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Abstract

Deep learning techniques are used for capturing intricate structures of large-scale data by employing computational models
of multiple processing layers that can learn and represent data with multiple levels of abstraction [1]. Such methods can
include Convolutional Neural Networks, stacked auto-encoders and Long-Short Term Memory (LSTM) architectures. LSTM
networks are suitable for dealing with time-dependent data through mapping input sequences to output sequences as it is
done, for instance, in language modeling and speech recognition. One application that has recently attracted considerable
attention within the geodetic community is the possibility of applying these techniques to account for the adverse effects of the
ionospheric delays on the GNSS satellite signals. LSTM architectures model long-range dependencies in time series, making them
appropriate for ionospheric modeling in GNSS positioning. This paper deals with a modeling approach suitable for predicting
the ionospheric delay at different locations of the IGS network stations using the LSTM networks. We also incorporate a
Bayesian optimization method for selecting the best configuration parameters of the LSTM network, thus improving network’s

performance.
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Introduction Introducing Deep Learning for TEC prediction: DLTEC Model Experimental Setup Performance
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munity is the possibility of applying these techniques to account for the adverse effects of
the ionospheric delays on the GNSS satellite signals. LSTM architectures model long-range

The challenge of this study to design an LSTM network able to handle a specific sequence of
steps in the prediction problem whereby both the inputs and the target prediction estimates are
sequences of data (i.e. timeseries). An input sequence is a quadruplet containing longitude (A;pp)

gary).
e Scenario B: 3 stations situated on the same meridian. These stations are: SOD3
(Finland), ISTA (Turkey), MBAR (Uganda). SOD3 station is further north (with ¢ > 60°),

Fig. 5 Scenario B: Probability distribution of the differences between observed and predicted TEC values, i.e. of
the Bias (-) values previously described, given in meters for the 3 north-south situated MGEX stations.

dependencies in time series, making them appropriate for ionospheric modeling in GNSS po-
sitioning. This paper deals with a modeling approach suitable for predicting the ionospheric
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and latitude (¢pp) for each IPP point between the station and a specific satellite and approximate
training period for the Scenario A is selected as the window of observations between 10/12/2018

MBAR is near the equator and ISTA is situated in mid-latitude between these two stations.
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lonospheric delay depends on three main factors: (i) the total electron content (TEC), (ii) the The memory cell contains three different components (see Fig. 1); (i) the forget gate, (ii) the B ‘ - ‘ || K References
freque_ncy of the GNSS signals, and (iii) the angle ?t WhICh the S|gna| enters the ionospheric layer. input node and the input gate, and (iii) the output gate. Each component applies a non-linear e — 0 _" e
For this study, slant TEC data (STEC) were obtained using available GNSS measurements after relation on the inner product between the input vectors and respective weights (estimated through Bias (in m) Bias (in m)

processing with various techniques, such as Precise Point Positioning (PPP). STEC is mapped to
its vertical counterpart VTEC at the points where the satellite-to-receiver signal paths intersect
the ionospheric shell, the so-called ionospheric pierce points (IPPs) using the following mapping
function [3]:

1/2

.
VTEC = |1 — Re cos 0 STEC
R. + hs

where R. is the mean radius of the Earth ; # is the elevation angle of the satellite ; h is the height
of the ionospheric layer (typically taken at 350 km).

a training process). Some of the components have the sigmoid function, expressed as o (+) in
Fig. 1, while others use the hyperbolic tangent function, tanh (-).

The forget gate F (n) separates the worth-remembering information from the unnecessary infor-
mation, by keeping the latter out of the memory cell. The input node H (n) activates appropriately
the respective state (true or false output from the tanh () function activation). The input gate
[ (n) regulates whether the respective hidden state is significant enough for the accurate esti-
mation of the ionospheric delay. The output gate O (n) regulates whether the response of the
current memory cell is significant enough to contribute to the next cell.

Fig. 4 Scenario A: Probability distribution of the differences between predicted and observed TEC value (in m) for
4 MGEX stations.

In order to evaluate the validity of the ionospheric delay predictions resulting from the DLTEC
model, we have computed the Bias®(t) of the predicted values per station as follows:

Bias;(t) = VTEC; p;1ec(t) — VTEC; gruyis(t)

where VTEC? 5 1(t) is the predicted value provided as the outcome of the DLTEC model;
VTECSRTKL,B(t) is the corresponding estimated value that is independently computed using the
RTKLIB PPP processing results. The proposed method is implemented using MATLAB software.
The LSTM network is fine-tuned using the Bayesian optimization [6].
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