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Introduction

Barcelona Supercomputing Center — Centro Nacional de
Supercomputacion (BSC-CNS)

 Public research center focused on the research and efficient used of
supercomputing technologies applied to science, society and

economy

Eduardo Quinones

 PhD in Computer Science by Technical University of Catalonia (UPC)

 Team leader of the Predictable Parallel Computing research group

* Principal Investigator (Pl) of several European and national projects
related to mobility
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Data Science and Artificial Intelligence (Al)

Deep Big Data

Machine

Learning Learning Data
Science
Supervised/ I
Unsupervised
Artificial Learning Data
Intelligence

Text
Mining
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Data Science and Artificial Intelligence (Al)

®
Ly
[eXele]

Data
Ingestion

- Data Science focuses on the analysis of data sources across all D
data value chain to extract information (knowledge) upon which =

decisions can be taken S

Enrichment

Data O/

Authoring

« Al focuses on providing to computers the capability to percieve, 0

learn and reason about data to perform a specific task

 There are not systems with Artificial General Intelligence

Object recognition Natural Processing Face
and detection Language Recognition
= |
- » Image
. Generation
“dog”, “bicycle”, “truck” “hello, world” “Eduardo Quifones”
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Data Science and Artificial Intelligence

Data Science Artificial Intelligence

« Data Mining: Set of data » Machine Learning
 Supervised/Unsupervised Learning

« Deep Learning

analytics methods for
knoweldge extraction

Artificial

* Visualization, data cleaning, Al Intelligence

model training
« Big Data: Set of storage and

computation technologies Science
used to process huge amounts

of data
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Objective of the Seminar

1. Understand the Al methods that can be used to enhance urban
mobility and identify the main threads of Al

2. Applying Data Science and Al to Urban Mobility

3. Data Science and Al in cities from a computing/communication
perspective: Edge and Cloud Computing
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1. Artificial Intelligence
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Machine Learning: Supervised and Unsupervised

“The field of study that gives computers the ability to learn without being explicitly
programmed” (Arthur Samuel, 1959)

Al models are built upon representative sample data (training data) including the
knowledge require to perform an specific action

« Training phase: The process of building the model based on a training data-set
e Supervised learning: The training data-set is known and predefined

* Unsupervised learning: The model is trained in operational environment, based on an objective
function

- Inference phase: The process of performing the action for what the model has been
designed, based on an input data
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Machine Learning: Supervised and Unsupervised

Supervised

v

A o R D
:& AR | VW
o E .ﬁ‘ﬂﬂ
Wiy

e !.LQ&.L
ok e kA &
i

e S A

Training

Cat
Al Model

| CatAlModel |

Inference
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Unsupervised

actions (torques)

left ankle
right ankle

left knee

Training

Atrtificial
Intelligence

)

Inference ( Walking Al )
L Model
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Machine Learning: Supervised and Unsupervised

Learning to walk
with unsupervised
machine learning
(deep reinforcement
learning)
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Deep Learning

- The knowledge is represented in the form of artificial neural networks (ANN) or

deep neural networks (DNN)
* Inspired on how the information is processed by the brain
Mathematical model
representing the knowledge

Neurons
» (mathematical

operations)
>_ 13 Cat”

 Firstly proposed in 1967 by lvakhnenko and Lapa

~

v NS Z

QAW AW

e |In 2010, the use of Graphical Processing Units (GPUs) speed the training processes
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Deep Learning

 Artificial Neural Networks layers are
responsible of extracting different

Artificial
Intelligence

Deep Neural Network

v v
features of the data o ‘
""’.. X 5 o /O:
AN -%&9 % .gﬁ.‘é’;"ﬁ" 5
. . . p A \‘!' f' ’.9‘.’\.’ ,‘-;\ ;" l"“’_'ﬁ\ ¢ ¥
 Hierarchical representation of AR e /j |
. . L L AN utput Layer
information =
Input Layer
( ) Hidden Layer 1 Hidden Layer 2 Hidden Layer 3
240 241 241 207 19 196 B4 31 225
240 87 238 183 163 195 223 213 225
239 240 240 183 166 184 219 211 195
238 237 240 176 172 181 176 205 189 L B
240 240 239 184 167 176 168 141 117
239 240 240 182 180 170 160 142 117 ' e
-~
L Red Green Blue ) Y
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Artificial
Intelligence

