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content (TEC) variations caused by space weather. The earlier versions used linear regression
models to build a forecast, which later was replaced by neural networks (NN). Such models

were tested on the TEC data obtained for a European mid-latitudinal region (Iberian
O Peninsula).

N (1) ABSTRACT
\] A series of PCA-based models were previously developed to forecast the total electron

* In this work we present a next generation of such models that now have several branches.
We tested different NN algorithms (feed-forward and convolutional NN) to find a better one
l that suits our approach to model specific ionospheric parameters.

* We investigated the applicability of such approach to forecast other ionospheric parameters,
like NmF2.

* We compared the performance of the model using data obtained at locations that are almost
opposite in longitude (European vs American).

)/ -



* Ionospheric parameter (the total electron content, TEC) was modeled using a
1 PCA-NN model based on

(2) PCA-BASED MODELS (G1) </

decomposition of the observed series using the principal component analysis (PCA)

reconstruction of the daily mean values and daily PCA modes’ amplitudes (EOFs)
using neural networks (PCA-NN models) using lagged daily mean/EOFs series and
several types of space weather parameters (SW) as predictors.

* Lags of 1 and 2 days between the TEC and SW predictors are used

l * NN models are generated daily to take into account possible seasonal dependence
of TEC on SW parameters

@) * The advantage of the PCA-based models is that there is no need for any
assumption on the phase and amplitude or seasonal/regional features of TEC
]

daily variations: the daily variations of correct shapes are extracted automaticall
by PCA from the input TEC data
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PCA-BASED MODEL SCHEME (G1)
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RESULTS (G1) </

® 3 Midlatitudinal locations:
* Lisbon (39°N, 9°W), Azores (38°N, 25°W), Madeira (33°N, 17°W)
° 01.12.2014- 30.06.2018

Maetrics ‘ Lisbon Azores Madeira

r(TEC,,, vs. TEC,,,), 2015 & 2017-2018 0.93 0.94

obs

MAPE
RMSE, TECu

A. L. Morozova, T. Barata, T. Barlyaeva (2022) PCA-MRM model to forecast TEC at middle latitudes, Atmosphere,
3(2), 323; https.//doi.org/10.3390/atmos 13020323
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PCA-BASED MODELS (G2) /

* Jonospheric parameters as the total electron content (TEC) and the F2 layer peak
1 den31ty (NmF2) were modeled using a PCA-NN model based on

decomposition of the observed series using the principal component analysis (PCA)

reconstruction of the daily mean values and daily PCA modes’ amplitudes (EOFs)
using neural networks (PCA-NN models) using DOY, lagged daily mean/EOFs
series and several types of space weather parameters (SW) as predictors.

* Lags of 1 and 2 days between the TEC and SW predictors are used

l * In contrast to the G1 PCA-NN models, addition of DOY allows to generate a
single NN model that is tuned to seasonal effects (if any)

Q

)/ -



PCA-BASED MODEL SCHEME (G2) C/
1 5 me) (O \ o E‘?ifﬁi
EOFs )
day, +
day, &day, |
PCA 1—1
1 I Mean TEC
'-){ day, +
. day, &day, |

l DOY (day,)

Trained NN model

l

e
N

=g
\|/ /. | day, —forecasted day | “ />
|9

y/4




i

(3) DATA
varame:ter Location Time interval Time resolution /
l N O
TEC Lisbon (39°N, 9°W) 01.12.2014- 30.06.2018 lh
Boulder (40°N, 105°W)
NmF2 Ebro (41°N,, 0.5°E) 01.01.2020-31.12.2020 lh
Parameters for NN reconstruction (lags = 1 & 2 days) Time
resolution
Geomagnetic indices Kp, ap, Dst
Solar UV & XR flux proxies | F10.7, SSN
a) (])
/;) Solar wind & IMF Bl, By y,2» 10, V, P, Ey 1d o
/ CP DOY j)
J /O Corresponding TEC/NmF2 PCA parameters ( (ﬁ

Y & 4



No (4) PCA-NN MODELS s
1\] * 2 types of NN were used to build PCA-NN models: ((

* A simple feed-forward NN (G2)
O * A convolutional NN (G1)

l * TEC data
* 1 location & 2 NN models (G1 & G2)

