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Making the ionosphere in one slide...
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Monitoring the ionosphere...
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Total Electron Content

Exploiting GNSS measurements to estimate the
lonospheric Total Electron Content (TEC)

Courtesy of J.Damaceno TEC [TECU]



A lot of external forcing...
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How to model and forecast the ionospheric features?

Physics-based models

y = f(x)




How to model and forecast the ionospheric features?

ML/DL models,
Empirical models

Physics-based models




How to model and forecast the ionospheric features?

Physics-based models

ML/DL models,
Empirical models




How to model and forecast the ionospheric features?

Physics Informed ML models,
Data assimilation models,
Explainable Al




Physics-informed Machine Learning (PIML)

Leverage physics to ease Machine Learning training task
How to doit...
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Regression vs Classification
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Regression vs Classification

LSTID occurrence Global TEC forecasting

UTC 2017-09-08 13:14:00

TEC forecasted at 08-Sep-2017 02:00 UT
R12 off" 66.4
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How will the Global TEC change in the next 24 hours?

LSTID occurrence

Global TEC forecasting

UTC 2017-09-08 13:14:00

TEC forecasted at 08-Sep-2017 02:00 UT
R12 off" 66.4

classification

re,gre,ssion



What the ionospheric community did so far for TEC forecasting?

The extensive application of ML techniques in ionospheric modeling the recent years demonstrate relevant
forecasting efficiency. The benefits may be greater through the coupling of physics-based models with ML.

Tsagouri et al., 2023
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Our roadmap toward a Physics-Informed forecasting TEC model

First model
development

2020

First TEC forecasting
paper published by INGV
Cesaroni et al., 2020

Based on NARX and
’ NeQuick2 model

Collaboration with
Universidad
Nacional de
Tucuman

Testing of RNN
and CNN

ﬁ UNIVERSIDAD NACIONAL DE TUCUMAN I

FACULTAD DE CIENCIAS EXACTAS Y TECNOLOGIA

Testing different
features
2021

Collaboration with
Universita del
Salento

Rigorous features
@ ranking + stacked
model

UNIVERSITA
7 DEL SALENTO

Introducing Uncertainty
PIML model guantification
2023 2025

Collaboration with
Universita del
Salento

Introducing physical
constraints into the
ML model (custom
loss functions)

" UNIVERSITA

5 DEL SALENTO

Bayesian approach
to improve
trustworthiness
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FACULTAD DE CIENCIAS EXACTAS Y TECNOLOGIA



Our roadmap toward a Physics-Informed forecasting TEC model

First model
development

2020

First TEC forecasting
paper published by INGV
Cesaroni et al., 2020

Based on NARX and
’ NeQuick2 model

vas INGV




NARX model for TEC forecasting

Single Point TEC forecasting
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NARX model for TEC forecasting

Single Point TEC forecasting
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NARX model for TEC forecasting

Single Point TEC forecasting
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NARX model for TEC forecasting

Single Point TEC forecasting
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NARX model validation - Overall

Mean ATEC
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NARX model validation - September 2017 storm
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NARX model validation - September 2017 storm
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NARX model validation - September 2017 storm
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Our roadmap toward a Physics-Informed forecasting model

First model
development

2020
First TEC forecasting Collaboration with
paper published by INGV Universidad
Cesaroni et al., 2020 Nacional de
Tucumadn
Based on NARX and Testing of RNN
’ NeQuick2 model I and CNN

ﬁ UNIVERSIDAD NACIONAL DE TUCUMAN I

FACULTAD DE CIENCIAS EXACTAS Y TECNOLOGIA




. Recursive NN vs Convolutional NN

.,

Ly Ly L, Ly
t] il t tl
$e o 71 V2 Ve
il owl] o owl .
“\ - ™
RNN =
JWhn| ) Whnl_ ) Wan
thT Wen I Wn T Wn
X Xo X1 X3 Xt
LSTM GRU
______________ collstate
: : ; h
Ct-1! il R__® [ N CL it ( \ t,;
|1 }hmé ht 3 tam
o0 iQ 2 | S O P WA
by : Il | | | S— [ sigmoid
forget - ! input gate” """ ? g/
gate === X

Xt
Molina, M. G., Namour, J. H., Cesaroni, C., Spogli, L., Arglelles, N. B., & Asamoah, E. N. (2025). Boosting total electron content
forecasting based on deep learning toward an operational service. Journal of Atmospheric and Solar-Terrestrial Physics, 268,
106427.



