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Introduction & Motivation

Genéve

Mussels farming is an
outstanding business |-
cornerstone in the most
part of lItalian coastal | =
regions.

rosseto

MARKET |
- Companies: 263(d)/886(r)

assari

'
| 1=--- Intermediate floats
'

1

Corner buoy

~.

......

- Tons: ~64235 (24 EU prod - ISPRA) Ol
- Euro/Kg: ~1.75 (average) Pre
~112M€ (2013, Italy) . - ’Mu e

~Lee

1
1
--=--- Mussels are attached to ropes -----

Make predictions about the pollutant concentration
in mussel farms areas in order to limit human
@ diseases.
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Contextualization

Crowdsourced data

rainc, ncrainc

u10,v10,2TC, SLP

Weather
Model

u0, v0, TOC, Depth, :

Ocean Circulation
Model Pollutant Transport and Diffusio

Model
» A cartoon-like representation of the big picture. T nwec ADMIRE | s
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A highly scalable high-performance Lagrangian transport and diffusion model
for marine pollutants assessment
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Water quality Community Model ++

Initial "

oy b It A
Conditions 7 4%%> |

(ROMS)

Emission
Sources

« Lagrangian model for the transport and diffusion of passive tracers.

» Hierarchical and Heterogenic parallelization (Distributed memory (MPI), Shared memory (OpenMP), and GPU (CUDA).
* Restart particles and Sources.

» Different and numerous applications. (pollutant concentration, search and rescue, ...).

« C++ 17 Language.

* Designed with the computational malleability in mind.
https://qithub.com/ccmmma/wacommplusplus Sl
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https://github.com/ccmmma/wacommplusplus

WaComM++: Input & Output

Forecast: 11Z130CT2022 Regione CAMPANIA (reg15/wcm3)
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WaComM++ architecture

Particles WaComMPlusPlus
run(): void
Particle Sources WaComM
- move(...): void ‘ () 8 wehdl
Ocean State &
Interpolation Source ‘ Emitter
emit(...): void |

‘ Deterministic leap

r

‘ Random leap

o
o
>
o
o
[]
=

£

o

S
T
©

o

WaComM++ ‘ ‘
restarts I

S Particles outer >
cycle

Move

Dead particles
removal

While time-dependent iterations characterize the ocean state outer cycle and the inner p

Ocean state outer

‘ OceanModelAdapter u, v, w, AKT,
zeta
process () : void ‘ TK,J,I
NativeAdapter ROMSAdapter

process () : void

process () : void

WaComM++

native NetCDF
CF data

ROMS
history NetCDF
data

The overall computation is
performed over three nested
cycles:

Ocean state outer cycle: for each
time-referenced dataset (usually
1-hour), a WaComM component is
instanced.

Particles outer cycle: moves the
particle to process using ocean
data.

Particle inner cycle: moves the
particle within the considered time
slice, applying the Lagrangian
transport and diffusion equations

integrated on a gjven time step.
I |acle cycle,q Ve palr’[itﬁesep

outer cycle has been hierarchically parallelized because each particle movement is independent of the others.



Concentration i\‘

Without multi-GPU paradigm.
Sources Process 0 Process 1 Process np
| Emitter G
n/h, start, end J == 5
' | Particles per Process Particles per
Particles y Particles to Process Progess
il u, v, W,
health, age Poa A.K T s
} decomposition (D) S tkji
| - v
“‘ Move Move
‘l‘. u, v, w, | Particles per Thread
“‘. AKT, |,| Move
\ zeta
\ tkji 4

N\

\
\
recomposition S

\
. | Dead particles \
3 removal

P

Thread nt

T

1

Local particles

Particles per
Thread

il

Local particles

With multi-GPU paradigm.
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WaComM++ evaluation configuration

PurpleJeans (HPC Tests):
We use the following configurations: 2 Intel(R) Xeon(R)Gold 5218 CPU@2.30GHz 16 cores each

4 Nvidia Tesla V100SXM232GB 5120 CUDA cores each)
- 25 million particles spilled out by a single

coastal source located in the Gulf of Napoli fjttps /rcf. unlparthempe it
(Campania, Italy) 7 =

- no restart mode

- 24 h of simulation N E

- Different parallelization schema

COMPUTER |
£ N GINEERING -




WaComM++ evaluation configuration

Baseline — one process, only one thread, and no GPUs (sequential mode)

- Distributed Memory (MPI approach): 1, 2, 4, 8, 16, 32, 64, and 128P on four computing nodes,
considering only 1T.

- Shared Memory (OpenMP approach): Considering only one MPI process, we used 1, 2, 4, 8, 16, and
32T on one computing node with 1P.

- Shared Memory and CUDA (OpenMP-CUDA approach): We consider both the single GPU
and the multi-GPU cases. A single process is tested from shared memory threads varying from 1 to
32T, sharing 1, 2, and 4G.

- Distributed Memory and CUDA (MPI-CUDA approach): We consider both the single GPU and the
multi-GPU cases. Multiple processes are tested, varying from 1 to 8P, using only one thread sharing
1, 2, and 4G.

- Distributed Memory, Shared Memory, and CUDA (MPI-OpenMP-CUDA approach): We consider
both the single GPU and the multi-GPU cases. A multiple 1 to 4P is tested using shared memory
fixed on 32T sharing 1, 2, and 4G. e s Euroee AD MIﬂE ‘s&::nxzz:::;giw;;:ﬁm
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WaComM++: evaluation

MPI MPI+OpenMP
Particle Outer-Cycle execution
times results without CUDA
approach
| s | [——
A G PO
R

OpenMP ; MPI ; MPI+OpenMP

Particle Outer-Cycle
execution times results
using CUDA approach.

oY &

& ot ®

= 1GPU =2GPU = 4 GPU

“P” is the number of MPI processes, “T" is the number of OpenMP processes, and “G” identifies the

number of GPU devices considered for the computation. e
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WaComM++: evaluation

e1GPU «2GPU «4GPU
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Computation Malleability

e Within the ADMIRE project, WaComM++ has been enhanced using Flex-MPI for
computational malleability.

e Computational resources vary during the computation to:

