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Spaceborne radar systems (SAR) are nowadays considered as very beneficial schemes 
towards a successful implementation of many engineering applications such as surveillance, 
maritime traffic management, reconnaissance, etc. Among others, modeling and prediction 
of ionospheric disturbances are considered as crucial towards successful SAR-based 
engineering applications. However, modeling ionospheric disturbances behavior is a very 
challenging research task due to high non-linearities involved in the mature of the data and 
their dynamics. For this reason, previous research efforts have been concentrated on the use 
of adaptable neural networks models and echo state machines that enable the effective 
modeling and prediction of the ionospheric disturbances.  

In this paper, we investigate the use of deep machine learning algorithms and 
particularly of Deep Convolutional Neural Networks (CNNs). Deep machine learning 
paradigm has been introduced in the last decade as a new advanced tool for modeling 
complex dynamic processes. Deep learning better emulates human brain operation, and 
makes effective processing of large amounts of unlabeled training data for extracting 
structures and internal representations from the raw sensory inputs. In this paper, CNNs 
are used to identify patterns in Spaceborne Interferometric SAR (InSAR) systems signals. 
CNNs can be controlled by varying their depth and breadth, and they also make strong and 
mostly correct assumptions about the nature of data taking into account local dependencies 
and varying statistics. SAR systems signals derived from real interferograms produced by 
earthquakes occurred in Greece the last fifteen years from the Dionysos Satellite 
Observatory of the National Technical University of Athens (NTUA) in Greece and objective 
criteria, such as false positives and negatives, are used to evaluate the efficiency of the 
proposed schemes.  

Nomenclature 
𝑁"(𝑡) =  electron density value at a time instance t 
𝑁"(𝑡) =  the predicted electron density value at a time instance t 
𝑔(∙) =  a non-linear function 
𝐯 =  the weights of the last layer of the network of the last layer of the CNN 
W =  weight matrix of the input layer of the network of the last layer of the CNN 
u =  the output of the hidden layer of the network of the last layer of the CNN 
θ =  the bias weight of the hidden layer of the network of the last layer of the CNN 
ζ =  the input of the last layer of the CNN derived as convolved signals of the inputs 𝑁"(𝑡) 
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I. Introduction 
paceborne radar systems for reconnaissance, surveillance and mapping are able to fulfill most of the frequently 
requested user requirements1,2,3,4; the information acquisition is non-harming and without geographical 

limitation, the areas of interest can be observed continuously and the information age can be very short depending 
on the number of satellites and available data links5. The use of Synthetic Aperture Radar (SAR) sensors beside 
optical and infrared sensors yields further the advantages6; the independence of the image acquisition on day time 
and weather conditions, the independence of the spatial resolution on the distance between target and sensor and the 
wave length, and last the wide accessible regions7,8,9. 

A fundamental step in the development and optimization of Synthetic Aperture Radar systems is usually 
performed by an analytical assessment of the following image quality parameters10,11,12,13: Spatial and radiometric 
resolution, signal-to-noise ratio, ambiguity ratios and dynamic range. The typical performance calculation is an 
iterative optimization process. The different levels of performance calculations are characterized by the 
corresponding system features and different software modules, respectively. To reduce the necessary number of 
iterations, the first set of system parameters should be close to the final solution. This can be performed with a 
separate specialized software tool for parameter synthesis. 

An important aspect for assessing and optimizing a SAR system is to model and predict the ionospheric 
disturbances21. However, ionospheric modeling inherently involves non-linear dynamics, making the whole process 
a challenging research task14. To overcome this problem an empirical model has been introduced in15,16

 while global 
parameterization is given in17. The effect of new parameters on ionospheric disturbances is shown in18,19. In20 a 
forecasting model has been introduced.  

The work of21 introduces an adaptable non-linear neural network model for predicting and modeling the 
ionospheric disturbances. The proposed architecture exploits a recursive optimization framework, in a way that 
parameters of the neural network model is dynamically updated to fit the current prediction error statistics22. 
Towards this framework, several other machine learning approaches have been investigated. Examples include the 
usage of an echo state neural network for modeling the ionospheric disturbances23 or the introduction of fusion 
mechanisms exploiting both neural network and ensembles classifiers24.  

