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Abstract:
Ionosphere is an important space environment near the
earth. Its disturbance would result in severe propagation
effects to radio information system, thus causing bad
influences on communication, navigation, radar and so on.
The total electron content (TEC) is an important parameter
to present the disturbance of ionosphere, so TEC forecast is
very meaningful in scientific research field. In this paper, we
propose a long short-term memory (LSTM) based model to
predict ionospheric vertical TEC of Beijing. The input of our
model is a time sequence consisting of the vector of daily
TECs and other closely related parameters. The output is
TECs of future 24 hours. The result shows the root of mean
square (RMS) error of test data can reach 3.50 and RMS
error is less than this number during the period of low solar
activity. Compared to multilayer perceptron network, LSTM
is more promising and reliable to forecast ionospheric TEC.
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1. Introduction
The ionosphere is an important space environment
near the earth. Its disturbance can cause severe propagation
effects to radio information system, especially during
ionospheric storm, thus influencing radio information
system negatively, such as communication, navigation,
radar and so on. [1, 2, 3] Total electron content (TEC) is an
important parameter to describe the properties of
ionosphere, and it is directly related to propagation effects,
so TEC forecast is important in scientific research. TEC is
defined by the integral of electron density in a column of
2
1 m cross section along the single transmission path. The
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researchers have developed different models, such as the
nonlinear radial basis function (RBF) neural network [4, 5],
artificial neural network with a genetic algorithm [6,7] to
simulate the ionospheric morphology. However, these
models do not well consider the time sequential feature of
TEC. Fortunately, recurrent neural networks (RNNs) are
designed to process sequential data in deep learning.
Long Short-Term Memory (LSTM) is a specific
recurrent neural network (RNN) architecture that was
designed to model temporal sequences and their long-range
dependencies [8]. The LSTM has been found extremely
successfully in various sequence prediction and sequence
labeling tasks, such as speech recognition [9, 10],
handwritten generation [11, 12], machine translation [13].
In this paper, our objective is to forecast the TECs of future
24 hours from historical sequence data consisting of TEC
and related parameters such as solar radio flux at 10.7 cm
(F107) and magnetic activity index (ap). In another words,
we want to figure out the correlation between sequences
and sequences. Motivated by the extraordinary ability of
LSTM to learn long dependencies of sequences, we try to
apply LSTM to forecast ionospheric TEC.
The rest of this paper is organized as follows. In
Section II, we provide a brief review of the LSTM and
introduce the proposed network architecture. In Section III,
we describe the experimental design, including
configurations and results. Final section concludes this
paper.
2. Proposed network
The proposed network architecture for predicting TEC
consists of input layer, one LSTM layer, one hidden layer
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and output layer as shown in Fig. 1. In Fig. 1, every
element of the input layer is a time sequence consisting of
the vectors of TEC, ap and F107.
inner structure is shown in Fig. 2.
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FIGURE 1. Network Architecture

FIGURE 2. LSTM block

where i is the input gate which controls how much of the
input to each hidden unit is written to the internal state
vector C t . f is the forget gate which determines how
much of the previous internal state Ct 1 is preserved. This
combination of write and forget gates allows the network
to control what information should be stored and
overwritten across each time-step. o is the output gate
controls how much of each unit’s activation is preserved, it
allows the LSTM cell to keep information that is not
relevant later. C t is the cell state which learn the long
dependencies of historical sequential data. Final hidden
state h can be the representation of sequence. After the
processing of LSTM, we give the final outputs which are
sequential vectors of TEC in future 24 hours. Time step in
this model is five. In another words, we explore the
relationship between historical five-day’s sequence and
future sequence. LSTM can is design to find out the long
dependencies of sequence, that makes our model
reasonable to our task.