6
4~ 125

o Increase the number

835-

2 %, of processor as the

g5 ng problem size grows

515" g o sustain a constant

. ; 2 performance in terms

N of computed particles
i 0 100 200 300 Co:\ogmaﬁon ;(r):e o 600 700 800 900 D per Second

e  Simulation of 24 hours of 250K particles emitted per hour from a single emission point.
e The problem size is distributed on a new spawn process each simulated hour. ot
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WaComM++

e Is an open-source Lagrangian for modelling pollutants transport and diffusion at
the sea.

e It uses a parallelization schema enabling the users to run it on heterogeneous
parallel architectures.

e Using distributed memory, shared memory, and multi GPUs parallelism,
WaComM-++ performed more than 650.000 times faster than the sequential
case.
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Scientists do love mix things

4] FairWind - FairWind.cpp

fairwinap._, .—. - sdk = src = g, FairWind.cpp 2y A FairWind |Debug v | b 2% G G ~ & Git ¥ v 2 0® Q
g Project v @ —  i{; manifestjson ces FairWind.cpp
g2 - fairwindplusplus ct vi 101 // Initialize the QT managed settings
M > Mmapps i 102 QSettings settings( ——— - ;
o > M cmake-build-debug .‘ http://meteo.uniparthenope.it
2 > extras o ; + -
el > M gures 184 // Get the name of 4 Forecast: 0BZO8FEB2022 lItalia (it000/wrf5)
; > resources 105 mSettingsFairWindApp|
e
@ ¥ MEsdk 106
> Bbin 107 // Store the configy
> Documentation .
108 settings.setValue( k
> etc )
> examples ks
> include 110 // Get the name of {
> resources 111 mLauncherFairWindApp
> scripts
v src i
Store the confi
> connections " ) fig
> B displays settings.setValue( k i
=
> layers _5
; =
> layouts // Is a virtual keyH o
) . @
> M settings 1 bool useVirtualKeybq o
> i . ¢
> B util - °
& Appitem.cpp // Store the virtual § I
= £
% FairWind.cpp settings.setValue( k
:A. FairWindApp.cpp
.
:“PaQEBase'ch // Get the name of t
« SignalKDocument.c| 5 .
b= Sig PP QString appsDirRoot
> templates .
2\ CMakeLists.txt Eo
5 README.md 125 // Check if no valug
% resourcesSDK.are 6 hittpr/,/meteo.uniparthenope.it
> ui S Forecast: 13Z08FEB2022 Golfo Di Nepoli (ca001/rms3)
> venv
o 128 TTOTY
® & -gitignore X .
= 2 CMakeLists.txt 129 .-, |ion::applicationDirPath());
S
7 = LICENSE 130 b
a2 % main.cpp 2,
- 45 README.md g
£ . Ellos
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Bathymetry: “the study of underwater Echosounder: a device using echo sounds
patnymetry.

f th bottom t luate the depth.
depth of lake or ocean floors. In other rom the sea bottom to evaluate the dep

words, bathymetry is the underwater Multibeam: an echo sounder with steroids.
equivalent to hypsometry or topography.” = mowe ADMIRE [

Hard to obtain, lack of public high resolution open data.




Citizen Science
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Introduction, contextualization and motivations

S ~w =" | e Internet of things based
— : crowdsourcing tools.

e Using an ad-hoc loT
Data Transfer Protocol.

e Huge amount of surface data. e Poor and intermittent
data connection

e Problem size characterized by a remarkable

variability. availability.
e Data have to be continuously updated. 20 pwotee A DM LS |

*
=
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Introduction, contextualization and motivations

Wind
driven
wave
model

Current
model

Wind-driven sea waves: Wave Watch Il (WW3) max ground resolution 1Km, outlook 144h, updated each 24 hours

Formeemel: 23213N0¥2017 o Gosba o Horstes Farmesmel: 23213M0¥2017 Celfe O Nopell Farmezmel: 23213M0¥2017 Beda 01 Nepal

TR

.

4o

“d,.,‘--,x
/.{..

WaveWatch lli

THE W I R WE R G WEE E WS e Wi W

http:// metao.uniparthancpa.lt

Forecast: 23Z13NOV2017 Rada di Napoli

Regional
Ocean

Model
System

We need for more accurate models for environment management.




Introducing the DYNAMO ecosystem
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What’s in a name

DYNAMO

@stributed T data
leisure C@vdsourcing
cht-carried applications
sensor@twork

ford@mosphere a;@Jll}rine



Leisure Yachts-carried sensor Network

Data . Data
Science - Crowdsourcing

NMEA 2000*

edge

- fog :

SeaTalk

Data are gold coins in the realm of the
Today, almost any kind of leisure boat is scientists.

equipped by sensor connected by a
local network. Our Vision
Sensors collect various data
(environment, navigation).

Data are shown by displays and
gauges... and then dropped away...

Using leisure boats as “weather stations”
connecting all the sensors in a distributed
instrument. E( 51 moee ADMIRE | s

Er

u
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The Internet of Floating Things
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Leisure boats and yachts are equipped with
marine data sensor networks.
Position, Attitude, Speed, Wind, Depth, ...

Acquisition / Consuming final
products

Marine electronics data protocols:

