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SmartData@PoliTO in one slide Information [since 20171

Complete Name

SmartData@PoliTO

Parent organization
Politecnico di Torino

Sponsors
Both Private and public

1+1[+1]

35+ FOCUS : Location
Industrial Project Cluster Torino
private ML ~55TB RAM,
BIG DATA ~6000 Cores, Born in
Data Science 10PB 2017
Website

30+

Professors

smartdata.polito.it

Coordinator
Marco Mellia
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40+

i Add
Laﬁggﬁﬁds PhD Students Corrse;SDuca degli Abruzzi 24 -
10129 Torino
Contacts

contact.smartdataldpolito.it
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Hardware

Cluster
~55TB RAM,
~6000 Cores,
10PB




Smar’rData @ PoI|TO
1400+ CPU cores
19 TB RAM

8 PB storage {4
50 Gb/s network |7

& Big data processing F

"HPC @ PoliTO

2900 CPU cores

27 TB RAM

26 V100 GPUs

100 Gb/s InfiniRand

Cluster

~55TB RAM,
~6000 Cores,
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1500 CPU cores
9 TB RAM
400 TB storage
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Applications and domains
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manufacturing

va oftware__.

* Predictive maintenance
 Anomaly detection

* Cybersecurity

* Mobility In smart cities
* Privacy

 Data diffusion in complex

SmartData
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OPEN POSITIONS -~ BIGDATA@FPOLI PUBLICATIONS
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CURRENT PHD
HOME » PROJECTS

. PROJECTS

Pr‘ojec‘ts OPEN DATASETS & LIBRARIES

TOPICS
# EDIT

Current active projects

Data-driven quality assessment of espresso coffee production.

35+

Industrial Project
private

The project in collaboration with Lavazza aims at analyzing espresso coffee

production data collected from professional coffee machines to improve
the quality, lower the maintenance costs, and provide a better customer

experience. Different quality variables are correlated to automatically

FOHPCUA

‘.r

TORINO,ITALIA,1895 extract human-readable patterns among the available data. Results include
the data-driven definition of new and better quality values and the
improvement of quality classification by means of time-series feature

engineering.

3”11

Contributors: Elena Baralis, Daniele Apiletti, Eliana Pastor

[ ]
D &=
- PIMCity - Building the Next Generation Personal Data Platforms

The Web economy has been revolutionized by

5 H l E L D I M unprecedented possibility of collecting massive
pray=th S Sy amounts of user personal data, which lead the web

LT THTAPS SRR A S-pee L) AV TARN

Large projects
[+0.5M €] An innovative approach to information security biggest companiesin ourhigtory_

Unfortunately, this change has deep consequences

to become the largest data market and created the

for users, who, deprived of any negotiation power, are compelled to blindly
provide their data for free access to services. Data collection is opaque,
fragmented and disharmonic, so that users have no control over their personal data, and, thus, on their privacy. Personal

Information Management Systems (PIMS) aim to give users back control over their data, while creating transparency in the
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 Predictive Maintenance
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Not always things go right
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PRE-fault window

e

[1] D. Renga at al, (2020) Data-driven exploratory models of an electric distribution network for fault prediction and diagnosis, In: COMPUTING
13 [2] M. Nisi at al, (2019) Transparently mining data from a medium-voltage distribution network: a prognostic-diagnostic analysis, In: EDBT/ICDT Joint Conference
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Virtual sensor & predictive maintenance 5

SmartData

) Driver Event Data Active
Night Visian Alertness Recorder Cabin Moise Cabin Entertainment
B . Maonitoring Auto-Dimming  Suppression  Environmant System
I wwmd:;:mtld | Head-Up Mirror Controls
Iper Lontra Accident Battery H H
P | e\ | s/ etcooa | Management Oxigen sensor in the exhaust system
ting

Communications

e - | el | / / / e * Controls engine efficiency and pollutant emissions

Contrals |

Electronic

Toll Colletion * Complex, gets dirty, costly, critical
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[> Signals E> Data II> Features [> Model Training [:> * Training size
Selection Transformation selection and Tuning * Hyperparameters