Recursive NN vs Convolutional NN
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Recursive NN vs Convolutional NN
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RNN and CNN results
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RNN and CNN results
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Our roadmap toward a Physics-Informed forecasting model

First model Testing different
development features
® First TEC forecasting Collaboration with ® Collaboration with
paper published by INGV Universidad Universita del
Cesaroni et al., 2020 Nacional de Salento
Tucuman
Based on NARX and Testing of RNN Rigorous features
’ NeQuick2 model I and CNN ’ ranking

2 UNIVERSITA
7 DEL SALENTO

UNIVERSIDAD NACIONAL DE TUCUMAN
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FACULTAD DE CIENCIAS EXACTAS Y TECNOLOGIA




Features ranking

Indices Parameters
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Asamoah, E. N., Cafaro, M., Epicoco, |., De Franceschi, G., & Cesaroni, C. (2024). A stacked machine learning model
for the vertical total electron content forecasting. Advances in Space Research, 74(1), 223-242.



Features ranking
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Features ranking

Indices

Parameters
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Base Learners

MLP Architecture
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Base Learners

MLP Architecture
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Merge layer
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Stacked model

Neural Network Combiner (Meta-learner)

~

Input data (predicted output of vTEC from MLP, CNN and ELM combined together)
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Nana Asamoah et al, 2024a




Stacked model

Neural Network Combiner (Meta-leatner)

Input data (predicted output of vTEC from MLP, CNN and ELM combined together)

Input fayer

VTEC output

/ Convolion tep |

Nonlingarty Step GRU layer LSTH layer
\ PoclingStep | \ )\ |

—~ =z
Concatenate
Merge layer
Fully Connected layer
—
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Stacked model

Neural Netuork Combiner (Meta-learner]

Input data (predicted output of vTEC from MLP, CNN and ELM combined together)

Input layer

(" Convolution Step |

Nonlinearity Step

Pooling Step |
\

GRU layer LSTM layer

Concatenate
Merge layer

L

Fully Connected la ]
[ rutycomndione |

Hidden layer

Output layer
VTEC output
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Our roadmap toward a Physics-Informed forecasting model

First model Testing different Introducing
development features PIML model
2020 2021 2023

First TEC forecasting Collaboration with Collaboration with Collaboration with
: . . [ : s [ . s
paper published by INGV Universidad Universita del Universita del
Cesaroni et al., 2020 Nacional de Salento Salento
Tucuman

Introducing physical
constraints into the
ML model (custom
loss functions)

9 DEL SALENTO

FACULTAD DE CIENCIAS EXACTAS Y TECNOLOGIA

Rigorous features
ranking + stacked L
model

Based on NARX and Testing of RNN
’ NeQuick2 model I and CNN ,

ﬁ UNIVERSIDAD NACIONAL DE TUCUMAN I

FACULTAD DE CIENCIAS EXACTAS Y TECNOLOGIA

UNIVERSITA
7 DEL SALENTO




Loss Function for regression problems

The loss function is the bread and butter of modern machine learning; it takes your algorithm from theoretical to
practical and transforms neural networks from glorified matrix multiplication into deep learning.

https://www.datarobot.com/

Starting here

firsttimeprogrammer.blogspot.co.uk

N
1
MSE ](9) = N Z(:Vn - yn)z
n=1

N
1
RMSE J(6) = NZ(yn_j;n)z
n=1

.-

We want to get X

. @ 1 N
i ore =, 4 % MAE  J(O) =3 ) Iy =l
=% % =" \ n=1

Weights




Custom Loss Functions
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Custom Loss Functions