Object Detection with Deep Learning

* Key functionality to perceive urban scenarios upon
which decisions can be taken

e Different models are used for different purposes

Co-funded by the m Area de Barcelona
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Artificial
Intelligence

Supervised |Unsupervised

Deep
Learhing

Object Detection with Deep Learning:
Threads and Limitations

« False negatives
e Detection failing due to light,
obstructions, perspective, distance

« False positives
* Motorcycles and bicycles detected as

pedestrians
 Tram commercials detected as pedestrians

* Traffic signs detected as pedestrians 2 = . ‘ ..

2 \20937 1126 °
// n_.

‘lh
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Artificial
Intelligence

Object Detection with Deep Learning:

Deep
Learhing

Bias/Discrimation

Gender Darker Darker Lighter Lighter Largest
P 0 p u I ar fa ce d et e Ct | on Classifier Male Female Male Female Gap
syste ms are not tra in ed Wit h =l Microsoft 94.0% 79.2% 100% 98.3% 20.8%
represe ntative data to detect I 7 FACE 99.3% 65.5% 99.2% 94.0% 33.8%
dark-skin peop le IEM 88.0% 65.3% 99.7% 92.9% 34.4%
=] = | R =

Gender Shades project (http://gendershades.org)

https://youtu.be/TWWsW1w-BVo evaluates the accuracy of Al powered gender
classification products
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http://gendershades.org/

Artificial
Intelligence

Object Detection with Deep Learning:
Adversarial Attacks

- Impercepcial changes in the
input data (not visible by

humans)

- Physical changes on the input

Face
recognition

image

The T-shirt prevents the
person to be detected

“Milla
Jojovich”
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@ UrbenMobiity [ Soiended oy e il Avea do Barce EACTUAL



Object Detection with Deep Learning:
Adversarial Attacks for Deep Fake Generation

2 Youlube Q

'Presideht Trump is a total
and complete dipshit.”

https.//youtu.be/cQ54GDm1elL0
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Artificial
Intelligence

Deep
Learhing

Fake video
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Fake Classifier Fake

video
Detector

Classifier Real
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Towards an Ethical and Secure Used of Al

* Understand the specific task for what the Al engine has been trained

1. Ensure that the data-set used to train the Al model is representative for the
intended task
2. Ensure that the Al software method is appropiate for the task to be solved

 Preferable to use open-source solutions

3. ldentify the security flaws of the data and the model

 (Create multi-disciplinary teams

@ Urban Mobility

Co-funded by the
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https://www.tesla.com/autopilot?redirect=no

T htips Paeww tosia comutoplot? redirect =no 0 C

Full Self-Driving Capability

All new Tesla cars have the hardware needed in the future for full self-driving in almost all
circumstances. The system Is designed to be able to conduct short and long distance trips with
No action required by the person in the driver's seat

The future use of these features without supervision is dependent on achieving reliability far in

excess of human drivers as demonstrated by billions of miles of experience, as well as regulatory

approval, which may take longer in some jurisdictions. As these self-driving capabilities are
introduced, your car will be continucusly upgraded through over-the-air software updates



History of Al

1965, H. A. Simon: "machines will be capable, within 2015 - 2016, BMW, GM,
twenty years, of doing any work a man can do" VW, Tesla: "Autonomous
1970, M. Minsky: "In from three to eight years we vehicles will be on the road
will have a machine with the general intelligence of on 2020"
an average human being”
1997 2011 2016 2022
1956 1959 1967 1980 1982 Deep Blue Theeraof AlphaGo Chat
Birth of Machine Deep Expert Practical beat Deep Zero beat ~ GPT
Al Learning Learning Systems ANN Kasparov  Learning Sedol

[ T T > 1st Al Winter ! T N 2nd Al Winter I T T T > -?