NMEAO0183, SeaTalk, NMEA2000, SignalK

High Performance [Cloud]
Computing

Weather / Ocean Forecasts

A.l. improved
Weather / Ocean
predictions

Already available
dataset

i

Sensor Calibration
Tide Correction
Anonymization

Harmonization
A.l. training
Forecast improvement

Publishing & sharing




Science SDK

Weather forecast: Weather Research and Forecast (WRF) max ground resolution 3Km, outiook 144h, updated each 6 hours Janimarion] sah | s61 s12H | +18H | +24H | +36H | a8 |
Weather forecast with mesh of 3 Km - 10m sea surface wind - cloudiness, hourly ive rainfall and each 3 hours
the grey scale on the left is the cloudiness, the blu scale is the rainfall, and the red vectors are the winds.
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=4 A g : - Previsione T min T max Vento Pioggia
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§_5 " . r g Trend of temperature and pressure for next 6 days
z 7 - a 18 1040 &
! I ~ Sie t2c =
I e e T e e T e - < Y e 4 s s —— 1 1030 @
http://metao.uniparthancpa.lt http://metac.uniparthancpa.it http: //metac.uniparthancpa.it ; . - A J B 514, b 5
. i - £ LN 512 prretetage, JMlL, 1020 §
Weather forecast: Weather Research and Forecast (WRF) max ground resolution 1Km, outlook: 24h, updated each 6h g _,GB 2 . : ® o bt e R BB 225 A, &
40 u d : g0 1005
T > “1 o ée { 1000 8
Fermmt. 1 CHPERT t OF hpt [P 5 = ey, .o il . 4 990 3
20Feb 21 Feb 22Feb 23Feb 24Feb 25Feb 26 Feb
Z00:00 Z00:00 Z00:00 Z00:00 Z00:00 Z00:00 Z00:00
Wind-driven sea waves: Wave Watch Il (WW3) max ground ion 1Km, outlook 144h, updated each 24 hours
Formemct: 14Z20FER2017 Do Gasta o Morsias Formmt: 14Z20FERR1T Cobfe O Nopal Frmemet. 14Z26FER217 fada O Nepal
>
I~
o
U . rt.f. . I I t II. t . d .th d d o an e e RS E
Sing Artificial Inte Igence trained with crowdsource stiimimousierianpel i nouieionpul
Surface currents: Regional Ocean Model System (ROMS) max ground tion 80m, outlook 120h, updated each 24 hours

data to improve forecasting models’ results.
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onboard data: SignalK

SignalK

Period (s)

navigation.position 5
RPSITE Wikl navigation.speedOverGround 5
"self": "urn:mrn:signalk:uuid:7@5f5fla-efaf-44aa-9cb8-a@fd6305567c", navigation.courseOverGroundTrue 5
"vessels": { navigation.courseOverGroundMagnetic S
"urn:mrn:signalk:uuid:705f5fla-efaf-44aa-9cb8-a0fd6305567¢c": { naVigation.speedThroughWater 2
s 4 navigation.heading True 2
e edOverGroundE nangatlon.hea(‘.llngMagnetxc 2
o ) environment.wind.angle Apparent 5
value": 4.3: 62, 3 .
- environment.wind.speedApparent 5
"$source": "ttyUSBO.GP", [ . . £
) environment.wind.speedTrue 5
sentence”: "RMCT, = environment.wind.directionMagnetic 5
"timestamp": "2017-05-16T05:15:50.007Z" -] environment.wind.directionTrue
b & environment.inside.temperature
"position”: { 8 environment.inside.humidity
"value": { — environment.inside.pressure
waltitudet: 0.0, S environment.water.temperature
"latitude": 37.81479, L
"longitude": -122.44880152

I

e Modern and open data format for marine
use.

e Internet friendly standard built on
common web technologies, such as
JSON and WebSockets.

speedOver
Ground

courseOver
GroundTru
e

N deg

double
ms™’

http://signalk.org



Open onboard data: SignalK

SignalK Period (s) (
{
" ijon": " " igation.positi 5
VCIPEHEIE MRy n'av!ga . PO“(;(())H G d 5 "context": "vessels.urn:mrn:imo:mmsi:234567890",
"self": "urn:mrn:signalk:uuid:705f5fla-efaf-44aa-9cb8-a0fd6305567c", nav¥gat¥on.spee verroun =
e SIe0s & navigation.courseOverGroundTrue 5 "updates": [{
) ol i 05T S Tat s n et R e e navigation.courseOverGroundMagnetic 5 (
urn:mrn:signalk:uuld: a=2Tat= aa-9c¢ ol | o . . LU ",
o navigation.speedThroughWater 2 SOUCE S
”f”gam" A navigation headingTrue 2 "label": "N2000-01",
SREedOveHSIod navigation.headingMagnetic 2
“value": 4.32693662, environment.wind.angleApparent 5 "type": "NMEA2000",
"$source": "ttyUSBe.GP", -E environment.wind.speed Apparent S5 nepct: "g17"
"sentence": "RMC", ) environment.wind.speedTrue 5 ’ ’
"timestamp": "2017-05-16T05:15:50.0077" e environment.wind.directionMagnetic 5 "pgn": 127488
) S environment.wind.directionTrue 5
T (@] environment.inside.temperature 10 ¥
"position”: { p
P‘:Sl lOI: ' 8 CnVirOnlnent.inside.hulnidity 10 "timestamp": "2916‘91‘@71—97:18:442",
value': { environment.inside.pressure 10
“altitude”: 0.0, % environment.water.temperature 10 "values": [{
"latitude": 37.81479,
) o L "path": "propulsion.@.revolutions",
"longitude": -122.44880152
b "value": 16.341667 -
ol (ICJ
. . . . 5
e Signal K is developed in the open with help from the o , . E
path": "propulsion.@.boostPressure”, S
marine communlty. "value": 45500.0 8
()]
e Free and Open Source software. H -
. . bl =
e Apache License, Version 2.0. } 2
e Accepted as a standard for the marine electronics

community https://github.com/signalk



If you are an sporting/amateur

fisherman
If you are a scientist If you are a yacht club

N |1 you are a mooring or docking

company

e Designed to be attractive for boat lovers, business companies and, of course, to scientists.
e Open-source with Apache 2.0 “by design”. U Ewronee ADM|,“_ S

(= *
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The origins

e 2010: open-source was almost

not already used in marine
electronics.

e 2012: Open Sailing Processor

(OSP): fully HTML, CSS,
Javascript, and Python.

The startup era

e 2014: OSP is rebranded FairWind.
e 2015: investors suggests to switch
to closed-source, developed as an

Android Launcher.

Aleri Info

Fairwind 1.0

Open source and open
hardware Marine

635

Charlie Papa

Portable Interactive
Computer Console

FairWind Yacht App basic
The FairWind Group template
University of Napoli
Parthenope,
http://osp.uniparthenope.it,
2014

303"
5.8 kts

210°




Remember the open source? It is back.

Boat Data

-

L]
=

TCP/UDP

7~ =
FairWind

|

|
http:/'(...
ws:ll.'n\..

i loT Data Transfer [ ~~--- 4 4
Q.

o

< —
~ ==

[

$

o Cont'ent Vessel Manager
£ Provider

o

.

[ libdynamo.so

L]

Il

[
|

pe

DYNAMO Daemon

Alert Monitor J { Data Listeners ] [

Logger

s ||

usSB

2018: UNP assigns a grant to the e
DYNAMO project to support the

development.

Android.

FairWWind moves to a
customized open-source

1 f T
A
\.\_LIJJ./

REST API
Cloud
Data Sink

HTCondor

===
MongoDB

REST API

Atmosphere &
Marine Data

FairWind is
open-source.
3 EuroHPC ADMII\I_ AT MANACER FOR EASCALE
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Remember the open source? It is back.

