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Project Introduction

Sapienza is the oldest university in Rome (founded 1303), and
the largest in Europe: 120,000 students, 3,500 professors.

The Department of Mechanical and Aerospace Engineering
Includes research groups specialized in data science applied to
diverse engineering problems.

AGIC aiComply is the Department’s technological spin-off,
specialized in data intelligence, cloud technologies risk and
governance management solutions

Today presentation:
Using advanced Business Intelligence and Artificial Intelligence
solutions for weather forecasting management




Disclaimer

The following slides are based on publicly available content, as
described in the following papers:

Patriarca, R., Simone, F., Di Gravio, G. Supporting weather forecasting
performance management at aerodromes through anomaly detection and
hierarchical clustering (2023) Expert Systems with Applications, 213, art.
no. 1719210. DOI: 10.1016/].eswa.2022.119210

Simone, F., Di Gravio, G., Patriarca, R. Performance-based Analysis of
Aerodrome Weather Forecasts (2022) New Trends in Civil Aviation, 2022-
October, pp. 27-33. DOI: 10.23919/NTCA55899.2022.9934004




Project Overview
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e BACKGROUND -

Weather bulletins
@ (METAR) are emitted at
regular frequency +
forecasts (TAF) and
special bulletins SPECI

Big-data on text strings of
bulletins to be decoded first,
and then analysed
systematically

Dedicated KPIs defined to
capture forecast accuracy

~

600°000 METAR/SPECI
60°'000 TAF

(generic yearly figure)

KPI to be developed
for retrospective analyses
and to generate proactive indicators

e NEED -
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o SOLUTION -

User-friendly systemic dashboards for the WSP
(top management and operational)

ML analysis on KPIs

2 i G .




Project Aim

Weather radar METAR
station report

The project aims to:

—Feorecastweather
- Manage forecastaccuracy

Decision
* support
system

ML-based
forecasting




Al Pipeline

Weather data

Historic Historic Current Current
forecast data radar data forecast data radar data

Data
pre-processing

Al pipeline passes through three stages:

- Data Preparation

Accuracy
ELEIES

-
e

- Descriptive ML

- Predictive ML

Hierarchical
clustering

TAF Anomalous
clusters time ranges

TAF clusters
anomaly
assessment

o'_I_Iob A

Data preparation Descriptive ML Predictive ML

TAF error
propension




Data Preparation: Decoding Weather Data

Data preparation
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Data Preparation: Decoding Weather Data
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Data Preparation: Defining accuracy KPIs

Event Event observed .
b Yes Mo Marginal total
Yes a b a+b
------- N GCdE*‘d ' KPI Acronym Analytical expression
Marginal total a+c b+d a*b+c+d=n ‘ a+b
Frequency Bias Index FBI FBI = . (1)
- - . +d
C_ontlngency matrixes for Proportion Correct PC Pc= 10— @
binary parameters, which -
can be ge nera I IZEd for Critical Success Index CSI CSI = P (3)
multi-variate parameters. N |
Probability Of Detection POD POD = oy 4)
False Alarm Ratio FAR FAR = %)
a+b

Key Performance Indicators (KPlIs)
can be calculated accordingly.



Data Preparation: Developing the Data Mart

Data pre-processing

Find errors

FWan

Historic data

Extraction

Data preparation

............

Find errors

TN

Load

&
<

v

Parse strings Transformation

Accuracy analysis

Load







Descriptive ML: Clustering similar forecasts (TAFs)

4 )
Hierarchical Clustering to spot TAFs

L characterized by “common” aspects/

The hierarchy dendogram is obtained via the cosine distance in the M-dimensional space

M
0; 0 m=10im Ojm
dy,,. =1 —cos (HOioj) =1-— .

Y] 0
” ” ” \/Zm 101m2 Z%=10jm2

and the Ward linkage criterion (via the Lance-Williams recursive algorithm)

diciuc)cxy = % deicy g de e T Bdec; TV ‘dc,cK —dc,cy

eeeeeeeeeeee

average = 0.69

-0.2 0




Descriptive ML: Identifying anomalies

4 )
Anomaly detection to spot outliers
in performance for KPIs
\_ /
iy = (Sigmoid)

1-D Convolution

Fully Connected

A Spectral Residual, Convolutional Neural Network is applied

S(x) = ||F~(exp(SR(f) + V=1-P(f)))||

A={TAE, : u=u;,, t" |V <t*<V;}




Predictive ML: Assign forecast error propensity

Ac, = { TAF, | TAE, € A A TAE, is classified in C; } i=1,..,Nc

tll tlz
A, L+ O+
nCi=| ‘| i=1,.. Nc
SCi
A
where |Ac, | is the cardinality of C (i.e., number of anomalous TAFs in the i-
Ac
th cluster); and s, is the size of C; based on the whole set of historic TAFs A, '
TAFs
obtained from the clustering algorithm. TAFITAF TAF3
4
TAF7
Ac,
TAF2

TAFe6



Use case: Airport X
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Back to Map Page

A~ [ 2020
~ Ll atr
v latr2
Voo Qtr3
v a4

Year, Quarter, Month, Day ~

See all KPIs (radar charts)

ccce
L search
Select all
| AED1

AED 2
AED 3
AED 4
AED 5
AEDG6
AED 7
AED 8
AED 9
AED 10
AED 11
AED 12
AED 13
AED 14

KPI analysis -

ddd_POD fmfm_PC

0964 —o=

1.0

More on ff POD @ More on fmfm PC ® | Go to other KPls D

VVVV_POD Clouds_PC

.y
-

h
A

3 A

b A

0938 \ 095 0950 __oss

1.0 . . . 1.0

More on VWWVV POD @ Go to other KPls D More on ww PC @ Go to other KPIs D More on Clouds PC O Go to other KPIs D




Use case: Airport X
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Use case: Airport X
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IT architecture

p=y

Content creators
build Bl solutions

-

Workspace admins,
members and
contributors

FﬁTeamSTF E?;tﬁilnj ® o _ o

é App viewers
_I Power Bl service

Source 1 81 Deskt 4
data ower esktop - Workspace ~, - )
A I 1
= —9—» S57
— EV} ﬁg I]l][l —e » G m Reports B Workspace access e m Power Bl reports
Queries Queries Model Report :
‘ and data 9 pu_bhgh Dashboards SEnsitiviwlabel > Dashboards
— .phix file
—— mashups Publish
e Workbooks m Endorsement app L=l Workbooks
l4. I- Dataflows Export Print
Scheduled
refresh and ,E Datasets u Alert Subscription BApp permissions
On-premises DirectQuery . U h 7
G dat P t [eel Lineage E Sage
Data sources ata gateway \ metrics )
within a private \_ ) )
network

Live connection

v
i

Power Bl
Desktop

) Report creators reuse

® | @

(&~ L

System

a
‘@é nversightj

existing datasets to
create new Bl solutions




Advantages

01

Integration in

enterprise database

02

Row-level security for
each data field (each
user can see only their
own data), using a PBI
link to be provided

03

Users can navigate data
live, to do self-service
reporting*, export in
PDF/PPT, etc.
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