Dataset
Preprocessing Model Selection
Table 5: Grid Search
Classifier Parameter Values
Table 2: Signals overview. . . . Solver {newton-cg, lbfgs, sag, saga}
Table 4: Preprocessing overview C 10-3, 10 step 50 log scale
Description Number Sienal Selocti Logistic penalty 12
- igna. electlon . . - -
Fuel _R’E_i‘l] ) 184 Step Original Selected |Precision RecallF-measure Regression multiclass multinomial !
F‘uel. mje(_:tlon 182 1) Domain Driven 614 551 - - - = = Training set (T(j)) - \/alidation set
Englne airflow 33 2) Data Analysis 551 285 0.534 0.989 0.693
NOx emissions 30 3) Correlation 285 43 0.729 0.489 0.585 1.0 1.0
Oxygen levels 26 Data Transformation & 0.8 = 0.8
Torque control 21 Step Original Transformed! @ 0.6 @ 0.6
Catalytic converter 15 4) Summarization 43 Signals 473 Features § 0.4 § 0.4
Exhaust manifold 13 Features Selection %02 0.2
Exhaust temperature 12 Data Original Selected [PrecisionRecallF-measure 0.0 0.0
Engine rotation 11 5) Features 473 25 0.894  0.852 P g ——— . — —
. . i : . . DO A 500D D0 N QMO
After treatment (Diesel particle system) 10 (Signals) 43 6 VAT SN O\ USRI S 2 b
Diagnostic Trouble Codes (DTC) 5 100 [TG)| [TG)|
Others 74 e e e
Total 1 g 1071 ;e ¢ s
o2 616 g .. (a) Precision SVM (b) Precision MLP
- -3 L ;"t Analysi : Eorr:Ianson, ti SVM C [1U™=, 10| step 10U log scale| |
10 ata Analysis eature >election "Y [10_3, 103] step 100 log sca]e
e e r it r b e b et 1st Layer [25,225]step25
0 600 1200 1800 2400 3000 3600 2nd Layer (25, 225] step 25
[1] D. Giordano et al, (2021) Dissecting a Data-driven Prognostic Time [s] 'LICA MLP Activation {Logistic, tanh}
[2] F. Giobergia et al, (2018) Mining Sensor Data for Predictive I Seed 100 random values
15 Figure 13: Bandwidth required to transmit signals and features to Solver Adam
the cloud Tolerance 10~4




Collaboration with Private Companies e O
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* Smart City

» Harvesting of open data for the characterization of
energy consumption of re5|dent|al and commerual
buildings =% Sy
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ENERGY INSTITUTE

* Mobility prediction
 Study of traffic patterns from car sharing systems
 Design of electric car sharing system
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TELEMATICS DESIGN

* Service characterization, profiling, and shaping

 Analysis of loT CAN bus data related to
on-road and off-road vehicle usage

Engine Percent Load [%]

Model 1254 unit 3853 - rpm vs fuel
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* Internet traffic monitoring and security

* Analysis of internet traces looking for malware and other
anomalies
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* Digital transformation
* Image analytics for near-duplicate detection

—
ThalesAlenia

& Theles / Leonsvdo company Space

» Failure detection, isolation and recovery for Space applications
based on Al
« Data from LEO satellites to detect&predict failures

« Development of ML/Al algorithms with limited-resource
hardware platforms Cata
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e Data & ML work!

* You need a lot of sweet and experience to arrive
to the results

Lesson learned
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Lesson learned
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Data & ML work!

You need a lot of sweet and experience to arrive
to the results

Data is dirty, terribly dirty & ML is complex,
terribly complex. No Harry Potter magic wand
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e Data & ML work!

* You need a lot of sweet and experience to arrive
to the results

Lesson learned

Data is dirty, terribly dirty & ML is complex,
terribly complex. No Harry Potter magic wand

 [cannot write it ©]
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