DYNAMO
Daemon

|| 3
| NMEA0183 Teplp Client |

& :
| NMEA0183 Biuetooth Client

[ NmEA0183 Usb Ciient |

=)

| Signalk Web Sockel Clent

Alert Monitor

2018: UNP assigns a grant to the e
DYNAMO project to support the

development.

“version™: "v1.0.0°,
“self”:

“urn:mm:signalk:uuid:705¢5f1a-efaf-44aa-9

cbB8-a0fd6305567¢",
*vessels": {

cbB8-a0fd6305567¢": {
"navigation™: {
“speedOverGround™: {
“value”: 4.32693662,
*$source": “ttyUSB0.GP",
*sentence”: "RMC",

“timestamp"”
*2017-05-16T05:15:50.007Z"
“position”: {
“value": {
“altitude™: 0.0,
“latitude”: 37.81479,

}

SignalK Document
(

*urn:mm:signalk:uuid:705/5f1a-efaf-4daa-9

“longitude”: -122.44880152

fadcard/dynanc/logs/signalk/

SignalK
Model
interface

Vessel

libdynamo.so

k, {struct so

FairWWind moves to a
customized open-source
Android. e

Manager
Framework

DYNAMO
Model
class

e FairWindis

open-source.

.
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fons for HPC
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DYNAMO & Fairwind: Fundings

e MytiluSE - Modelling mytilus farming
System with Enhanced web technologies

4081

REGIONE CAMPANIA 08l

40.79

Research e MytilAl - Modelling mytilus farming with

Grants funded

by the Artificial Intelligence technologies | :
Regione T kel

Campania - Mussel Contamination Prediction

Veterinary
A.l. - D.N.N.

http://meteo.uniparthenope.it ://meteo.uniparthenope.it
Forecast: 01Z09FEB2022 Golfo di Pozzuoli (VETO051/rms3) Forecast: 01Z09FEB2022 Golfo di (VETO051/wem3)

http://meteo.uniparthenope.it
Forecast: 01Z09FEB2022 Golfo di Pozzuoli (VETO051/wrf5)

High Resolution
Seafloor DTM
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Moving data from vessels to shore
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DYNAMO: Data Movement Framework

e Resilient because it takes advantage of e Firewall and proxy friendly, enforcing
short connection times using a dynamic the security without a mandatory use of
thread generation algorithm; HTTPS;

e Lightweight, because data parcels e Application independent, could be
could be compressed; used in different contexts;

e HTTP-based, mainly using GET and e Fully customizable, because each
POST with file attach verbs; feature could be deactivated, depending

on the application design-
e Bidirectional, but loosely coupled;

Secure thanks to encryption and data signature

E

[T
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SignalK-Dynamo-Logger

On Board
Storage

Encryption

Zipping

Dynamo-GUI

Parceling

Applications

SignalK
Server

Signature
extraction

NMEA 0183

NMEA 2000

SeaTalk

Data sources

Upload
Storage

Data Movement Framework

| S
i Compute Data Encoder X I e} g
(instance) (SQL) N w$
l — i
I Unzipping Signature Ay storsse
I verification
! : :
Decryption Signature l
I extraction I
I —_— —_— —_— —_— —_— —_— —_— —_— s | —_— J
N
A
Message . Dispatcher
Queue

Upload Basket

Dynamo Storage




DYNAMO: SignalK Logger

Random Encryption Storage Public
Symmetric Key Key
Sarceli Generation Device Private e
arceling
(time, size, both) l Key Asymmetric
/—l\ Symmetric Key O
~_ \ Asymmetric
Encryption —
(-} >
Data Parcel Encrypted
. Symmetric Key
Symmeric w
Encryption - Symmetrically
Signature Encrypted Data
extraction /_< \—/
M~ @@ HTTP POST
Zipping Digital Signature (file attach)
S
Compressed Osr; Soara Upload Storage Transfer
Data Parcel orage Speed




HTTP POST
(file attach)

Transfer
Speed

Compute
| (instance)

DYNAMO: Cloud Storage

Upload Basket

Message Queue

.

Dispatcher

Signature extraction

Encrypted
Symmetric Key

\_/

Storage Private

IR

Decryption

A

Symmetrically

"\

Asymmetric Decryption

Encrypted Data
Symmetric Decryption

Device Public

I

!

Key

|
|
|
| Key
|
|
|
|

Asymmetric Decryption

Y

Server

Storage

—_—_— e — — o — — -

Data Encoder (SQL)

f

Signature verification

f

Symmetric Key \

Unzipping




"context

"updates

"

": "vessels.urn:mrn:imo:mmsi:234567890",

g

apel : "N2000-01",

ype": "NMEA2000",

"propulsion.@.revolutions",

"propulsion.@.boostPressure",

SQL schema

SQL Data Encoder

propulsion_0_revolutions name
context context
timestamp timestamp
source navigation_position source
value context value

timestamp

source

value

navigation.speedOverGround
\ context
\=so timestamp
source
contexts Valile
value
environment.depthBelowTransducer
context
*| timestamp
O propulsion_0_boostPressure source

context value
timestamp
source .
value EEQ Eg EuroHPC ADMIRE | smmmmmer
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"
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@
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Raspberry Pi 3B+
Power management
24 Wifi Adapter

4G Cellular Dongle

DYNAMO (small production, ~20 pcs)

GPS/Glonass 5Hz NMEA 0183
Barometer/Hygromet NMEA 2000
er/Thermometer SeaTalk
Pitch/Yaw/Raoll 12C



Publications and Awards

e Montella, Raffaele, Sokol Kosta, and lan Foster. "DYNAMO: Distributed leisure yacht-carried
sensor-network for atmosphere and marine data crowdsourcing applications." In 20718 IEEE
International Conference on Cloud Engineering (IC2E), pp. 333-339. IEEE, 2018.

e Montella, Raffaele, Mario Ruggieri, and Sokol Kosta. "A fast, secure, reliable, and resilient data
transfer framework for pervasive loT applications." In IEEE INFOCOM 2018-IEEE Conference on
Computer Communications Workshops (INFOCOM WKSHPS), pp. 710-715. IEEE, 2018.

e Montella, Raffaele, Diana Di Luccio, Sokol Kosta, Giulio Giunta, and lan Foster. "Performance, Best
resilience, and security in moving data from the fog to the cloud: the DYNAMO transfer framework Paper
approach." In International Conference on Internet and Distributed Computing Systems, pp. 197-208. Award

Springer, Cham, 2018.

e DiLuccio, Diana, Sokol Kosta, Aniello Castiglione, Antonio Maratea, and Raffaele Montella. "Vessel to
shore data movement through the internet of floating things: A microservice platform at the edge."
Concurrency and Computation: Practice and Experience 33, no. 4 (2021): €5988.