The goal of this research is to apply deep machine learning algorithms for modeling ionospheric disturbances. In 
the last decade, deep machine learning paradigm has been introduced in the literature as a new advanced tool for 
modeling complex dynamic processes25,26. Deep learning better emulates human brain operation, and makes 
effective processing of large amounts of unlabeled training data for extracting structures and internal representations 
from the raw sensory inputs27,28. The main difficulty in emulating humans’ brain operation on a computer machine is 
the so-called “curse of dimensionality”, i.e., the learning complexity exponentially grows with linear increase in the 
dimensionality of the data. To overcome this “curse”, we need to pre-process the data in a manner that would reduce 
their dimensionality by extracting features that are able to be effectively processed by an engine29,30,31. This reduces 
to a pre-training phase which is actually a non-linear transformation of the raw sensory data32.  

Network pre-training actually addresses the problem of extracting features in order to model the behavior of a 
signal. It is clear that features are applicant-dependent and they significantly affect the performance of a predictor33. 
Instead, in the deep learning paradigm, features are automatically extracted by processing the raw sensory data in a 
way that the performance of the predictor (i.e., modeler) is optimized34.  

In this paper we introduce Convolutional Neural Networks (CNNs) deep models to identify patterns in 
spaceborne SAR systems signals. CNNs can be controlled by varying their depth and breadth, and they also make 
strong and mostly correct assumptions about the nature of data taking into account local dependencies and varying 
statistics. The CNN structure is applied on big data volumes of Spaceborne Interferometric SAR systems signals 
derived from real interferograms produced by earthquakes occurred in Greece the last fifteen years from the 
Dionysos Satellite Observatory of the National Technical University of Athens (NTUA) in Greece and objective 
criteria, such as false positives and negatives, are used to evaluate the efficiency of the proposed schemes.  

This paper is organized as follows: Section II describes the main fundamental principles of deep non-linear 
predictors. This section is split into two main parts; problem formulation and the key structure of the Convolutional 
Neural Networks (CNNs). In section III, we describe the deep convolutional autoregressive models. The 
experiment’s setup is given in Section IV along with the data description process. In this section, we also propose 
four objective metrics used to evaluate the deep performance. Section V discusses the experiments while Section VI 
concludes the paper.  

S 
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II. The Deep Non-linear Predictor Principles 

A. Problem Formulation 
Let us denote as )(tNe  the electron density value at a time instance t. One simple approach is to model the 

current values of electron density as a linear relationship among the previous p observations35. Therefore, we have 
that  
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 In this case, variable p indicates the order of the predictor. It is expected that as the value of the order increases, 
better simulation prediction is achieved. However, the complexity of the model also increases and its ability to 
“learn” more the noisy details of the actual signal data. This means in other words that the generalization capabilities 
of the model is also reduced.  

Generalization is a very important aspect for testing the performance of a predictor. It measures the predictor 
performance on data outside the training set. Therefore, bad generalization performance means no adequate 
prediction accuracy on new incoming data. On the other hand, is a low order value is adopted for the modeling 
process, the prediction accuracy may decrease and thus the modeling performance.  

In Eq. (1), variable e(t) indicates an independent and identical distributed (i.i.d.) random variable. Eq. (1) implies 
a linear relationship among the p previous observations and the current predicted value. However, as we have stated 
above, modeling of ionospheric disturbances involves non-linearities which cannot be modeled through the linear 
system of (1). For this reason, we write Eq. (1) as21 

 ),())(),...,2(),1(()( teptNtNtNgtN eeee +---=  (2) 

  In Eq. (2), )(×g  is an unknown non-linear function that represents the input-output relationship among the 
previously observed electron density values and the current-one. In previous research, such as in21, the non-linear 
and unknown function )(×g  has been modeled using different non-linear systems through an application of a 
machine learning procedure. In this paper, )(×g  is modeled through a deep learning paradigm, exploiting the 
structure of a Convolutional Neural Network (CNN) model.  

