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NAVISP Agenda/Introduction Shde

= Presenters:
s Bastiaan Ober (Integricom)

m Jifi Doubek (Iguassu Software Systems)
s Janos Nemes (Geo X)

s Csongor Fekete (GeoX)
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Project introduction

= Objective: investigate and demonstrate the use of
ML in the GNSS context

s Current GNSS performance simulations are often either:
High-end simulations: complicated and time-consuming
Macro-model based: simplistic, fast, calibrated (less generic)

s Use MLto predict GNSS performance

Faster and easier to use than high-end simulators

More performant than macro models

s Application 1s proposed by the tenderer
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The Team

= Iguassu Software Systems (Prague, CZ)
s EGNOS expertise, GNSS tooling for ESA

s Geo X Kft (Budapest, HU)

m Machine Learning expertise

s Integricom (Leiden, NL)
m Error modelling and prediction expertise
Including ionosphere, orbits and clocks
s (RAIM) prediction systems expertise

m Project management
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ESA support

= Many thanks to ESA’s support
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EGNOS Approaches

EGNOS Safety of Life (Sol)

Service Definition Document
Issue 3.4

Source: https://egnos-user-support.essp-sas.eu/sites/default/files/documents/EGNOS GALILEO aviation.pdf
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Predicted Availability

Scenariot JOS23_122 _Initial_Baseline

_ ) Operator ; esvs
EGHNOS Service YVolume Simulator Date : 22/05/2023

VYersion

Wt [OMMIT T SAKE Firet Date 2970572023 00:00:00 (0)
RRUEORREETRESORTS fverage UIM Availability LTLA Hap Last Date: 3070572023 00:00:00 (86400)
Humber of time steps 577 , Time stepi 15

O 15 IGE

30°W Qe 15°E

Source: https:/egnos-user-support.essp-sas.eu/services/safety-of-life-service/forecast-performance/apvl-availability-performance
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User Segments

EGNOS v2
Monitoring

Source: EGNOS Safety of Life SDD
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EGNOS
RIMS
Monitoring
Stations

ABS

Source: EGNOS Safety of Life SDD
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EGNOS v2
broadcast

Space Segment

Data since
2014 (EDAS)

Corrections €
Uncertainties €

/

@ > %

User Segments

Source: EGNOS Safety of Life SDD
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Uncertainties (4-bit integers): Ri\
G/VE/ e= jonospheric delay AN ‘
UDREIK—> orbit + clock

AN

Slant Delay

Vertical Delay

uncertainty

Iunusphgric L_ayer S
(350 Km in height) _muaf
/ t: . 'l

estimated
Source: Navipedia correction
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Machine Learning: Classification

Historical
Features
(data)

Historical
Lables
(UDREI
or GIVEI)

Predicted
Features

Predicted
UDREI or GIVEI
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Data Features

UDREI prediction model inputs:
- Geometry: RIMS locations, number of RIMS in view, DOP
- Multipath variances
- Weather indicators
- Space-weather indicators
- Satellite: position, block, clock type
GIVEI prediction model inputs:
IGP location
Number of IPPs, IPP locations near the IGP
Multipath variances
Global space-weather indicators
[Local space-weather: TEC values and gradients
Satellite: position, block, clock type
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Data Features

UDREI prediction model inputs:
- Geometry: RIMS locations, number of RIMS in view , DOP
- Multipath variances

- Weather indicators ~
- Space-weather indicators Macro Model :

# RIMS-> UDREI
GIVEI prediction # IPPs -> GIVEI
- IGP location
- Number of IPPs, IPP locations near the IGP
- Multipath variances
- Satellite: position, block, clock type
- Global space-weather indicators
- Local space-weather: TEC values and gradients
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Tramning and Performance Validation

Historical
Features

70% (data)

O Historical
UDREI

5.5 GIVEI
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Tramning Infrastructure

| GIVH/UDRHE
Prediction
Performance
Data

GNSS
Configuration Training
Data GNSS Features ML Data GIVEI/UDRH GIVE/UDRH

L e : —_— Machine Prediction
Preprocessing — Preprocessing Learning Models
abels

Preprocessing T

Configuration Data
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GNSS Preprocessor

GNSS data preparation for ML:
- Labels (GIVEL UDREI) and features generation
- 3 operational modes: training, prediction and labels only
Input data:
- All modes: time interval, RIMS, multipath
- Training
- Source: EDAS (SBAS, RINEX), IONEX, SBAS
- Traming period: 2014-2022
- Multiprocessing, 3 machines, few weeks to generate
all training data
- Prediction: almanacs, NANU, IONEX, PRN and iono masks,
RIMS outages, prediction time: <90 min for 1day
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GNSS Preprocessor