-—— e — ————————————

;. PINN
Feedforward neural network  °, ,°  Physics-informed loss function
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Bai et al, 2023 ] training algorithm
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Custom Loss Functions

SR P ————

\

7777777777777777777777777 N Parameter (P;) Unit Symbol

Physics-informed loss function L ! Disturbance St Time ind T Dst

: isturbance Storm Time index n s

Loog Physics laws \ i Solar Wind Speed kms—1 v
L=Lppgt+Lpaa E i IMF By nT By

I
Lpata Observation data E IMF BZ nT BZ
training algorithm & Akasofu coupling function erg st €

N
1
10,20, 42) = 3| D O = 90)% +
n=1

| || |
| |

Custom Mean
loss Square
function Error

Asamoah, E. N., Cafaro, M., Epicoco, |., De Franceschi, G., & Cesaroni, C. (2024). Physics-informed loss functions for
vertical total electron content forecast. Earth Science Informatics, 17(3), 2569-2586.



Custom Loss Functions

SR P ————
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7 PINN

’ Feedforward neural network I Physics-informed loss function
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0, otherwise
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Custom Mean
loss Square
function Error

Nana Asamoah et al, 2024b

Huber-like loss function

B {1,Dst < —50nT
Xnt,Dst — 0

_J1,Bz< =5nT
xnt,BZ - 0 |

“Storm time” definition



Custom Loss Functions: some results...

Loss function Quantities involved
mse_v0
mse_vl Dst, B,
mse_v2 Dst,B,,dB,/dt
mse_v3 €
mse_v4 €,Dst,B,
mse_v5 €,Dst,B,,dB,/dt

Nana Asamoah et al, 2024b
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Custom Loss Functions: some results...

Box-and-Whisker plot (Test dataset GUAM (LAT:13.26, LNG:144.48))

Loss function Quantities involved
mse_v0
mse_vl Dst, B, 08
mse_v2 Dst, B,,dB,/dt
mse_v3 €
0.6
mse_v4 €,Dst, B,
mse_v5 €,Dst,B,,dB,/dt 3
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Guam Dataset

Nana Asamoah et al, 2024b
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Our roadmap toward a Physics-Informed forecasting model

First model
development

2020

First TEC forecasting
paper published by INGV
Cesaroni et al., 2020

Based on NARX and
, NeQuick2 model

&

8, INGV

~

Collaboration with
Universidad
Nacional de
Tucuman

Testing of RNN
and CNN

ﬁ UNIVERSIDAD NACIONAL DE TUCUMAN I

FACULTAD DE CIENCIAS EXACTAS Y TECNOLOGIA

Testing different
features
2021

Collaboration with
Universita del
Salento

Rigorous features
ranking + stacked
model

UNIVERSITA

7 DEL SALENTO

Introducing Uncertainty
PIML model guantification
2023 2025

Collaboration with
Universita del
Salento

Introducing physical
constraints into the
ML model (custom
loss functions)

" UNIVERSITA
/) DEL SALENTO

Bayesian approach
to improve
trustworthiness

ﬁ UNIVERSIDAD NACIONAL DE TUCUMAN I

FACULTAD DE CIENCIAS EXACTAS Y TECNOLOGIA



Uncertainty quantification: Bayesian NN

The measurements and modeling of the ionosphere are particularly challenging due to its complexity and variability,
both regular and irregular. This complexity increases the uncertainty of results when forecasting future instances.
Therefore, it is necessary to quantify these uncertainties in order to obtain reliable forecasts.

Standard Neural Network

A Traditional deterministic model

Fixed parameter 1 W
Original uncertain
parameters /\ —_—
Choose one
parameter Fixed parameter 2 >' Model }
value
/ J

Uncertain parameter 1

3.7
/\ Fixed parameter 3

Uncertain parameter 2

J\

Uncertain parameter 3



Uncertainty quantification: Bayesian NN

The measurements and modeling of the ionosphere are particularly challenging due to its complexity and variability,
both regular and irregular. This complexity increases the uncertainty of results when forecasting future instances.