B. The Deep Learning Paradigm Exploiting a Convolutional Neural Network Structure  
Fig. 1 indicates the main components of a deep learning convolutional neural network structure36. As is 

observed, the network exploits the following layers; the input, the convolution/pooling and the classification layer.  
Input Layer: The input layer receives the raw sensory data. It is responsible for propagating them into the 

convolutional filters of the next layer in order to extract the most appropriate features for the 
prediction/classification. In this approach, a tapped delay line (TDL) filter is exploited in the input layer. The TDL 
filter is responsible in providing the set of the previous p observations which are then used by the convolutional 
layer for further processing. Actually, the TDL filter implements a non-linear autoregressive model (NAR) as it is 
described through Eq. (2).  

Convolutional/Pooling Layer: The core building element of a CNN is the convolutional layer. In this layer, a 
set of learnable filters (e.g., kernels) are convolved with the input data in order to detect specific type of features 
which are useful for the classification process.  The convolutional layer is combined with the pooling layer which is 
actually a form of a non-linear down sampling. There are several non-linear functions used to implement the pooling 
and the max-pooling is the one adopted in this paper. In other words, convolutional and pooling layer performs a 
dimensionality reduction of the input data, extracting suitable features for the classification. In the convolutional 
layer, filters are estimated in a way that the final classification performance is maximized. This means that 
convolutional filters are used for extracting features for the raw sensory data in a way to maximize the 
prediction/modeling accuracy.  

Classification Layer: The final layer of a CNN refers to the classification layer. The classification layer receives 
the pre-training phase of the convolutional layer, that is the best fit features for this purpose, and then it applies a 
supervised learning paradigm for classifying and modeling and raw, input sensory data. As is observed the structure 
of a CNN includes two main stages. The first is actually an unsupervised learning paradigm where the raw input 
data are non-linearly transformed to appropriate feature for the classification. This is actually the purpose of the 
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convolutional/pooling layer. On the other hand, the second stage is a supervised parading, triggering the final 
classification from the features obtained from the first stage. This is actually the purpose of the classification layer.   

 

 

Figure 1. A block diagram of the Convolutional Neural Network (CNN) structure adopted in this paper. The 
model feeds as inputs electron density content data and predict the outputs through time.   

III. Deep Convolutional Autoregressive Modeling  
The final classification layer of a CNN structure (see Fig. 2) exploits a supervised learning paradigm and in our 

case it actually implements the non-linear autoregressive modeling used for predicting the ionospheric disturbances. 
The model actually represents the non-linear structure of 37. In our implementation, the last classification layer 
consists of a feedforward neural network of one hidden layer and one output layer. The activation function of the 
output neuron expresses a weighted linear relationship among the responses of the k neurons that the hidden layer 
composes of. In this case, we have that  

 q+×= uvTe tN )(ˆ      (3) 

In Eq. (3), T
kvvv ][ 21 !=v , an 1´k  vector, which contains the network weights, say iv , connecting the ith 

hidden neuron to the output neuron. Variable q  is the bias of the inner product. Vector u  expresses the response of 
the kth hidden neurons. This vector is given by the following equation 
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In Eq. (4) function )(×f  is the non-linear activation function of the hidden neurons of the final classification 
layer38,39. The sigmoid functions are usually adopted as basis functions of )(×f , while )(×f  is a vector-valued 
function, the elements of which correspond to the activation functions, say )(×f , over all hidden neurons. Matrix 

][ 21 kwwwW !=  is a matrix the column of which corresponds to the weight vector iw  that relates the inputs 

fed to the i-th hidden neuron. More specifically, vector T
piii ww ][ 1,1, += !w , ki !,2,1=  the 1)1( ´+p  

vectors containing all weights liw , , pl ,,1!=  which connect the ith hidden neuron to the kth input element and 

1, +piw  the biases of the ith neuron. 