3. Experiments
A. Configurations
The performance of network model depends on a good
network structure setting. Thus, the primary task is to
identify suitable input parameters and training process
parameters for the TEC forecast model. Considering the
influences of solar and geomagnetic activities to TEC,
solar radio flux at 10.7 cm (F107), magnetic activity index
(ap) and TEC index compose the input vector with
dimension 33. TEC is collected by the Center for Orbit
Determination in Europe (CODE) Grid Ionospheric Model
(GIM) with the time resolution of an hour. F107 is
provided by National Geophysical Data Center of National
Oceanic and atmospheric administration (NOAA) with the
time resolution of one day. (ftp://ftp.ngdc.noaa.gov/) ap
index is provided by World Data Center for Geomagnetism,
Kyoto
with
time
resolution
of
3
hours.
(http://wdc.kugi.kyoto-u.ac.jp/index.html) The dataset is
collected from Jan. 1, 1999 to Sept. 1, 2016. Of all data, the
data of the years of 2001 and 2015 is used for testing, and
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the rest is used for training. A total of 6300 samples, 5800
of which are training data, and 500 of which are testing
data.
As description above, model inputs are sequence
vectors consisting of TEC, ap and F107, model outputs are
sequence vectors of TEC whose dimension is 24. In order
to evaluate the model performance, we compare LSTM and
multilayer perceptron in three aspects. Firstly, we compare
their training process, then we use root of mean square
˄RMS˅error to evaluate the prediction accuracy, at last,
we give the curves of predictions and observations to
analyze their learning ability in different conditions.

From Table I, we can observe that RMS error of
LSTM is 3.47998, which is less than the MLP of 5.02391.
It means LSTM is better than MLP in prediction. Learning
ability analysis can be demonstrated by the curve
comparison of forecast and observation TEC. We presented
the prediction of six days from 2001/3/1 to 2001/3/6 in Fig.
4. It can be observed that the TEC curve forecasted by
LSTM is closely fit for the observed TEC curve which is
the ground truth, while there is considerable gap between
the curve forecasted by MLP and the ground truth. It
indicates MLP is inferior to LSTM in TEC forecast.
Nevertheless, the tendency of forecast is right.

B. Performance Comparison
We compare the performance of LSTM and
multilayer perceptron (MLP) with one hidden layer in
terms of training process, prediction accuracy and learning
ability.

MSE error

(a) Forecast of LSTM

Iterations
FIGURE 3. Learning curve

In Fig.3, horizontal and vertical coordinates are
respectively the iterations and MSE error. And, the
learning curves of them are illustrated in Fig. 3. Observing
Fig. 3, it is obvious that the learning curve of LSTM
decays faster than that of MLP. In addition, the
convergence profile of LSTM is more stable than the other.
Furthermore, the loss (RME error) of LSTM is always less
than that of MLP.
TABLE 1. RMS eroor
model

LSTM

MLP

RMS error

3.47998

5.02391



(b) Forecast of MLP
FIGURE 4. TEC prediction for 2001/3/1-2001/3/6

From 2015/6/18-2015/6/23, variation of TEC is very
complicated. Beside the periodic variation, there are strong
disturbance during one period. On this occasion, LSTM
can capture the cyclic changes, and therefore give a better
forecast, however, MLP is totally wrong with an inverse
direction. Comparing to MLP, LSTM have the advantage
of predicting long sequence data due to the memory cell.
LSTM can learn the long dependencies of sequential data,
not only the very past moment, but also a segment of
history is taken into account. While MLP does not utilize
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history information, so it may fail in case of turbulence of
TEC.

(a) Forecast of LSTM

(b) Forecast of MLP
FIGURE 6. TEC prediction as dramtic variation of peak

Above, we discussed three cases of TEC changes,
where LSTM all behave better than MLP. The achievement
owes to the special design of LSTM, so that it can learn
long dependences of sequential data. Thus, the interaction
and relationship of the elements of sequential data can be
learnt, and the better representation of input data can be
obtained.
4. Conclusions
(b) Forecast of MLP
FIGURE 5. TEC prediction for 2015/6/18-2015/6/23

In case TEC varies suddenly, such as the case
illustrated in Fig. 6, where the peaks of observed TEC in
the five past days are large, while it dramatically becomes
low in the next day. In this situation, RMS error becomes
significant.

This paper presented a model of LSTM RNN based
for TEC forecast of the ionosphere. The experimental
results showed that the proposed model outperforms
existing methods with more stable convergence tendency,
less RMS error and can give good prediction in different
condition. This outperformance of the proposed model on
TEC forecast once again verified the superiority of LSTM
on processing time sequence. In the near future, we will go
further for improving the performance on TEC forecast
during ionospheric storm.
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