAT) ot sl fin = Pn—1 T Wn( n— Hn—1)
* Exponential weighted mean
fn = fhn—1 + Oé(xn - #n—l)
X; = [x15 X205 s X1 ) _ _
« Logarithmic moving averages
Fif — {Xi’ I[]'
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Statistical based feature extraction Appro ach
approach for the inner-class feature
estimation using linear regression 0 111

Assumptions

Samples for class

Raw inputs are 11l
differentiable  from one
another

The statistical behavior of a
variable is different from
class to class mi( ) m2( ) m3()

Features Models

Lo Incoming input
Statistical features can be L ) .
3 modeled for each class — M) m2(") me(") Evaluation
separately
. Estimated feature
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« Automatizar Ingenlerla ,,,,,,,, H ........
de Descriptores

Clessafication
Tossing datp | Dlte steaming ol
| [oCEssIng
'
Jin:.lg.;l.lm]' . u
T e BN, « ML explicativo
[Jata streaming "\_‘___._/
—

* Aprendizaje
Incremental

o Automatizar Transferencia
de Aprendizaje
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En todos los dispositivos habra algo con IA WTELIGENTES | 5% 5
*  Smartphone C apo iR fay B
« Vehiculos 15&‘;?@ — T )
+ Neveras s ‘ it Y

Nuevos descubrimientos impactaran la IA
« Conocemos solo alrededor del 10% del cerebro o
« Cerebro humano esta cambiando

Economia

Salud (Internet Tactil)

Hogar

Educacion

Transporte A

Habrd cambios sociales significativos
* Vehiculos Autbnomos

» Costo y eficiencia energética

» Operaciones Remotas
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