The input vector )(×ζ  is obtained after being convolved the inputs (i.e., the ionospheric disturbance data) over 
some previous time periods. The convolutions are obtained using the convolutional/pooling layer of the CNNs 
structures to the inputs. Thus, instead of feeding the final classifier with the input data as in 21, that is a set of p 
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previous ionospheric disturbances samples, the convolutional neural network exploits a non-linear convolutional 
framework. In particular, we have that  

 ))1(()1( )( -=- nconvn e
N Nζ  (5) 

In Eq. (5), the operator )()( ×Nconv  expresses the convolutional filters implemented by the CNN framework at 
the convolutional layer. Variable N expresses the number of hierarchies implemented at the convolutional layer of 
the CNN. Vector  )1( -neN  is a set of p previous ionospheric disturbance data, expressed in the form of  

 
T
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Vector is )1( -neN  a 1)1( ´+p  input vector containing the p-previous samples )(,),1( pnNnN ee -- !  
plus a unity to accommodate the bias effect. 
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Figure 2. The basic structure of the classification layer of the CNN architecture. In this figure, we present the 
basic structure of the classification layer of the CNN architecture. It is used through a tapper delay neural network, 
the input of which are convolutional filters, extracted by the convolutional layer of the CNN model, instead of p 
previous samples as expressed in21. 

 
The role of the deep convolutional neural network is to “propagate” the input data into deep structures, convolve 

its content and then extract more meaningful entities regarding the input dynamics and the behavior of the data. 
These more meaningful structures are then fed to the final classification layer improving its performance.  

IV. Experimental Setup and Data Description 

A. Experiment Setup 
Our approach utilizes a CNN of one convolutional layer, followed by a ReLu layer, a fully connected layer and 

finally a regression layer. Various parameters affect such a setup, including the number of convolution kernels, the 
kernel size, and the input signal size. The typical input is the signal 𝐍" = [𝑁"(𝑡), 𝑁"(𝑡 − 1),⋯ , 𝑁"(𝑡 − 𝑛)]2 , where 
𝑡 denotes the current time instance and 𝑛 is the consecutive previous time instances. The employed 1-D CNN 
exploit the available information and produces an output 𝑦(𝑡 + 1) ≈ 𝑁"(𝑡 + 1), which approximates actual signal 
values at moment 𝑡 + 1, i.e.	𝑁"(𝑡 + 1). 
 
Parameter’s name Min Value Max Value 
Input signal size 20 50 
Number of kernels 10 120 
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Kernel size 3 10 
Training epochs 50 400 
Table 1. CNN investigated parameters’ range. 

 
In order to identify an appropriate topology setup, more than one thousand CNN topologies were investigated. 

The parameters’ range is provided in Table 1. 

B. Dataset Description 
For the experiments, we have used the observed electron density values derived from GPS measurements from 

the Dionysos Satellite Observatory of the National Technical University of Athens (NTUA), Greece and the 
Ionospheric Station at the National Observatory of Athens (NOA) as in21,4. The results refer to the electron density 
values over the F2 peak density for the last 12 years obtained at an average height of the Ionosphere layers.   

The dataset consists of 4320 data instances, of year 2011, were utilized for the initialization and evaluation 
process. Data values were at first normalized in 0,1 , and then transformed into 𝑚, input signals, 4280 ≤ 𝑚 ≤
4300, of size 𝑛. The initialization phase use 70% of the available signals for training. The rest are used for 
evaluation purposes.  

C. Performance metrics 
The problem at hand entails to a traditional regression problem; we compare the CNN output,	𝑦(𝑡) ≈ 𝑁"(𝑡) , 

with the actual satellite transmitted signal value, y 𝑡 = 𝑁"(𝑡) for any time instance t.  Four statistical performance 
metrics were used for the evaluation process.  

The first criterion is the Mean Squared Error (MSE) defined as: 

 𝑀𝑆𝐸 = A
B

𝑦C − 𝑦C DB
CEA  (7)  

The MSE is a quality measure of an estimator—it has always non-negative values, while values closer to zero 
are the best ones. The Root Mean Square Error (RMSE) is sometimes preferred instead of MSE since is of the same 
scale as the output signal. 

The second criterion is the Mean Absolute Error (MAE) being the absolute difference between two signals. 
MAE is defined as:  

 𝑀𝐴𝐸 = A
B

𝑦C − 𝑦CB
CEA  (8) 

In MAE metric, each error contributes proportionally to its absolute value, something which is not valid for the 
RMSE. Both MAE and RMSE express, however, average performances and both are negatively-oriented scores.  