Therefore, it is necessary to quantify these uncertainties in order to obtain reliable forecasts.

Original uncertain
parameters

Uncertain parameter 1

SN

Uncertain parameter 2

J\

Uncertain parameter 3

A Traditional deterministic model

Fixed parameter 1

2 e

Choose one ;
Fixed parameter 2

parameter
value

Fixed parameter 3

Uncertain parameter 1 W

M

Uncertain parameter 2

A

Uncertain parameter 3

Use the

complete
distribution

- (Moae) 3

8 Uncertainty quantification of the model

Standard Neural Network

Uncertainty
quantification




Regression vs Classification

LSTID occurrence Global TEC forecasting

UTC 2017-09-08 13:14:00

TEC forecasted at 08-Sep-2017 02:00 UT
R12 off" 66.4

classIP?cation re_gt‘essﬁon



Will there be a LSTID in the next 3 hours?

Global TEC forecasting

LSTID occurrence

TEC forecasted at 08-Sep-2017 02:00 UT

UTC 2017-09-08 13:14:00

re_gre_ssion

classipico\‘tion



LSTID in a nutshell

Large-scale Travelling lonospheric Disturbances
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LSTID in a nutshell

LSTIDs occurrence chain of events from the auroral oval to middle latitudes

L : disturbances Equatorward
Energy injection at high : .
latitude inducine Joule detected along a Propagation of Detection of
ol meridional chain LSTIDs from LSTIDs
heating :
of auroral latitudes
IL and IU indices 2023-03-23 00 - 24 UT Vector velocities estimated on 23 March 2023 at 19:55 UT
_ - Field-aligned -__ _-"'r’. L TR T NN S TN L [N I e B I | |IID?ME||I-N:I E:HBI?QEG Armow length scae 7, % 'j,j "i ;?ﬁ }"::} ‘—5 ';?.3‘
{ currents f C B 1 y ..’
500 :_ Hl. =] > 10inls
L L "l.‘w‘ = 9ms
. Iy “'*W\-. E =S un

=] o ﬂw ._L i o "»/""ﬁ__ = 10
E C h-v"&\"\'w p"\ 2] o A0 %
® 500 : - 2
= r ! ﬂum rJI i Arrow colour scale T
& o 5

-1000 : l‘n' W vapton

L 7] ™
1500 |- E | | o | -
a0 : == i = DS S | I IS | P = S5 = | la ok DO - Sy
Hour (UT) W e

Longitude



LSTID detection (HF)

The Detection method: HF-Interferometry
INPUT M s

- Detection of TID-like variation

Detect coherent TID-like
variations by spectral
analysis.

- TIDs contribution to data variability.

Application of the Parseval’s relation [A(w) vs A(T)]

ZT“—‘TTIDE A(T)2

Latitude

= SPCont(% = —arore
0 5 0 5 10 15 20 25 30 ) ont(% Erer AT
Longitude . . . .
- Estimation of the velocity and azimuth of the TID
® Characteristics from VI lonospheric Estimate time delays for different sites by

sounding (MUF(3000)F2). g:g;sr;::;;czleglggsfr?:a Estimate velocity of

®* Network of DPS4D with stations planar propaga : ams —
working synchronized. + AT-0B

= DBO49

o

®* GIRO DIDBase Fast Chars database
http://qgiro.uml.edu/didbase/scaled.php

\

0 60 120 180 240 90 60 -30 0 30 60 90
Time Time lag

CrossCorrelation
- L5, (=] wm =y
|llll|llllilllll]ll

Magnitude
WN = = NW
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LSTID detection (HF)

® HF-EU index OE_HFI_YYYYMMDDHHmm_COND.log files every 5 minutes

EU 20170127133@ TrL AV= 3.00 Area= 66.00f ActivityIndex= 1.
SA 20170127133@ TrL AV= 0.00 Area= 0.00728gtivi =

> One index for the whole network.