Output data:
- Labels (training and label mode): UDREI for all satellites
and GIVEI for all IGPs
- Features (training and prediction):
- IPPs: monitoring, IPP coords, PRN, multipath
- IGPs: IPP list, TEC data, sun position, local time
- Satellites: ECEF, PRN mask, IPP list, reverse DOPs,
monitor flag
- Format: JSON (zip), one file per hour, one folder per day
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Tramning data: 5.5 years required

GIVEI Full Training Period m Full Training Period

13252789 9201619
71180842 P —
27882026

12464735

12806314 342445
10002505 134305
9140517
17183772
21173503 11 53381

1097350

10 92853

15 (not mon.) 139458929 12,13, 14 23652991
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Separate training and validation IGPs

Selected IGPs Distribution of GIVEI value

I allIGP
B validation
-l ML
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Separate training and validation PRNs

Distribution of UDREI value

= Random PRNs o= uaation
selected

ML
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ML Preprocessing API

api call by json

> B
N

GNSS data i

N~

Gy reorganize data to row based weather_api
N

config data |
% P
\\_-—_-—.‘-/ \____—__-_._‘.../

Feature scaling Scale ow based data intermediate data

convert data to input json for ML ML api

v

merge ML predictions to final
format

GIVEI, UDREI
predictions
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Data reorganization

lid; gps_SOD;gps week;gps SOW;utc epoch;igp lat deg; ig1:710117deglGIVEI pradl
698_2023 335_2023-12-01T00: 018;2023-12-01T007 T

699 2023 335_2023-12-01T00: : ; 8;2023-12-01T00:00:

700 2023 335 2023-12-01T00:00:00; 8;2023-12-01T00:00:
701_2023 335_2023-12-01T00: : ;18 ; 018;2023-12-01T00:00:
702_2023 335_2023-12-01T00: : ; 8;2023-12-01T00:

703 2023 335 2023-12-01T00: : ;18 ; :00:
722_2023 335_2023-12-01T00: : ; 8;2023-12-01T00:

Z 723_2023_335_2023-12-01T00:00:00; 018;2023-12-01T00:

/’FFF'_'_._-_‘___H'“'\ 10 724 2023 335 2023-12-01T00:00:00; ; 8;2023-12-01T00:
. \_‘q_‘_‘_‘_‘_-_._._f/ 725_2023_335_2023-12-01T00:00:00; ; 8;2023-12-01T00:
reorganize data to row based 1 726_2023_335_2023-12-01T00:00:00; ;432018;2023-12-01T00:
727 2023 335 2023-12-01T00:00:00; ; 18;2023-12-01T00:
intermediate data 4 728_2023_335_2023-12-01T00:00:00;18 432018;2023-12-01T00:
746_2023_335_2023-12-01T00:00:00; 8;2023-12-01T00:

\"H--._._‘_____,_,_.-f’"‘ 747 2023 335 2023-12-01T00:00:00; ;432018;2023-12-01T00+
748_2023_335_2023-12-01T00:00:00; ; 18;2023-12-01T00:
749_2023_335_2023-12-01T00:00:00; 8;2023-12-01T00:
ML api 19 750_2023 335 2023-12-01T00:00:00;18 ;432018;2023-12-01T00:

751 2023 335_2023-12-01T00: : ; ; 18;2023-12-01T00:
TR? 2023 3K 2023-12-D1T00-

momwmom ;b

D000 0CO0000000000000 0 o

nm M mmm

h

merge ML predictions to final
format

4

lgps_sOD;gps_week;gps_SOW;utc_epoch;igp lat deg;igp_lon_deg;GIVEI pred
2 432018;2023-12-01T00: 00;30.0;-45.0;15 - " - ' " -
35.0;-15.0;15 {"prediction": [5,

40.0;-45.0;15

45.0;-45.0;15

50.0;-45.0;15

.0;-45.0;15

.0;-40.0;15

.0;-40.0;15

.0;-40.0;15

.0;-40.0;15

.0;-40.0;15

.0;-40.0;15

.0;-40.0;15

.0;-35.0;15

.0;-35.0;15

.0;-35.0;15

.0;-35.0;12

.0;-35.0;11

.0;-35.0;15
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Machine-learning Modelling

4 Models tuned (Givei/Udrei,
Normal/Extreme)

Fine tuning

Hypertuning

Additional models, algorithms have
been tested:

Gradient Boosted Decision Trees
XGB
Random Forest
Logistic Regression
Multilayer Perceptron
Mixed CNN+MLP
= Final cycle with complete DataSet

= Documentation Library Algorithm GIVEI GIVEI UDREI
List Image Row
TensorFlow+Keras CNN Y
Catboost Catboost N
XGBoost XGBoost N
LightGBM LightGBM N

= Paper published
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Ensembling models

LightGBM Pre.:diction of
LightGBM

Prediction of

Random Fores

Random Forest

. Weighted Weighted
Dataset Tram_.te s o Ensembled Ensembled
split CatBoost Prediction of Accuracy

CatBoost prediction

XGBoost Prediction of
XGBoost
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Evaluation

= Evaluation Scripts have been
completed

= Fine tuning: 117k+ model iteration
= 4 models u
m 7 algorithms
m ~200-400 hyperparameters sets
m 14 data /feature set version |
s Best performing models with best

parameters have been deployed
to mmference environment

s Documentation
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Docker Environment

CONTAINERIZED APPLICATION

DEEP LEARMING FRAMEWORKS
DEEP LEARMING LIBRARIES
CUDA TOOLKIT

- + CONTAINER D5

CONTAINERIZATION TOOL

+ = NVIDIA CONTAINER RUNTIME FOR DOCKER

NVIDIA DGX SOFTWARE STACK

" Ensures identical
dev test prod
environments

" Service
transportability

" Scalability with
kubernetes

* GPU usage for
faster Inference
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ML prediction results: UDREI

normalised confusion matrix for the macro model

actual UDREI

()]

8 9 10
predicted UDREI

Macro model

actual UDREI

normalised confusion matrix for our ML model

nn 0.20 0.05 0.02 0.01 0.01 0.01
E=

0.22 0.00

l’ 0.00
0.02 0 !
0=

8 9 10 1
predicted UDREI

ML model

12-14
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ML prediction results: GIVEI

normalised confusion matrix for the macro model normalised confusion matrix for our ML model

0.00 H! 020 004 001 000 000 000 000 EE 018 005 003 000 000 000 000 000

016 008 002 001 000 000 000 0.00
031 024 008 004 002 000 000 000
023 031 018 011 006 001 000 0.00
010 025 022 020 015 004 000 000

003 012 017 025 029 013 001 0.00

w w
> >
O] 0]
© ©
S =
© 3]
®© ®©

001 004 008 018 “035 028 004 001
000 001 002 006 020 EH 020 0.02
000 000 000 000 002 017 H n 0.11

000 001 002 004 016 lﬂ
001 001

10 11 12 10 11 12 13 15
predicted GIVEI predicted GIVEI

Macro model ML model
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EGNOS User Performance

Uncertainties:
GIVE/ jonospheric delay
UDRE/ orbit + clock

UDREI EGNOS
GIVEI Receiver

Protection
Level
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Performance Evaluation Module

m Two step process:

o Compute protection levels (‘max. position error’)
for each of three streams:

EGNOS Broadcast/Simulated Broadcast
Machine Learning Predictions

Macro Model Predictions

= Compute statistics and plots

= Availability: ‘sufficiently low protection levels
to fly the operation’
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Example la: LPV200 availability

- tc1 all days - Macro Model LPV200 availability differences 70
r/ﬁ

f— B e 3 . 3
65 _Y') ?)fi y 5 il 65

Sy et
=
X | el

60 L & SiE N 2 60
% % A = ac
a;) = % ; 0
55 e " s, . 55
3z s 2, iy h 3

50 S T i e : 50

45 : Wi L. 2 45

—_
[=)]
(]

o

—
Q

o
3

b

=
©

-

40 / A A (S 40
’ 3 ] S0l

35 = i s . 35
30

25

negative values: model optimistic, positive values: model conservative

20
40

Longitude (deg) Longitude (deg)

s Machine learning clearly superior

Note: normal (quiet) ionosphere, Aistorical (space) weather
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Example 1b: [IPV200 availability

tc7d all days - Macro Model LPV200 availability differences tc7d all day;«; - Machine Learning LPV200 availability differences

o
o

=
<

Latitude (deg)

FS
o

-_{"’_//
— =

_;u :\:—J‘-:'

-

S
X

&
b
negative values: model optimistic, positive values: model conservative

40 -30
Longitude (deg)

Longitude (deg)

s Machine learning still superior

Note: normal (quiet) ionosphere, forecast (space) weather
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Example 2: active 1onosphere

ity differ_ences

(<]