DYNAMO & FairWind: Evolution and Trends

e Using a customized version of Android in the DYNAMO ecosystem is
challenging, but demanding.

e The original idea of providing regular Android applications with data from
boats works in the lab but not for production.

e Laws about privacy and data management become more restrictive
(GDPR).

e Spending human time in hacking and modifying an industrial software
component is not productive.

e Open source in marine electronics is real: SignalK servers are available
on both DIY or off the shelf marine electronics. T e ADMIRE | sz

. e

2021, the world has changed



FairWind++ an execution environment for the
citizen science at the sea
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Presenting FairWind++

e FairWind has completely redesigned for the 3rd time.

e FairWind++ is an execution environment for the
FairWind Apps running on a regular operating system.

e Any hardware architecture supporting QTS can run
FairWind++.

System tested at the date:

o MacOS i
o Ubuntu Linux (64 bit) ®-
o Raspberry Pi OS - on Raspberry Pi 4 (4GB) and Raspberry Pi 3b+ 6

(1GB), 32 bit. -
o Microsoft Windows 10 e

2021, the world has changed
o
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Presenting FairWind++

e Developed in C++ 17 and QTS5 framework.

e “Qt, pronounced as the word cute, is a widget toolkit for
creating graphical user interfaces as well as cross-platform
applications that run on various software and hardware
platforms such as Linux, Windows, macQOS, Android or
embedded systems with little or no change in the
underlying codebase while still being a native application
with native capabilities and speed.”

e Leveraging on external projects (we contributed to):
o QtJsonSchema
o Qt Custom Gauge Widget
o QGeoView E

N
7}

Technical information
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Technical information

Presenting FairWind++

Built using the FairWind SDK.
The FairWindSDK is used to develop FairWind Apps.

FairWind Apps are technically QT plugins honouring a
standard interface.

FairWind++ is highly modular: the most part of the Ul is
implemented by a FairWind App.

FairWind Apps are shared libraries.

FairWind Apps will be distributed using the app store
metafore. £ wowe ADMIRE
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The block diagram

Launchers

FairWind
Apps

Plugins

Data Manager
Extensions

Operating System

Component Browser

FairWind++ architecture

Settings (widget)

Layouts

Layers

Displays

FairWind++ is heavily modular leveraging on replaceable Plugins

If a plugin registers a component, the component is

made available to all other plugins

N

T
i
Mre

*
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FairWind++ Ul

oG 06 Waypoint Info Bearing VMG
3 B 00-02-2022 0623 [}
24°44'4.0"E 197 6.6 - - - -

Top Bar
3
o
>
5 S -
Q T 5
2 2| = - mE
a 5| 066 |
r— COG (T) g
m A =3 S
c 197 8
o Boat Speed kn|
© 2 06 2
: g Heading (T
= = 196 .
-L g Depth £
E ] 26.9 £
= o :
o =
g Bottom Bar
g e The execution environment manages the top bar and the bottom bar.
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FairWind App anatomy

COG SOG /aypoint Info Bearing VMG

aptain 00-02-2022 0623 [}
24°44'4.0"E 197 6.6 - - - -

»

© s

S s

c c
S 3 8
o 3 5
o @ S
< a 06 6 S
= COG (T) _%
() 197 <
£ Boat Speed kn

c 06 2

u— 5 Heading (T

o S 1 96

—_— S Depth "
Q 26.9 S
o -
<

©

=

=

©

LL

o x Kk
= =
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FairWind App anatomy

Position c0G 506 Waypoint Info Bearing VMG
o Captain 09-02-2022 09:00
59°43'10.9" N,24° 44' 2.8"E 192 7.2 — = e

General Extensions
B 001

Displays
Aons play:

GC1530

active v

class  fairwind::displays::DisplayGauge

Selected App

fullPath  g{self}.navigation.speedOverGround

Apps.
layout jeft

Switch Panel
maxValue

0.01

minValue
Apps

Entertainment

0.0.1

Apps

Application Configuration Ul

Extensions

92 opencPN
0.01

Plugins

Settings button

Spotify
0.0.1

Plugins

QL& X N

MyData MOB Apps Alarms Settings

e The App configuration is defined using an extended N schema
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FairWind App class diagram

FairWindAppBase MyApp PageBase
. FairWind
IFairWindApp MyPage
SignaKDocument
IDisplay ILayer ILayout

e All the apps start as a “service”. The Ul is provided by pages
&= ﬁg EuroHPC ADM| ,“_ e

—
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FairWind App lifecycle

onCreate

|

/ onStart \

onPause ...running.... onResume

‘\

onStop

onDestroy

e ...yes, itremembers a well known lifecycle. £ woee ADMIRE B



*
* * HER F
* D,ﬁ , /ADAPTIVE MULTI-TIER INTELLIGENT
* 33 EuroHPC | DATAMANAGER FOREXASCALE
=3 Joint Undertaking [ ™
malleable datasolutions for HPC

C
Lox *
* gk I

So many kind of apps in FairWind++

Native FairWind Apps.
Developed with the FairWind SDK. Can be downloaded from an
app store (when it will be available).

Mobile Apps.
Are apps for mobile devices connecting to the Signal K server
and interacting with FairWind++.

Web Apps.

Are web applications running in a customized browser and
hosted on a local or remote server. The Signal K application is
an example.