The third metric is the coefficient of determination (R-squared) which is the proportion of the variance of the 
dependent variables against to the independent variable(s). R-squared defines the practical value of correlations on a 
percent scale 0,100 . A high value indicates that the performance of the model, i.e., CNN-based predicted values, is 
closely related to the actual value patterns. The R-squared is defined as  

  𝑅D = 1 − HIJHI K
L
IMN

HIJO H KL
IMN

 (9) 

Another typical metric to measure the similarity of signals is the correlation coefficient 𝜌, defined as: 
 

 𝜌 =
N
L 	 HIJO H ⋅ HIJO HL

IMN

N
L 	 HIJO H KL

IMN ⋅ NL 	 HIJO H KL
IMN

 (10) 

Correlation coefficient ranges from -1 to 1. A correlation close to 1 indicates that one signal behaves as the other 
one in time despite biases and time shifts. A correlation of 0 indicates that the two signals are uncorrelated.  

V. Experimental Results 
As we have mentioned before, the results aim to predict the Electron Density Content within a year. The results 

have been conducted over real-time measurements derived from GPS measurements from the Dionysos Satellite 
Observatory of the National Technical University of Athens (NTUA) in Greece and the Ionospheric Station at the 
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National Observatory of Athens (NOA). Fig. 3 shows the RMSE error for both the train and the test set versus the 
number of convolutional kernels. We can observe that the results are very good even for the data outside the training 
set. We also note that as the number of convolutional kernels increases a slight deterioration of the RMSE 
performance is noticed.  

Fig. 4 presents the MAE error with respect to the number of kernel sizes. The results have been also conducted 
both for training and test data. Again, the derived results are very adequate regarding the prediction performance. 
We also observe that the kernel size slightly affect the performance. Similarly, Fig. 5 shows the results of the R-
squared error versus the time window size. As we can see as the time window increases, the performance is also 
improved. This is valid both for the training set and the test set. We should be note that higher values of R-Squared 
means more accurate and appropriate performance than lower ones.  

 
 

 
 

Figure 3. The performance of the RMSE versus the number of convolutional kernels. The results are depicted 
versus the test and the training set.   

 
 

 
 

Figure 4. The performance of the MAE versus the kernel size. The results are depicted versus the test and the 
training set.   

 
Fig. 6 depicts the correlation coefficient versus the number of training epochs. We can see that as the number of 

training epochs increases the performance also increases. However, there is a saturation after which a slight 
improvement is noticed. This indicates that beyond a certain number of epochs the additional improvement is lower 
than the time burdened for conducting this improvement.  
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Figure 5. The performance of the R-Squared metric versus the time window size. The results are depicted 
versus the test and the training set.   

 
 

 
Figure 6. The performance of the correlation coefficient versus training epochs. The results are depicted versus 
the test and the training set.   

 

VI. Conclusions  
The ionospheric effects and disturbances significantly affect the implementation of a series of engineering 

applications on spaceborne radar systems. Consequently, we need to deploy mathematical models able to predict the 
behavior of ionospheric disturbances. Several such models have been presented in the literature which either 
globally obtain the Electron Density Content through years such as the well-known International Reference 
Ionosphere – IRI - 2007 NASA Model40 or locally process the data through the use of Linear or Non-Linear 
Autoregressive systems21, ensemble classifiers24 or echo state machine learning tools23. The aforementioned models 
have been enriched with recursive algorithms and adaptable mechanisms or they take into account the outcomes of 
multiple classifiers to get a reliable decision.  

In this paper, we extend the above mentioned models using deep machine learning. Deep learning better 
emulates the way that humans use to interpret sensorial information and shape it into structured knowledge by 
propagating the input sensors from layer to layer into deep structures. In this paper, the deep machine learning 
classifiers have been derived through the application of Convolutional Neural Networks (CNNs). The results 
conducted test the performance of the CNN classifier at different parameters and under a four objective metric 
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criteria. The results are obtained from real-life electron density being derived from GPS measurements from the 
Dionysos Satellite Observatory of the National Technical University of Athens (NTUA) in Greece and the 
Ionospheric Station at the National Observatory of Athens (NOA). The results indicate that the proposed CNN 
model can adequately predict Electron Density and F2 Peak Density (Ne/NmF2) through time.  
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