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k 1. What do we do?

“We help production companies to be more productive and profitable through
the production and logistic processes optimization”
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2. How do we help our clients?
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2. How do we help our clients?
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3. Analysis flow
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k 4. Typical questions
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5. Who we are?

Machine | Business
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Operations
Consulting



5. Who we are?
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A 6. Data architecture
Classic Data Architecture in a factory
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. 6. Data architecture
Desired architecture
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6. Data architecture
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Desired architecture




k 6. Data architecture

Desired architecture
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6. Data architecture

Modern data architectures
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Logs, files, and
media (unstructured)

Ingest Store
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Azure Data Factory
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Business/custom
apps (structured)

PolyBase
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Azure Cosmos DB

Azure Analysis
Services
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Power Bl

Prep and train

Azure Databricks

(Python, Scala, Spark SQL,
SparkR, Spark ML, SparklyR)
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https://docs.microsoft.com/es-es/azure/architecture/solution-ideas/articles/advanced-analytics-on-big-data
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7. Why Cloud?

Cloud
computing

Cloud computing is the on-demand availability of computer system
resources, especially data storage (cloud storage) and computing power

New Pizza as a Service

Traditional Infrastructure Platform Software
On-Premises as a Service as a Service as a Service
Deployment (1aaS) (PaaS) (SaaS)

Kitchen
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Gas Gas Gas Gas

Oven Oven Oven

Oven

Pizza Dough

Pizza Dough Pizza Dough Pizza Dough

Toppings Toppings Toppings Toppings

Cook the Pizza Cook the Pizza Cook the Pizza Cook the Pizza

Made In-House Kitchen-as-a-Service Walk-In-and-Bake Pizza-as-a-Service
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5 7. Why Cloud?

Cloud vs local
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8. MS Azure

1
Data Science Virtual
Machine - Windows 2019

Microsoft

Development and modeling tools for
Al, data science and analytics

Data Catalog
Microsoft

Data source discovery to get more
value from existing enterprise data
assets,

Azure Database for MySQL
Microsoft

Managed MySQL database service
for app developers.

Azure Data Explorer
Microsoft

Azure Data Explorer is a big-data,
interactive analytics platform that
provides ultra-fast telemetry search

<

1
Data Science Virtual
Machine- Ubuntu 18.04

Microsoft

Data Science Virtual Maching -
Ubuntu 18.04

Data Factory
Microsoft

Transform data into trusted
information

Azure Database for
MariaDB

Microsoft

Managed MariaDB database service
for app developers.

&
Stream Analytics job

Microsoft

Unlock real-time insights from
streaming data

P

Machine Learning
Microsoft

Enterprise-grade machine learning
to build and deploy models faster

Azure Stack Edge / Data Box
Gateway

Microsoft

Manage Azure Stack Edge/Data Box
Gateway appliance.

SQL Database
Microsaft

Scalable and managed relational
database service for modem
business-class apps.

S

Machine Learning
Microsoft

Enterprise-grade machine learning
te build and deploy models faster

Data Lake Storage Genl
Microsoft

Hyper-scale repository for big data
analytic workloads

Data Share
Microsoft

Effortlessly share data with
customers and partners outside your
organization.

Azure Database for
PostgreSQL

Microsoft

Managed PostgreSQL database
service for app developers.

Azure HDInsight
Microsoft

Cloud-based Big Data service,
Apache Hadoop, Spark and other
popular big data solutions.

s
Stream Analytics job

Microsoft

Unlock real-time insights from
streaming data

Data Lake Analytics
Microsoft
Big data analytics made easy
Azure Database Migration
Service
Microsaft
Azure Database Migration Service

Machine Learning Studio
(classic) Web Service Plan
Microsaft

Pricing plan for the costs associated
with your Machine Learning
predictive web services.

Azure HDInsight
Microsoft

Cloud-based Big Data service.
Apache Hadoop, Spark and other
popular big data solutions.

On-premises data gateway

Microsoft

Allows access to your on-premises
data for Logic Apps service through
the data gateway. See the help doc

<

Azure Cosmos DB
Microsoft

Globa|ly-distributed, multi-model
database service.

Machine Learning Studio
(classic) Workspace

Microsoft

A workspace contains your Machine
Learning experiments and predictive
wieb services.

v

Azure Cosmos DB
Microsoft

Globally-distributed, multi-model
database service.

StorSimple Data Manager
Microsoft

Get the most out of your hybrid data
on Azure

SQL Elastic database pool
Microsaft

Scalable and managed relational
elastic database pool.

AAzure

Cloud computing service for building,
testing, deploying, and managing
applications and services through
Microsoft-managed data centers

It provides Saa$, PaaS and laaS and
supports many different
programming languages, tools, and
frameworks
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studio.azureml.net

Gmail @ Basecamp |} PowerBl * MS Teams /4 M5 Azure I:J DevOps c’ DevOps-CrazyTech CaixaBank @ Intratime

= Microsoft Azure Machine Learning Studio (classic)

8. MS Azure

'y

Azure

Machine Learning
service

Try it today!

Clustering: Group iris data

Welcome to Azure
Machine Learning
Studio (classic)

Try it for free

No Azure subscription? No credit card? No

problem! Choose anonymous Guest Access,
or sign in with your work or school account.

or a Microsoft account.

Signin ®

Mot an Azure ML Studio (classic) user?