> It is the product of the average intensity of the TID
(related to the spectral contribution) multiplied by
the area affected (number of stations).

Activity Index

> The thresholds have been established by statistics

L 1

> 0 means no data Y Y

Occurrence of Events [%)]

> 0.1 means nothing detected



LSTID detection (HF)

HF-INT: Catalogue of events

® Visual inspection to determine LSTIDs
events

> Looking for coherent velocity propagation

> 1604 LSTIDs events detected and recorded
above Europe between 01/2014 and 12/2022

® Determination of onset time and duration

> Approximative

® Average of the main characteristics of the
TID for all stations and during the whole
event.

60 N
Activity over ionosondes
woleseing
L o activity
=M ® Insignificant e
Modve\';'eaatlé
% SEFONG e
50N | ® ® Very Strong
Velocity scales
V<250 m/s =3
45N v=250-500 m;’ls
v=500-750 m/s
v>750m/s
®
40N | b L]
®
35 N 1 1 L L 1 L 1 1
ow 5w 0 S5E 10E 15E 20E 25E 30E 35E
1Global Index: NOTID  Vector velocities on 2021-10-26 at 20:00 UT
60 N
Activity over ionosondes
v<250 m/s
v=250-500 m/s
55N v=500-750 m/s
v>750 m/s
Insignificant ==
Weak
50N Moderate 1
Strong e
Very Strong
45N
283
40N ¢
560
35N

I |Global Index: NO TID

Vector velocities on 2017-04-14 at 22:00 UT

mow 5w 0 5E

10E 15E 20E 25E

30E 35E

Included
in the
catalogue

Not included
in the
catalogue



LSTID detection (GNSS)

* Keograms are latitude-time plots, optimal to
highlight NS propagation of LSTID

* Data gathered from EUREF Permanent GNSS
Network

» Stations belonging to 10-25 Longitude

* Reduction of stations with KNN for optimal
coverage

* GFLC of phase measurements for GPS, GLONASS,
Galileo and BeiDou

* \Verticalization of zero-averaged GFLC

» Detrended with 3 order Savitzky-Golay filter on a
1.5-hour window

e dTEC median on bins of 5km NS and 1 minute in
time

MATLAB code for GFLC and IPP computation is available
here:
https://qithub.com/mqguerra96/Mylonosphere.qit

Latitude
8
z

40°N [

0*® 10°E 20°E 30°E 40°E

(Bottom panels are showing IE index)



LSTID detection (GNSS)

Unsupervised LSTID Extraction from Keograms

Detected ROL 16

* Preprocessing

o Adjust dTEC values based on solar zenith angle.

+ Segmentation

o Define ROl as connected regions in the keogram.
o Refine ROI using a clustering algorithm.

* Feature Extraction

o Use RANSAC (Random Sample Consensus)
algorithm to estimate ROI speeds.

%
M.A. Fischler and R.C. Bolles. Random sample consensus: A paradigm for model f itting
with applications to image analysis and automated cartography. Communications of the
ACM, 24(6):381-395, 1981.

8
-
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-3 - <
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LSTID forecasting

Developing the ML models: catalogue-based forecasting

Binary TID activity
classification

® The problem is framed as a multivariate time-series Solar cycle, F10.7/SSN,
Dst, Kp, AE, MMs time

binary classification series, ROTI, UT, LT, DOY

® \We employed the HF-INT refined LSTID catalogue _

provided by Ebro Observatory, consisting of 1604 LSTID Start thrie 2022 01 11 21:00
events detected above Europe between 01/2014 and Duration 2.0 hrs
12/2022 Period 119.74 min
® The database is generated by leveraging a network of Amplitude 0.72 MHz
ionosondes covering the European sector Velocity 597.47 m/s
Azimuth 202.39°