The big picture: one step behind the A.l. for
previsions augmented by predictions
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5 e ADMIRE |sssssim DYNAMO Architecture

Shore
Vessel Data Movement Framework id
side side
DYNAMO Storage
Jr
Ll ©
] @
T 3
A — . Labels Features s
Signal K Server L | L cmenfl || JrC ulin >
13 13 e — Troping
— o p— e ‘ll_—;, 8
Trained Model o
= u°_
Predicting @
Forecasts improved by
predictions



Conclusion

e One of our core business is the weather and marine precision
forecasts.

e In order to improve forecasting models’ results we designed the
DYNAMO ecosystem to implement the marine data crowdsourcing as
the citizen science paradigm.

e Plan when the idea was born: data assimilation.

e The current approach: forecasts corrected by crowdsourced data
using A.l.

http://fairwind.uniparthenope.it https://github.com/openfairwind



http://fairwind.uniparthenope.it
https://github.com/openfairwind

Artificial Intelligence
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Artificial Intelligence

A young science...
(about 50 years old)

e Exciting and dynamic field, lots
of uncharted territory left.

May 11th. 1507
Computer won workl champion of chess
[Dwap 85 5o G ”

L

e Impressive success stories.

e ‘“Intelligent” in specialized
domains.

e Many application areas.

2l sl

Q»‘-’r ;.-.:f-' o : & ‘(,"»'..'
ace detection Formal verification

...in the realty.



Artificial Intelligence

e There is no clear consensus on the definition of Al

e John McCarthy coined the phrase Al in 1956

“It is the science and engineering of making intelligent machines, especially intelligent
computer programs.

It is related to the similar task of using computers to understand human or other

intelligence, but Al does not have to confine itself to methods that are biologically
observable.”

" i Y gl [P P iNifi
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Artificial Intelligence

Al is a collection of hard problems which can be solved by humans and other living
things, but for which we don’t have good algorithms for solving.

Examples: understanding spoken natural language, medical diagnosis, circuit design,
learning, self-adaptation, reasoning, chess playing, proving math theorems, etc.

Russsell & Norvig: a program that
o Acts like human (Turing test)
o Thinks like human (human-like patterns of thinking steps)
o Acts or thinks rationally (logically, correctly)

Some problems used to be thought of as Al but are now considered not anymore.

AAAAAAAAAAA I-TIER INTELLIGENT

SO definition(s)
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Data, big data & data science

Definition:

“Big data is a field that treats ways to analyze,
systematically extract information from, or otherwise deal with
data sets that are too large or complex to be dealt with by
traditional data-processing application software.”

Technologies aimed at extracting knowledge and value from data

Analysis of large amounts of information
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Data, big data & data science

Big data: "Big, Fat, and Ugly”
Structured and unstructured
Economy, geolocation, time series, social networks

Petabyte, Zettabyte (billions of Terabytes) Data
Parallel Computing, GPGPU Science
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The Storm Seeker
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Motivation

The Mediterranean area is subject to a range of destructive weather events, including middle-latitudes
storms, Mediterranean sub-tropical hurricane-like storms (“medicanes"), and small-scale but violent local
storms.

Although predicting large-scale atmosphere disturbances is a common activity in numerical weather
prediction, the tasks of recognizing, identifying, and tracing trajectories of such extreme weather events
within weather model outputs remains challenging.

A new approach to this problem — StormSeeker _ _ _
Uses machine learning techniques

to recognize, classify, and trace the
trajectories of severe storms in
atmospheric model data.
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The StormSeeker approach

UNSUPERVISED |:> Identify clusters

The points with similar characteristics are identified through an autoencoder that produces a reduced
dimensionality latent space representation of the meteorological forecasting model output.

To this new weather model output we then apply a NEgentropy Clustering (NEC) to assign a cluster label
to each point.

SUPERVISED |::> Training and applying a storm tracker

In order to identify the clusters that represent the actual storm we use a neural network trained on data
labeled by experts.
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Step 1: the autoencoder

Autoencoder — an unsupervised neural
network (NN) that learns a non-linear
representation (encoding) of a set of data.

Non-linear Principal Component Analysis

ENCODER — 17 inputs and 4 outputs
(neural network hidden nodes)

Output Layer

DECODER — 4 inputs and 17 outputs

» NEgentropy Clustering
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10

Step 1: NEgentropy Clustering

NEC — a hierarchical clustering method

based K-means.

K-means clustering algorithm

Target: groups the elements of a dataset

into non-overlapping sets, such that all

elements belonging to the same set are as
similar as possible.
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Step 2: Labeling

Places: | Italia
Date & time:| 10/29/2018 12:00

Target: allows the experts to mark and label
the found clusters by polygons in weather
model output. The polygons correspond to
severe weather events.

o

Weather Labeling Web Application
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Step 2: Training and applying a storm tracker

Target: use label data to train the NN that

puK e Wadsnlyers Outputlayes will subsequently be used for predicting new
i - phenomena.
5 MultiLayer Perceptron approach (MLP)
” - < — uses a supervised learning technique
: : & called backpropagation for training.

We use a cross-validation methodology, a
MLP with a single hidden layer on the
labeled data to obtain a predictive model.

N
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StormSeeker and Meteo@Uniparthenope

(e.g. lightning)

WMS Server

S lles el ong E();‘-aegs%nrztgir WRF Output
NCEP GFS B
Workflow
OPeNDAP
Server
e ;
Other Dataset meteo@uniparthenope | |

API

\1/

Weather Labelling Web Application

e o — — — — — — — — — — — — — — — — — — —— — — — — — — —

Weather
Labelling Web
API

eather
Labels
Storage

Unlabelled
Dataset

clusters

Weather Labelling
Web Application

Labelled clusters

Machine Learning Stride

Search

StormSeeker

v

Weather Alert!




Case study: VAIA storm event

un 29-30 October 2019, the VAIA storm hits the North-Eastern regions of Italy by wind gusts
exceeding 200 km/h.

RN

il

[29 Oct. 2018 Z1

r3 & e 3 3 20 2 3 £3 £3 3 TiE 3 3 E3 2

WRF model weather forecast.