Sign up here

Pricing & F

https://gallery.azure.ai/Experiment/Clustering-Group-iris-data-2

Multi-class Text Classification using Neural Network

https://gallery.azure.ai/Experiment/Multi-class-Text-Classification-using-Neural-Network
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Mathematical analysis

* Descriptive Statistics

e |nferential Statistics
* Probability

Machine Learning

Almost any algorithm
depending on the application
NN less than 1%

Disadvantages of NN
Unexplained behavior of the network

Difficult to determine structures

9. Techni

Ues an

A Microsoft Azure Machine Learning: Algorithm Cheat Sheet

START
CLUSTERING
Categories
[ P E—
K-means Predict future
data points? ANOMALY DETECTION
Yes e 44— Yes
One-class <100K
SVM data point:
Predict or =100
categories or -‘P(ﬁ-h‘ll:pc; — features?
values? —
Values
REGRESSION
-Q—Yes
Ordinal Data in rank-ordered categories?
regression No

v

- p—
Poisson Predict event counts?

regression

No
-4— Distribution
Fast forest Pradict single values or a distribution?
quantile .
3 Single values
regression

v

4 Close enough.

Linear Linear approximation
regression okay?
No
Yes »
Prefer explainable class
If your data points boundaries
are statistically No

independent, try:

Neural network

regression

Bayesian linear
regression

Decision forest
regression
If you have owerlapping

faaturaes, try:

Boosted decision
tree regression

> 22—
Two categeries or
more than two? from »1two-class
classifiers?
2 Yes
e ;
One of the One-v-All
categories rare? multiclass
[ Choose a
two-class
classifier

Yes

Ne
Prefer classifier built

d algorithms

MULTI-CLASS CLASSIFICATION

Yes —p IS elect one:
Prefer explainable class Multiclass decision forest
boundaries? Muilticlass decision jungle

If you prefer performance
* over training time, and all
features are numerical, try:

Multiclass neural
network

Multiclass logistic
regression

TWO-CLASS CLASSIFICATION

Y
? <100K data points or >100 features
No

v

Two-class SVM

If the accuracy is good but
you want it faster, try:

Accuracy

v

Speed »
? Prefer speed or accuracy? Two-class averaged Locally Deep SVM
perception
»

Mo
? Prefer explainable class boundaries?

Yes

Select one:

Twao-class decision forest
Two-class decision jungle

If you have overlapping features, try:

Two-class boosted
decision tree

Two-class logistic regression

If you prefer performance over
training time. and all features
are numerical, try:

If your data points are
statistically independant.
you can try:

Two-class neural network Two-class Bayes point
machine

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

& Microsoft
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10. Real example

SmartCuring

Ham curing systems based on new sensor technologies
and predictive models

Ist stage
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2nd stage
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10. Real example

Ildentify the problem

NO METAS LA PATA

Asi selecciona El Corte Inglés 5D gg SSI:AAI.SA‘:) RJIE,

los jamones que vendera en

Navidad . "
CincoDias

* En tres dias, sus compradores palpan miles de patas de cerdo Cinco
Jotas. En fechas navidenas se vende el 50% del jamoén ibérico

El jamon, todo un complejo mundo de
’sabor, aroma y color

GUIA REPSOL 04.10.2012 - 14:01H

* Hay quien dice que ni siquiera dos jamones del mismo animal son idénticos.
+ Elolor nace del impacto en la pituitaria de mas de 170 compuestos quimicos.

* Las 4 partes de un jamén son: maza, contramaza, punta y codillo.
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10. Real example

Operations

What raw material
produces the best quality?

What kind of product will be
ready to sell at a certain moment?

O

What is the maximum quality | h
can obtain from each raw

i1al?
material’ y

Factory

piece in each stage to

How long should stay each J
optimize quality?

What are the most critical
variables in the process

What is the optimum drying
curve in each stage?




10. Real example

e

Process flow diagré\m




10. Real example

b:

Modeling
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g 10. Real example

Visualization and actuation

CONTROL CAMARA DE SALAZON s

TRIPLEALPHA

DETALLE UNIDADES EN SALAZC

Iy Raza Tipe Materia Prima  Dias salazén  Dias salazén recormendados Dias secadero  Dias bodega | Textura max. actual  Textura max proyectada A - Recepcion
9996 100% Congelado 11 11 505 662 4,55 4,55 0 2
9997 50% Congelado 7 11 505 322 2,84 3,65 5 5
dias en secadero B - Salazon
2
% COMPLETADO TEMPERATURA SALA C - Secadero
@Transcurride @Pendiente 2
£10 5 @
D - Bodega
9996 100,00% 2

ESTADISTICAS DE DIAS EN SALAZON

100% Ibérico

50% Ibérico
0%

75}
P
n

100%
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11. R&D projects

Proyecto: Desenvolvemento da plataforma ALPHACLOUD
Convocatoria: BFFOOD (GAIN)

Proyecto: MUSSELPRO. Aplicacién de ML a los procesos términos
de laindustria conservera. 2019
Convocatoria: EMFF-BlueEconomy-2018 (H2020)

Proyecto: Aplicacion de analitica avanzada al proceso de fabricacion
de un nuevo dispositivo/emblema
Convocatoria: PDI-CDTI 2019

Proyecto: Aplicacion de ML en el disefio de los equipos de envasado
de atln en conserva
Convocatoria: PDI-CDTI 2019

Proyecto: Sistemas de curacion del jamén basados en nuevas
tecnologias de sensorizacion y modelos predictivos con datos
masivos

Convocatoria: PDI-CDTI 2019

Proyecto: Research in “transfer learning techniques” applied to
manufacturing
Convocatoria: Doctorados industriales
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Centro para el
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Industrial

Centro para el
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Y UNIVERSIDADES
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