61



LSTID forecasting approach

[ ] Ground truth
[ 1  Features
1 Independent data for validation

lonosondes
data

o
Extrac SpCD[‘Il Dernve HF'INTELI Annotate

Physical

b d

Dernve Train

drivers

Exogenous
data

GNSS Deriv Keograms Extract—3 ' Validation

data




Our ML Stack

Easily understandable and adaptable syntax P
One of the top languages for training ML models

Category & Boosting (gradient boosting on decision trees)

A symmetric balanced tree architecture leads to an efficient CPU implementation,

decreases prediction time (great for real-time inference) and controls overfitting : Cat Boost
Categorical and missing values are handled natively

Integrates SHAP to break predictions into features’ contributions

Efficient optimisation framework for model hyper-parameters tuning

Machine Learning Operations (MLOps) to organise and manage ML experiments I I )
m j W

The SHapley Additive exPlanation (SHAP) framework allows to test features "l.
influence on the model output from both global and local aspects ."l'
Enhancement for interpretability and explainability of the model — very desirable

features in potentially high-risk settings SHAP



CatBoost

Training set
N samples, M features

Here's how CatBoost works in simple terms:

Target statistics method
to handing categorical
features
Features combinations 2'Hand|
Bootstrap
......................... T samples
l 3.Order
® o ® .. ® ® .. o ® Training
®
[ ] L ] ®
® e ol — ®@e el @e °®
[ [ ]
® o0 o L Qe o @ [ I X ]
L ] L ® 3
Building T
CART trgees l l l 10
one after
another
' \ 10°
L3
‘ |
Weighting . 0 101
Increase \ E
‘\.'V?\glmng Tonilng .F 100
L Predictor T
10-*
Prediction: The weights average
aggregation of all predictors |
Yao et al.,
2021

1.Boosting with Trees: CatBoost builds a series of decision trees (weak
learners) one after another. Each tree aims to fix the errors made by the
previous trees, gradually improving the overall model's accuracy.

ing Categorical Data: A unique feature of CatBoost is its ability to

handle categorical data (like "color: red, blue, green") without needing to
convert these categories into numbers manually.

of Rows: Unlike other boosting algorithms, CatBoost takes the order

of training data rows into account. It randomly shuffles data to make the
predictions more stable and less sensitive to data order.

r 3
Tabé‘ea”‘\’."“lf.r_,r MLP-PLR

= + ResNet

ModernNCAEY O Y DCNv2
- CatBoost “— MLP Ye et al.,

XGBoost A 2025
RForest SVM
i .LR
O v

1 3 5 7 9 11 13 15

Average Rank



How we can explain the model?

B a icti TreeExplainer NpNhi " :
(A) Black box” model prediction ks il White box" local explanation
Age =65 Age =65 —f==> +2.5
BMI =40 BMI =40 — » +0.5
Blood pressure = 180 Blood pressure = 180 — —  +3
Sex = Female Sex = Female — - 2
)
Mortality risk score = 4 Mortality risk score =4
(B) Combining local explanations from many samples... ...can lead to global model insights

Model summarization §27.1
Tree

Explainer Feature dependence

Datasets
(mortality)
(kidney)
(hospital)