(=]
<}
o

Latitude (deg)
B
[4;]

Latitude (deg)
S
5

&~

(=]
~
o

Longitude (deg)

tc2 day 1 - Machine Learning LPV200 availability differences
= :;v_y:"\‘—\/—\z,;y‘-.

negative values: model optimistic, positive values: model conservative

Longitude (deg)

Note: active 1onosphere, historical space weather
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Active tonosphere: Finland

TC2 all days, Macro Model at North Finland: VPLb deast and VPL dicted [12 March 2014 to 14 March 2014]
100 | | roa tl:as predicte | |

broadcast
80 — predicted | |

60

40

20

0
00:00 [12-3] 12:00 [12-3] 00:00 [13-3] 12:00 [13-3] 00:00 [14-3] 12:00 [14-3] 00:00 [15-3]

TC2 all days, Machine Learning at North Finland: VPL and VPL . [12 March 2014 to 14 March 2014]
roadcast predicted

100 T | T T I

broadcast
80 predicted | |

60

40

N

0
00:00 [12-3] 12:00 [12-3] 00:00 [13-3] 12:00 [13-3] 00:00 [14-3] 12:00 [14-3] 00:00 [15-3]
2014
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Active 1onosphere: Canary islands

TC2 all days, Macro Model at Canary Islands: \;‘PLI:NMWMt and Wﬂ"Ll:medi«:wd [12 March 2014 to 14 March 2014]
i

100 I - I -
- hroadcast

80 predicted

60

| |
ﬂ i |
' AA« '| M. ) \ A/
& \'\ J’\._,r I . Ly "’4\ L,-_;l",n"“'!l--k\__,r“f .]L/ '{v‘\'//\énm_‘ll ! . N/ - by I . " W ] - | = ‘Nz&]‘_/ﬂﬁ\\h‘J— / n"l..r HV“\}A

| |

|

" | |
00:00 [12-3] 12:00 [12-3] 00:00 [13-3] 12:00 [13-3] 00:00 [14-3] 12:00 [14-3] 00:00 [15-3]

2014

TC2 all days, Machine Learning at Canary Islands: ‘\J’Pthrmd!m‘t and \Il-"leredimd [12 March 2014 to 14 March 2014]

I [ I ‘ [ I W1

——— broadcast
—— predicted

| | | |
0

00:00 [12-3] 12:00 [12-3] 00:00 [13-3] 12:00 [13-3] 00:00 [14-3] 12:00 [14-3] 00:00 [15-3]
2014
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Summary: faulty prediction percentages

Year-DOY Macro Model Machine Learning
2016-261 6.3 4.4
2016-262 6.1 4.4
2016-263 5.4 4.1
2017-001 5.2 4.1
2017-002 6.2 4.9
2017-003 54 4.5
2017-004 6.1 5.2
2017-005 6.1 5.0
2017-006 5.8 4.4

2017-007 6.3 5.2 <: Fault percentages,

2017-008 57 4.7 .
2017-009 5.8 4.4 lOWGI' 1S b ctter

2017-010 5.9 4.4
2017-011 5.8 4.4

2017-012 5.8 4.4
2014-071 9.6 6.1
2014-072 10.9 7.0
2014-073 8.8 5.6
2017-076 5.5 4.5
2017-077 5.9 5.3
2017-078 5.5 5.2
2017-078 5.6 5.1
2017-080 5.4 5.0
2017-081 5.4 4.3

AVERAGE 6.3 4.9

s Machine learning superior throughout
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Opportunities to further improve

m Include additional features

s Improve weather/space weather data
m IGP locations (?)

s Fine-tune use of RIMS data to get closer to
actual data use when there are outages

m Include scintillation risk considerations
= Improve speed

s Use position-domain performance metrics

s Not trivial, can be computationally expensive
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Improve (space) weather data

= Improve (space) weather forecast model (e.g.
Google Deepmind GraphCast)

GraphCast: Al model for faster and more
accurate global weather forecasting

4 NOVEMBER 2023

s Benefits
s Scintillation probability
s Dense Data for deep models
m Higher resolution

s Time series incorporated
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Summary and conclusions

s Our Machine Learning models improve EGNOS
performance prediction with respect to existing
Macro Models

s Overall mprovement i1s significant in both
‘UDRE/GIVEI’ and protection level/availability
domains

s Further improvements are feasible

s There 1sa computational cost
s Not limiting for envisioned application(s)

s Can still be significantly improved
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