%‘,;M S N
«I[30 Oct. 2018 Z06| .\

r3 & £3 3 E3 k3

Sea Level Pressure [mb]
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Destructive effects of the storm connected to the storm e s Y | oumemummrcar
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Features used

Name Description Unit S U
T2C Temperature at 2m °C v oV
SLP Sea level pressure hPa v v
WSPD10 Wind speed at 10m ms™ v oV
WDIR10 Wind direction at 10m 2 v oV
HR2 Relative humidity at 2m % v o/
UH Updraft helicity m3s? «
MCAPE Max. convective available potential energy JKg™! v
TC500 Temperature at 500 hPa °C v
TC850 Temperature at 850 hPa °C v
GPH500 Geopotential height at 500 hPa m v
GPHS850 Geopotential height at 850 hPa m v
CLOUD Cloud fraction % v oV
UuioM Wind at 10m (u-component) ms™! v
V1ioM Wind at 10m (v-component) ms™! v
WSPD10, Wind speed change from previous time step ms™! v
WDIR10,  Wind direction change from previous time step °N v
RAIN Hourly cumulative rain mm v oV

J EuroHPC ADMi':-’\E \
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StormSeeker application during VAIA storm event

(A) Simulazione del modello WRF (B) Risultato dell' Autoencoder-NEC ed etichettatura. (C) Risultato di StormSeeker

20181029 218 20181030 Z00

. N
» Sl ¥4 (‘7 .( " ¥ <
-1 ~——— ,f ‘.ﬁ \t’j » - by
g B ) -
o ‘ A
o/ C‘I ( \'d » - -
} 4 ©
- --1 EY ) - Y _' % e A = £
| -’
Pressione a livello del mare [mb)] . g . ‘() - ' :- _
3 2 &8 8 3 8 37 1/ Cluster n.1 Cluster n.2 Cluster n.3 Cluster n.4 Cluster n.5

An example of StormSeeker:
A) The WRF output is reduced in its dimensions using the Autoencoder-NEC;

B) the clusters 1 and 3 are overlaid on the WRF output in order to assist the field expert in severe weather
events labelling;

C) Final result. € 5 e ADMIRE
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AUGMENTING MARINE POLLUTANTS
TRANSPORT AND DIFFUSION MODEL
RESULTS USING Al PREDICTION
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Introduction

ARPAG

MULTISERVIZI

e The most of the fish commerce is constituted by the fish and mussels (Mytilus
galloprovincialis) farming

e Continuous monitoring to enforce food security and quality
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Motivation and novel contributions

Motivations

e Relationship between exposure
time of the mussel to pollutants
and the actual absorption of
pollutants

e Numerical model of mussel
assimilation is unknown

e Algorithm for the modeling of the
processes of accumulation of

pollutants in mussel based on
artificial m’rnllmpnma technoloqgies

Novel contributions

e Dataset time series creation

e Machine Learning Models
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Artificial Intelligence-based water QUAIity Model

- Software component enabling the user to predict, with a
reasonable probability, the contaminant levels in shellfish farms

- High-resolution numerical models + Machine Learning

- multiple Al models

- selecting the best result with a weighted majority report methodology
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Architecture - Training phase

SVERS77 \.

WaComM++ Simulations AIQUAM

Biological
Sampling
e Dataset _
Data Filtering Extraction § aiModels €
(quality control) ; {KNN, CNN, ...}

Learning

Dataset
Analysis

Training

weights

Data
Augmentation

5 Dataset preparation

Dataset Inferencing
aiModels €

Extraction {KNN, CNN, ...}

c Partitclet. weighted
oncentration maior
WaComM++ Time Series—? ey

r(*****\‘ﬁ DY o
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= 922 Jaint Undertaking

malieable data solutions for H

Forecasts

ADAPTIVE MULTI-TIER INTELLIGENT
DATA MANAGER FOR EXASCALE




Data filtering

- Microbiological sampling is the label of the training dataset

- max, mean or median

MPN (Most Probable Number):
analytical methodology for counting the
microbial burden of an organic sample.

A B C D E F (c} H | J K

NUMERO SCHEDA ANNO AC-T|NUMERO ACCETTAZIONE _IZS ACCETTAZIONE DATA PRELIEVO DATA ARRIVO DATA ESITO REGIONE  Codice SITO SITO ESITO
©|1043A-101608-B 2019 101608 ISTITUTO ZOOPROFILATTICO SPERIMENTALE DEL MEZZOGIORNO 30/09/19 30/09/19  04/10/19 CAMPANIA 1500016 VARCATURO GIACOBBE 230
1043A-101610-8 2019 101610 ISTITUTO ZOOPROFILATTICO SPERIMENTALE DEL MEZZOGIORNO 30/09/19 30/09/19  04/10/19 CAMPANIA 1500009 MONTE DI PROCIDA 230
'|1043A-101611-B 2019 101611 ISTITUTO ZOOPROFILATTICO SPERIMENTALE DEL MEZZOGIORNO 30/09/19 30/09/19  04/10/19 CAMPANIA 1500038 ACQUAMORTA 18
1043A-101611-B 2019 101611 ISTITUTO ZOOPROFILATTICO SPERIMENTALE DEL MEZZOGIORNO 30/09/19 30/09/19  04/10/19 CAMPANIA 1500038 ACQUAMORTA 45
1|1043A-101611-B 2019 101611 ISTITUTO ZOOPROFILATTICO SPERIMENTALE DEL MEZZOGIORNO 30/09/19 30/09/19 __04/10/19 CAMPANIA 1500038 ACQUAMORTA 18
1043A-102056-8 2019 102056 ISTITUTO ZOOPROFILATTICO SPERIMENTALE DEL MEZZOGIORNO 01/10/19 01/10/19  04/10/19 CAMPANIA 1500026 TORRE DI PESCOPAGANO 45
1|1043A-102125-B 2019 102125 ISTITUTO ZOOPROFILATTICO SPERIMENTALE DEL MEZZOGIORNO 01/10/19 01/10/19  04/10/19 CAMPANIA 1500012 PUNTA CAVALLO, NISIDA 18
1043A-102133-8 2019 102133 ISTITUTO ZOOPROFILATTICO SPERIMENTALE DEL MEZZOGIORNO 01/10/19 01/10/19  04/10/19 CAMPANIA 1500012 PUNTA CAVALLO, NISIDA 18
1043A-102583-8 2019 102583 ISTITUTO ZOOPROFILATTICO SPERIMENTALE DEL MEZZOGIORNO 02/10/19 02/10/19  07/10/19 CAMPANIA 1500038 ACQUAMORTA 110
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Data extraction

- The features are built by the concentration of particles per hour (72)
produced by the WaComM++ model

- The time of assimilation of mussels can be expressed by

to—At
/ fdi
to

- Dataset is composed as follows:
- features

« labels:
e class0(0-67 MPN / 100 g)
e class1(67-230 MPN / 100 g)
e class 2 (230-4600 MPN / 100 g) Lo
* class 3 (>4600 MPN / 100 g) s0 i |