Interaction effects

# samples
(local explanations)

SHAP values

Model monitoring

Explanation embeddings §27.5

— —

# features # features



SHAP values: local interpretation

23/12/2022 22:20, LSTID lasted 1.5h Threshold=0.5

higher &= lower
16:00 base value f(x)
0.006798 0.01116 0.01827 0.02976 0.04814 0.07697 0.1209 0.1848 0.23).272 0.3812 0.5039 0.6262 0.7341
- \»))))l--_ll(((
mav_3h = 3877 iu_ vanatlon -O hp 30 3.667 |u _mav_3h = 2473 iu_mav_12h = 991 iu_mav_6h = 166 I hf=0.1 il_mav_24h = —1554 iu_mav_24h =79
higher & lower
19:00 base value f(x)
0.0003407 0.002512 0.01827 0. 1209 0. 3039 0. 882-» 0.94 0.9823
[—— e —————————
il_variation = 0 ' solar_zenith_angle = 122.9 ' iu_mav_12h = 115.4 |u_mav_6h = 162.4 hf=2.42
higher & lower
22:00 i MR A
base value f(x)
0.0003407 0.002512 0.01827 0. 1209 0. 5039 0. 882~: 0.94 0.9823
hp_30 = 5333 iu_mav_12h = 108.5 hf=2.43
higher — lower
00:30 base value f(x)
0.01116 0.01827 0.02976 0.04814 0. 07697 0. 1209 0. 1848 0. 257f2 0. 3812 0.5039 0.6262
.8 hp_30= 3 solar Zenith angle =150.4 f 107 adj =129 le mav_3h = 321. 4 iu_mav_12h = 94. 2 hf = 0.57 |u mav_6h = 14. 9 iu_variation = 1 |e_mav_24h =2404 |



Local to Global interpretation

hf
iu_mav_6h
iu_mav_12h

solar_zenith_angle
iu_mav_24h
azimuth_pq

hp_30

f 107_adj
ie_mav_24h
azimuth_ff
azimuth_jr
azimuth_vt
azimuth_ro

smr

15 -1.0 -0.5 0.0

SHAP value (impact on model output)

0.5

1.0

1.5

2.0

2.5

High

Low

Feature value

—

Sum of 38 other features

iu_mav_6h
hf
hf_mav_2h
solar zenith_angle
iu_mav_12h
hp_30
iu_mav_24h
azimuth_pq
f_107_adj
ie_mav_6h
azimuth_jr
ie_mav_24h
smr

ie_mav_3h

+0.5

0.0

0.1

0.2 0.3
mean(|SHAP value|)

0.4

0.5



How to evaluate the performance?

b TP . TP PxR
TP+ FP TP+ FN

True False

Negative Positive Precision is a good measure to determine, when the

costs of False Positive is high

TID doesn't occur

Recall actually calculates how many of the Actual
Positives our model capture through labeling it as
Positive (True Positive)

True
Positive

TID occurs

F1 Score might be a better measure to use if we need
to seek a balance between Precision and Recall AND
there is an uneven class distribution (large number of

Actual Negatives).

TID not predicted TID predicted



Model Operational Modes

Precision

The model results in 3 distinct operating modes, tailored for scenarios with varying relative costs of false positives/negatives

High-precision
Great when the cost of false positives is the

80% 50% most significant
FrEision Fimee But not all the events are predicted, or
prediction can be “intermittent”
0.8+
i
= Great to strike a balance between precision
62% 56% and sensitivity
- g But does not take into account the relative
0.4- cost of false positives and false negatives
0.2- High-sensitivity
Ty Great when the cost of false negatives is
50% 60% B N 55% the most significant
; | | . | T A But the user can get a great deal of alerts
0 0.2 0.4 0.6 0.8 1 ' (alert fatigue)

Recall



Validation on case events: 13-14/03/2022

Target (derived from TechTIDE catalogue)

High-precision prediction

q T

Balanced prediction

4\ T N V.

High-sensitivity prediction

ol NN ] | AV

HF-INT index

4
24 M
0- _/-\/\a\/\_/\_,-f\_\_/\/‘ M—N_’

T T

SMR (ring current)

501

- 0+ /| |
..50 -
-100 1

Auroral electrojet (IU index)

400+
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0 i
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Validation on case events: 13-14/03/2022
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Take home message

ML/DL can support the forecasting of the ionospheric features but...

« Select the proper algorithms is not an easy task

« Features to be used as input to the models should be accurately selected by means of proper features importance
evaluation tools (e.g. SHAP values)

To go beyond the state-of-the-art modelling capabilities, we (probably) need to...

« Use several ML/DL algorithms in an ensemble modelling approach

 Include physical constraints to properly guide the ML/DL models during the training phase

To move towards operational models, we need to...

« Be able to estimate the reliability of our outputs (Bayesian NN could be the answer)
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