(1970-1980) ¥ (1987-1995)
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Debate about Al and Ethics at Oxford Union Society (Dec
2021)

“Al will never be ethical. It is a tool, and like any tool, it is used for good and
bad. There is no such thing as a good Al, only good and bad humans. We are
not smart enough to make Al ethical. We are not smart enough to make Al
moral ... In the end, | believe that the only way to avoid an Al arms race is to
have no Al at all. This will be the ultimate defense against Al”

Al engine (Megatron Transformer) trained
with the whole Wikipedia, 63 million English
news articles from 2016 to 2019, and 38 GB

of public Reddit posts and comments

Co-funded by the m Area de Barcelona
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2. Applying Data Science and
Al to Urban Mobility
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Applying Data Science to Urban Mobility

1.  Which knowledge do we want to extract?
* How many times pedestrians crosses in red

2. Percepcion
e |dentify data sources
* Identify the urban actors relevant for the service
* The dynamics of each actor (e.g., static/moving
element, speed, direction)
* Provide semantic information to put each actor in
the urban context

Piazza Batoni, Florence (Italy)

; g g ST Area de Barcelona
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Piazza Batoni,
Florence (Italy)

Semantic Information and
Data Sources

—
—

» Vehicle traffic

B light (group G3)

7

G Pedestrian
Vo R s e e
= O W RS i‘i‘w‘fﬂ §

oo 77 el

[I Invalid street I Invalid track :
Covered area

pedestrian crossings pedestrian crossings
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Applying Data Science to Urban Mobility

1.  Which knowledge do we want to extract?
* How many times pedestrians crosses in red

2. Percepcion

e |dentify data sources

* Identify the urban actors relevant for the analysis

* The dynamics of each actor (e.g., static/moving
element, speed, direction)

* Provide semantic information to put each actor in
the urban context

Piazza Batoni, Florence (Italy)

3. Knowledge extraction
* For what do we want the knowledge?

4. Evaluation
* Determine the extracted knowledge quality

; 2 : ST Area de Barcelona
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Pedestrians on the crosswalk when the traffic light is red

real-time
alert to

vehicles

\ 4

Object
Detection

Object
Tracking

Semantic

Extraction

@ Urban Mobility -
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Hazard Detection:
PersonAtCrossWalk-
SemaphoreRed

——
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Florence roundabout dashboard v

Resistenza directional tram chart / Pedestrian Crossing
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Pedestrians on the crosswalk when the traffic light is red

STREET CAMERA

04:Jul,20221 13:17:45
20937_1383
‘&!‘ : | 220037 1984
L bt S 414 1)\ - e
»@209;_7 o 20937 139633 =
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1505 | 20936_442: 3 pedestria:
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How many times pedestrians crosses in red?

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
.

- 3
- *

Data
: Science

Intelligence

Artificial

Science

real-time
alert to
vehicles

Hazard Detection:
- PersonAtCrossWalk-

Big-data

Florence roundabout dashboard ¢ Ana|ytics

v

SemaphoreRed

Programming Logic

STREET HANERA Data Mining Workflow
Object Object Semantic
Detection Tracking Extraction
Supervised Computer
- N Deep Learning . . VISION e
@'U?‘ Bar NSy -..Go.-.fu.r.]d@d.by theeeses

European Union

Resistenza directional tram chart / Pedestrian Crossing

e ileD® ¢ o e o afrerrenes =

* o
--------------------------------------------------------------------------
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Pedestrians/cars crossing the rail
tracks when tram approaching

|Identify data sources

Provide semantic information

8

Identify the urban actors
Determlne dynamlcs of actors

N e

L~y Pedestrian
ST trafficlight
-~~~ (groupG1) |

\\"\ a

%

Car on/approachmg Tram detected @ Traffic Light Covered
)

area

crossmg (cameras and NGAP
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Pedestrians/cars crossing the rail tracks when tram
approaching

STREET CAMERA o

sl i
g | ‘ 15.Jun 2022 12:31:19

209376798

i
8780 | 20936_3358: 5 trafficlom
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eit

Pedestrians crossing the street outside designhated areas

Urban Mobility

Co-funded by the
European Union
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STREET CAMERA

ST Area de Barcelona
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Traffic Queues

]

15.Jun 2022 12:15:05

ol 2841 |zoo37_4m-cmw cri
bl 8841 | 20037_4137: em_
o 3 ~ _.‘-.