2019-08-01

500 + 500

E. coil/100g FIL

230 +

number of particles
~
W
&
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Data analysis

ACQUAMORTA: November

: <— Low concentration - High value
RADA S. LUCIA OVEST: July
671 | o2 — I ‘ ‘ | , I 500
2019-‘11—01 — 20197‘11—30 ! ‘ ‘
; L
gzso- L { l 230%
High concentration - Low value —» ¢ ‘ ’ ‘ .
67 i . A i ,“ Ry L7
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Data augmentation

- Data augmentation technique to amplify dataset

« isused to increase amount of data. Two methods:
* duplicate sample in the minority class
* synthesize new samples from existing examples: SMOTE (Synthetic Minority Oversampling
Technique

- After the “data augmentation” phase, our dataset now has 221 samples, of

which:
« 111 belonging to class 0 (0-67 MPN/100g);
« 55 belonging to class 1 (67-230 MPN/100g);
- 55 belonging to class 2 (230-4600 MPN/100g)

- The resultis a less unbalanced dataset.
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Time-series classification

- AIQUAM uses multiple machine learning models to solve the “time-series
classification” (TSC) problem

- The goal is to train a model that can accurately predict a time series class,
given a dataset with labeled time sequences

- There are many approaches for time series classification, which can be
summarized in three large categories according to the classification scheme:

« model based
« distance based
« feature based
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Machine Learning models

- We tested two machine learning models:
- Convolutional Neural Network (features-based)

« K-Nearest Neighbour (distance-based)

- During the prediction stage, AIQUAM selects the best results using
a weighted majority report strategy
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Convolutional neural network

. These three CNNs differ
in kernel size

. The kernel size in the
Convolution 1D first CNN is equal to 3,
in the second, it is equal
to 5, and in the third, it

Dropout is equal to 11

Convolution 1D Convolution 1D

Dropout Dropout

*  Small filter sizes capture
] [ ] [ ] great details of the
input, while large ones
leave minute details in
the input

Flatten Flatten Flatten

. These three CNN are
concatenated to create
the Fully Connected

(FC) Layer

Concatenate

Dense (Output)
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K-Nearest Neighbors

K-Nearest Neighbors (KNN) algorithm stores all the available cases and classifies the
new data or case based on a similarity measure

In the classification setting, the KNN algorithm essentially boils down to forming a
majority vote between the k most similar instances to a given “unseen” observation

- The similarity is defined according to a distance metric between two data points
calculated using the following methods:

« Euclidean Distance
«  Minkowski Distance
+ Dynamic Time Warping (DTW)
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Evaluation: KNN+DTW

KNN + DTW
Confusion Matrix KNN + DTW
precision | recall | f1-score | support %
0-67 25
0-67 1.00 0.94 0.97 33
MPN/100g 20
67-230 0.89 0.94 0.91 17 072307 15
MPN/100g
r10
230-4600 0.94 1.00 0.97 17 230-4600 - | &
MPN/100g
' T o
accuracy 0.96 67 )
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Evaluation: KNN + Minkowski

KNN + Minkowski
Confusion Matrix KNN + Minkowski 30
precision | recall | f1-score | support
0-67 25
0-67 1.00 0.91 0.95 33
MPN/100g 20
67-230 0.84 0.94 0.89 17 or2307 15
MPN/100g o
230-4600 0.94 1.00 0.97 17 230-4600 5
MPN/100g
- T —L0
accuracy 0.94 67 )
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Evaluation: CNN

CNN
Confusion Matrix CNN
precision | recall | f1-score | support aE
0-67
0-67 0.97 0.85 0.90 33 -
MPN/100g
15
67-230 0.94 0.94 0.94 17 072301
MPN/100g - 10
230-4600 0.81 1.00 0.89 17 230-4600 - -5
MPN/100g
T T —= 0
accuracy 0.91 67 )
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 Cross Validation: Leave-One-Out

* 3 machine learning models =3
(probability) different results

* Majority vote to decide the class
to belong to

Results summary

Model accuracy
KNN + DTW 0.96
KNN + Minkowski 0.94
CNN 0.91
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Architecture - Prediction phase

Biological WaComM++ Simulations AIQUAM
Sampling
Dataset Learning
= Date_l Filtering Extraction aiModels €
= (quality control) {KNN, CNN, ...}
©
= Dataset
Analysis
Dat weights
ata
] Augmentation
. Dataset preparation
: Dataset MR |
i 'S Extraction {KNN, CNN, ...} !
e , :
! &’ c Partltclet_ weighted |
: oncentration maijorit :
: Forecasts WaComM++ Time Series—? ort :
..o :
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The Machine Learning models were trained with samples taken by competent authorities in the
Bay of Naples in 2019 and 2020.

We fed the machine learning models with unseen data taken in 2021 in the Bay of Naples to test
our models.

Date Zone Microbiological concentration of E. coli Predicted class
(class)
24/08/2021 Monte di Procida 78 MPN/100g (0) 0
24/08/2021 Monte di Procida 230 MPN/100g (1) 1
24/08/2021 Monte di Procida 4900 MPN/100g (2) 2
30/08/2021 Lucrino 67 MPN/100g (0) 0
30/08/2021 Lucrino 67 MPN/100g (0) 0
30/08/2021 Lucrino 67 MPN/100g (0) 0
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Predicted results

August 24, 2021 -
10:00 UTC

WaComM++

40.95
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40.85
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Mussel Contamination Index (predicted)

Low Medium High Very High Critical

Absent

entration [N. of particles]

Conc:

August 21 2021 -

August 22 2021 - August 23 2021 -
10:00 UTC 10:00 UTC 10:00 UTC

August 24 2021 -
10:00 UTC

j =y
53 wurowee ADMIRE

Hgh  Very Hoh  Forbladen

Aosant Ve

ADAPTIVE MULTI-TIER INTELLIGENT
DATA MANAGER FOR EXASCALE



Conclusion

A new methodology has been proposed to predict the
concentration of pollutants in mussels using Artificial Intelligence

KNN method performs very well for this type of problem even
though we had very few microbiological samples available

The best results were obtained with the KNN + DTW method with
an accuracy higher than 90%.
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Implement a semi-automatic protocol to assimilate data obtained

from microbiological analysis

Use a decision support system based on Explainable Al, set of
tools and frameworks to help to understand and interpret
predictions made by machine learning models
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