O * NmF2 data

/J * 2 locations (1 NN model — G2) j




* NN algorithm: feedforward NN with the resilient backpropagation with weight
backtracking (ready-to-use package neuralnet (R))

| K\ FEED-FORWARD NN (G2) </
N

/
S * The PCA input dataset length L = 33 days
* Predictors, except DOY, are submitted as lagged series (lags = 1 and 2 days)
together (for X predictors there are (2¢X+1) input series)
* The whole data set was randomly split into the training (60%), testing (20%)
l and validation (20%) subsets
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The input dataset length L = 27 days

CNN

3 convolutional + 2 dense layers

Convolutional NN (specially tailored model that contains several convolutional((
and dense layers constructed using keras & tensorflow (python))

Predictors are submitted as lagged series (lag =1, 2 and 3 days)
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* 1 location (Lisbon)

\> (5) RESULTS
1\] l. TEC modelling

* 2 NN models (FFNN & CNN)
O
2. NmF2 modelling

* 2 locations (Boulder and Ebro)
* 1 NN model (FF NN)




(5.1) TEC MODELLING

\] * 1 location (Lisbon)
* 2 NN models (FF NN — G2 & CNN - G1)
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\> TEC MODELS’ PERFORMANCE </

\ Daily mean TEC /

Forecast vs observations, Mean TEC, TECu, FF NN model forecast vs observations: CNN model
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\> TEC MODELS’ PERFORMANCE </

EOF1

Forecast vs observations, TEC EOF1, FF NN model forecast vs observations: CNN model

testing, r = 0.0.57
validation, r = 0.71

sted EOF1, arb.u

foreca

(

nal . . observed EOF1, arb.u

MAE, TECu RMSE, TECu

FF NN (G2) 0.04 0.06

ﬁ

CNN (G1) 0.02 0.05




\> TEC MODELS’ PERFORMANCE </

\ EOF2 /

j 10 Forecast vs observations, EOF2, FFNN model forecast vs observations: CNN model

testing, r = 0.66
validation, r = 0.67

0.84
-1.0 ' . i ‘ ' ' ' ‘ ' ' '
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FF NN (G2) 0.08 0.13

ﬁ
CNN (G1) 0.04 0.12




TEC MODELS’ PERFORMANCE

\ 1h TEC

j Forecast vs observations, TEC, TECu, FF NN model
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(5.1) NmF2 MODELLING

\] * 2 locations (Boulder and Ebro)
* 1 NN model (FF NN)
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MODELS’ PERFORMANCE </

\ Daily mean NmF2 /

Forecast vs observations, Mean NmF2, 10'% ¢/m® , FENN model Forecast vs observations, Mean NmF2, 10'% ¢/m® , FFNN model
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\> MODELS’ PERFORMANCE </

\ EOF1 /

j 0.5 Forecast vs observations, EOF1, FFNN model

Forecast vs observations, EOF1, FFNN model
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Forecast vs observations, EOF2, FFNN model

:

testing, r = 0.41
validation, r = 0.37

MODELS’ PERFORMANCE </

EOF2 /

Forecast vs observations, EOF2, FFNN model
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MODELS’ PERFORMANCE

\ NmF2 /
1 Forecast vs observations, NmF2, 10'? e/ m® , FFNN model

Forecast vs observations, NmF2, 10'? e/ m® , FFNN model
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MODELS’ PERFORMANCE C

Location ‘ Model ‘ RMSE, 10!2¢/m?3

FF NN (G2) 0.076

. mRme g5
IRI20 0.085

T . mEGCMZ0 097
TIEGCM3.0 0.008

. cmee  ome
WACCM-X -
. PBmod 0.207
FF NN (G2) 0.079
IRI16 0.108
IRI20 0.108
Ebro (LT = UTC) Ll s Lol192
TIEGCM3.0 0.155
CTIPe 0.152
WACCM-X 0.210

PBmod



(6.1) CONCLUSIONS i

* All kind of tested NN allows good modelling of TEC parameters ((
1 using PCA-NN scheme

* G2 model has slightly better performance than G1 model

* G2 models can be safely trained once using a long time series
(different DOY & SSN)

l * Different sets of space weather predictors can be used
* for different TEC parameters (daily mean, EOF1, EOF2)
* by different NN

/J * The sets of parameters are tuned to middle latitudes! j
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(6.2) CONCLUSIONS i

1\] * PCA-NN models can be used to model NmF2 ((

* PCA-NN G2 models preform better than state-of-the-art models

* PCA-NN G2 models performance seems to be independent on the
difference between LT and UTC (to be confirmed by further studies)
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