Vehicle traffic queue of length 11 | Vehicle trafflc queue of Iength 6
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City-Car Interaction
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Evaluation Methodology Otiect [ objeot 1" semanic || JEBeel,

Detection Tracking SEEen SemaphoreRed

Confusion matrix for each event of interest

 True Positives: true event detected
* False Negatives: true event not detected
 False Positives: no event but detected

Accuracy evaluation
True Positives Refers to the portion of relevant events correctly

True Positives + False Positives | detected among all detected events

Precision =

True Positives Refers to the portion of relevant events correctly
True Positives + False Negatives | detected among all relevant events

Recall =

1= . Lrecision - Recall A measure of event detection accuracy:
Precision + Recall « F1=1 perfect detection
* F1=0no detection

eit ) Urban Mobili Co-funded by the .;“HArea de Barcelona
roen IVIooRGy European Union Autorkat de Tranaport JE éé QTU Q L




Evaluation Methodology

True Positives: true event detected
False Negatives: true event not detected

False Positives: no event but detected

209 POSSTNIAE8 7 1430

- s..'.
.
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Evaluation Methodology

(3) True Positives: true event detected

(2) False Negatives: true event not detected

(2)

False Positives: no event but detected

209 P0G A48 s 7 1430

:- -..' -
S

o i 1‘\-.’ f ‘3.;‘. ;’; X P g .
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Evaluation Methodology

- Manual inspection of data sources (videos, semaphores, tram position)

collected on representative conditions

Event Precision Recall Fl-score
P1 (pede:;;Lalzlss) crossing 71% 98.6% 82.6%
P2 (pedestrians crossing 12.7% 100% 22.5%
street)
P3 (pedes.trlans crossing 62.2% 100% 76.7%
with red)
Event Precision Recall F1-score
P1 (pede:lt.zlcal?ss) crossing 28.6% 100% 44.44%,
P2 (pedessttl::el:; crossing 13.2% 65.22% 21.9%
P3 (pedes.trlans crossing 72 3% 89 4% 80%
with red)
IS Area de Barcelona

@ Urban Mobility
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Evaluation Methodology

- Manual inspection of data sources (videos, semaphores, tram position)

collected on representative conditions

The DNN detects motocycles,
bycicles and semaphores as

pedestrians

Event Precision Recall Fl-score
P1 (pedestrians crossing 71% 98.6% 82.6%

tracks)
P2 (pedesttl:al;s crossing 12.7% 100% 22.5%
P3 (pedes‘trlans crossing 62.2% 100% 76.7%

with red)
Event Precision Recall F1-score

P1 (pede's::glcal?ss crossing 28.6% 100% 44.44%
P2 (pedessttll:l:elg crossing 13.2% 65.22% 21.9% i

P3 (pedestrians crossing
with red)

72.3%

89.4%

80%

@ Urban Mobility
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Evaluation Methodology

- Manual inspection of data sources (videos, semaphores, tram position)

collected on representative conditions

Event Precision Recall Fl-score
P1 (pedestrians crossing 71% 98.6% 82.6%
tracks) : .
P2 (pedestrians crossing 12.7% 100% 22.5%
street) ' .
P3 (pedestrians crossing 62.2% 100% 76.7%
with red) ' .
Event Precision Recall Fl-score
P1 (pedestrians crossing 28.6% 100% 44.44%,
tracks)
P2 (pedestrians crossing 13.2% 65.22% 21.9%
street)
P3 (pedes.trlans crossing 72 3% 89 4% 80%
ith r
ST Area de B

@ Urban Mobiity
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e [ ]
Actions to Increase accuracy e DN Y
Statistics l
(Kalman Filters) :
object | Object | [ semantic | | jrereriA=ediont |
Detection Tracking ElEGHE SemaphoreRed |
Supervised i
: p ‘ Computer  programming Logic
i Deep Learning Vision :

° Improvement of ObjeCt detection R St OO TOOOOO. £ VOO i

- Motorcycles, bicycles and traffic lights (currently identified as pedestrians)
- Tram vehicles (currently identified as cars)
- Used of dynamic properties of objects (speed, direction, etc.)

More complex semantic rules can be applied for each specific event and captured area, targeting the
issues identified in the quantitative analysis

- Refine semantic annotation to filter out traffic signs, compensate for camera
perspective
- Use additional metrics, e.g., speed or trajectory to refine analytics

e|t Urb Mobili Co-funded by the m;i\rea de Barcelona
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3. Data Science and Al in cities from a
computing/communication perspective
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Data Mining Workflows and Computing Resources

Ha7zarAd

Harard Computing/Communication

alla' -- aYaa N i [l “272?‘!4 L]

> ; : camantic VIS City Resources
Semantic @ EErEN
Detection [ Tracking [—| Extraction Detection ( )

==5
How are the data-analytics \ J

workflows developed and mapped
to the available computing/
communication resources?

Co-funded by the m Area de Barcelona
European Union g, Traneport FAQTUAL

@ Urban



Centralised vs. Distribute

Cloud Computing

- Unsecure (single point of attack)
- Privacy Issues

- Inefficient in terms of energy and cost

Huge amounts of sensitive A
information are transmitted

Co-funded by the m Area de Barcelona
st e FACTUAL
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Centralised vs. Distribute: The Edge Computing

Cloud Computing

- More robust in terms of security

e

)
e

- Privacy is ensured

-u
\ b

4 .
4
I SSSE ] R (| SESS PR

- Energy and cost efficiency

Hazard Detection:
B PersonAtCrossWalk-
SemaphoreRed

Semantic
Extraction

Much less sensitive
information is transmitted
I

Edge |
com puting Object Object

Detection Tracking

Object Object
Detection Tracking

Object Object
Detection Tracking

Co-funded by the m Area de Barcelona
European Union g, Traneport FAQTUAL
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The Compute Continuum: Edge and Cloud

Compute
Continuum

7

. 4
Higher | Cloud
computational

capalities

~

response Edge

times
(o) <o

|

\ Data sources

N

Facilitate the development of complex

data analytics workflows independently
of the platform

Increase the capabilities of the data

J

3 i Co-funded by the
@ Urban Mobility - European Union

analytics by distributing them across the
compute continuum

Fulfill the non-functional requirements
inherited from the application domain,
e.g., real-time, privacy

B e SACTUAL




The Compute Continuum: Edge and Cloud

Compute
e There are not mature technical . Continuum .
. . . . ( \
solutions capable of fully exploiting the Higher | Cloud
o ) computational
capabilities of the compute continuum capalities —
* Very interesting research is still i.. Heterogeneous
d. ! L ) computing
pending! ; /
. : I | <
* Mobility experts will play a fundamental . . .
role Faster |J I_| . Heterogeneous
response | . Edge/ ] - networking
times [ E . N
O) () T -
< ((( e ))) ) Massive data
\_ Data sources y sources

( : g : STV Avea e Barcelon
@ Urban Mobility - gﬁ,ﬁil‘iidub,ﬁéﬂe : m,f{g% 4 FAQTUAL



Complex Data Mining Workflows LLA g |1v

A Software Architecture for Extreme-Scale
Big-Data AnalyticS in Fog CompuTIng Ecosystems

H Mobility System City cameras Tram sensors
Data Analytics Methods g vz, w3, w2,

1. Sensor fusion (ADAS)

2. Tram position (NGAP)

3. Object detection, tracking & semantics
4. UTC/Supervisor consolidation

5. Data fusion

6. Data aggregation

10. Electric power consumption
11. Defect Detector . scope

7. Dashboard - e ' | Tramway:
. : S ‘
8. Hazard detection : L _HA _~Y SCOpe;
9. Alert VIsuallzatlon (carsltrams) anate/PUbhc NGAP/ADAs& ...........
Transportation Predictive
Interaction Maintenance

. o Co-funded by the m Area de Barcelona
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edge
computers

Field cabinet
(e.g., pole)

NGAP

Camera

Camera

traffic control
device(s)

V2X
station

edge
computer

wireless
bridge

wireless
bridge

Cloud (GEST

The Compute
Continuum

Track cabinet
(at stops)

1 ACTiIp
LAY 11V
\\\‘*‘_‘—E/___J/"

A Software Architecture for Extreme-Scale
Big-Data AnalyticS in Fog CompuTIng Ecosystems

rM

Baton|

Mobility System City cameras Tram sensors

@ Urban Mobility

Co-funded by the
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. camera . . City
edge scope @ © "
: traffic control ~ V2X , (1) Tramway
computer device(s)  station SUZfﬁfv':o'@u ‘ scope
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Towards a unified and secured compute continuum

Edge
Computing Semantic Data . Cloud
Extraction || aggregation .~ ") Computlng
@ ‘g l Mobility
o edge Traffic light Analysis
= processing  controller
\ I / Tram Stop

Automated deployment and
scheduling of data-analytics

Edge network

. Constant monitoring of execution

W N

Re-scheduling on-the-fly if a
requirement is violated

p

edge

edge

ameras : cameras : Knowledge /.?-ﬁ
processing processing database -
Field Cabinet / Field Cabinet Object Object Data Semantic R data-at-rest [ uobiiey
| B detection tracking Aggregation Extraction " "1 Analysis
Object Object Object Object L
detection tracking detection tracking

Co-funded by the
European Union
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Towards a unified and secured compute continuum

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
.

- 3
- *

Science
How many times pedestrians
crosses in red? |
real-time

alert to
%ﬂ vehicles

STREETIANERA Data Mining Workflow :
Statistics = PRI T Blg-da.t °
: _ : " ;
(Kalman FllterS) orence roundaabout aasnboar Analytlcs
: . . Hazard Detection: : :
Obje.Ct 0 Obje.Ct — Seman_tlc - PersonAtCrossWalk- = - . ;
Detectlon TraCkI ng EXtraCtlon : : Resistenza directional tram chart / Pedestrian Crossing
’ SemaphoreRed : :
Supervise - — & : L e (R A
P Computer Programming Logic : :

Deep Learning Vision

-----------------------------------------------------------------------------------------------------------------------

* o
--------------------------------------------------------------------------
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On-demand bus service:
Data Mining Workflow

@ Urban Mobiity

e

v

> Geo Urban

N
11 —~ |
11 —~ |
User
— location
= |
= |
Bus
— Location
J

Co-funded by the

Digital Twin

A

Routing
Decision System

-1

ol | L
Multi-Agent
Reinforcement

Learning

Real-time Traffic
Information

ST Area de Barcelona

Autoritat del Transport
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F(an > To the bus...
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European Research Level

OORDINATING EDGE AND CLOUD

LN J 11V a— = . SN c
S-S _ 5 == == FORBIGDATAANALYTICS
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European Research Level

EXTRACT

A distributed data-mining software platform for
extreme data across the compute continuum

https://extract-project.eu
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Next Research Projects

PROXIMITY (National Project)(2022 — 2025)

 Create an integrated 5G and edge ecosystem to facilitate real-time connectivity between end
users, sensors and compute continuum to increase the performance of mobility services

* Real-time safety application for road users, focused around tramway intersections in Barcelona

* Involved partners: BSC, Barcelona City Council and Tramway operator

AIRURBAN (National Project) (2022 — 2025)

* Improve accuracy and time-granularity of vehicle-related emission and air quality models,
incorporating real-time traffic information

* Pilotinfrastructure in Barcelona to monitor traffic around existing air quality monitoring stations,
to develop and validate microscopic emission models and enhanced air quality prediction

O T
I - Co-funded by the | ATM | Area de [ DD 3 \

,"7 Alr quality monitoring station - Traffic flows of interest (to be coptured by AIR-URBAN cameras)
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