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Abstract 
      Neural Networks try to emulate the behavior of 
human brain in performing simple classification and 
pattern recognition tasks. The huge explosion in both 
quality and quantity of data experienced in the last 
decade by both astronomy and high energy physics, 
has stimulated the search for artificial intelligence 
tools capable to help the scientist in both the routine 
work  (such as prereduction and analysis)  and  in  the 
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visualization and interpretation of the data. In this review we outline some 
recent developments in the field of neural networks, together with their main 
applications to a variety of problems. 
 
1. Introduction 

Artificial Neural Networks (NNs) were originally introduced as simplified 
models of the brain (processing nodes instead of neurons, multiple connections 
instead of dendrites and axons). Such a brain analogy, however, may mislead 
unexperienced users who tend to overlook the fine details requested by the 
proper application of NNs, thus obtaining discouraging results. In fact, as 
stressed by Bailer et al. [1], even though it is likely that the logic of the 
processing of the signals in both the brain and NNs is very similar, the scale is 
enormously different: the human brain consists of 1011 neurons each connected 
to many others with a complex topology for a minimum of 1014 synaptic 
connections, while even the most complex NN consists of a few hundred 
neurons and achieves a level of complexity at least 10 orders of magnitude 
smaller. As a matter of fact, however, in most individual processes, the brain 
uses only a very small subset of its resources and therefore, in spite of the lack 
of complexity, some specific tasks may be emulated by NNs. In fact, they offer 
the advantage of being objective, relatively fast and, what is more relevant, not 
necessarily biased by some human limitations such as, for instance, the lack of 
capability in dealing with high dimensionality spaces. This last feature makes 
NNs appealing to all these fields where there is the need to organize and 
extract the relevant information from multiparametric spaces of high 
dimensionality. This is particularly true for astronomy, where the recent 
technological advances have produced a true explosion in both the quality and 
the amount of data available to any user [2]. Conservative predictions lead in 
fact to expect that in a few years, more than 10 TB of data will be acquired 
worldwide every night and, due to the ongoing efforts for the implementation 
of the International Virtual Observatory (IVO), most of these data will become 
available to the community via the network (cf. [3], [4] and the references 
therein). These huge and heterogeneous data sets will open possibilities which 
so far are just unthinkable, but it is already clear that their scientific 
exploitation will require the implementation of automatic tools capable to 
perform a large fraction of the routine data reduction, data mining and data 
analysis work.  

In its most general definition, a NN is a software which learns about a 
problem through relationship which are intrinsic to the data rather than through 
a set of predetermined rules. A NN is usually structured into an input layer of 
neurons, one or more hidden layers and one output layer. Neurons belonging to 
adjacent layers are usually fully connected and the various types and 
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architectures are identified both by the different topologies adopted for the 
connections and by the choice of the activation function. The values of the 
functions associated to the connections are called “weights” and the whole 
game of NN's is in the fact that, in order for the network to yield appropriate 
outputs for given inputs, the weights must be set to a suitable combination of 
values. The way this is obtained leads to the first important difference among 
modes of operations, namely between “supervised” and “unsupervised” 
methods. In supervised methods, in order to teach to the NN how to provide 
the correct output, the user needs to know the correct output value for a fair 
subsample of the input data. This set is further divided in other three subsets 
named, respectively, training, validation and test sets. The first one is used to 
fine tune the weights, the second one to check whether the network has 
achieved an acceptable generalization capability and, finally, the third subset is 
used to evaluate the performances.  

In unsupervised methods, instead, the input data are clustered on the basis 
of their statistical properties only. Whether the obtained clusters are or are not 
significant to a specific problem and which meaning has to be attributed to a 
given cluster, is not obvious and requires an additional phase, the so called 
“labeling”. The labeling requires that the user knows the characteristics of a 
small sample of input vectors (labeled set). It needs to be stressed that the 
labeled set needs to be much less conspicuous than the training, validation and 
test sets necessary to supervised methods.  

A further distinction among different NN's can be based on the way the 
information propagates across the network: either feedforward (i.e. the 
information propagates only from the layer K to the layer K + 1), or recurrent 
(i.e. the information may propagate in loops).  

As we shall see in what follows, the optimal choice of the architecture of 
the network and of its operating modes depends strongly on the intrinsic nature 
of the specific problem to be solved and, since no well defined recipe exists, 
the user has often to rely on a trial and error procedure. It has therefore to be 
stressed that, in order to be effective, all neural techniques require a lengthy 
procedure to be selected and optimized, and an extensive testing to evaluate 
their robustness against noise and inaccuracy of the input data. This also 
restricts their application to those data intensive or computational intensive 
problems where the work required by the implementation of a network may 
prove to be advantageous with respect to more traditional methods.  
 
1.1 A short summary of astronomical applications 

Some recent reviews of specific aspects of the applications of NN's to 
astronomical problems can be found in [5], [6] and [7]. Historically speaking, 
the first attempts to use NNs on astronomical data were meant to separate stars 
from galaxies or to classify galaxy morphologies or spectral features [8], [9].  
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While the problem of star/galaxy classification seems to have been 
satisfactorily answered [10], the other two problems, due to their intrinsic 
complexity, are still matter of experiments (see for instance, [11], [12], [13], 
[14], and [15], [16], [17], for recent applications to galaxy morphology and 
spectral classification, respectively). NN's have also been applied to planetary 
studies [18], [19]; to the study and prediction of solar activity and phenomena 
(cf. [20], [21], [22], [23], [24]), to the study of the interplanetary magnetic 
field [25], and to stellar astrophysics [26], [27], [28].  

Other fields of application include: time series analysis (cf. [29], [30]), 
and the identification and characterization of peculiar objects such as QSO's, 
ultraluminous IR galaxies, and Gamma Ray Bursters [31]; the determination of 
photometric redshifts (cf. [32], [33]), the noise removal in pixel lensing data 
[34], the decomposition of multifrequency data simulated for the Planck 
mission [35], the search for galaxy clusters [36].  

Still in its infancy, is the use of NN's for the analysis of the data collected 
by the new generation of instruments for astroparticle physics such as, for 
instance, the Solar energetic proton events [37] the cosmic ray telescopes 
AUGER [38], [39] and ARGO [40], [41]; the gamma ray Cherenkhov 
telescope [42], [43], the VIRGO gravitational waves interferometer [44], [45] 
and even for the search of the Higgs boson [46].  

Due to the extreme richness of the field, in what follows we shall concentrate 
only on some of the applications which have been addressed by our group in the 
framework of the AstroNeural collaboration which was started in 1999 as a joint 
project of the Department of Mathematics and Informatics at the University of 
Salerno and of the Department of Physics at the University Federico II of Napoli. 
The tools produced by the AstroNeural collaboration are integrated within the 
AstroMining package: a set of modules written in MatLab and C++.  

This paper is structured as follows. In Sect. 2 we shortly outline the 
mathematical background of the used NN models: the Multi Layer Perceptron (par. 
2.1), the Self Organizing Maps (par. 2.2) and the Neural Networks for non-linears 
Principal Component Analysis (par. 2.3). In Sect. 3 we shall describe the 
application of the above quoted neural models to: photometric redshifts evaluation 
(par. 3.1), clustering of photometric data (par. 3.2), search for periodicities in light 
curves (par. 3.3), and analysis of simulated cosmic ray air showers (par. 3.4). 
Finally, in Section 4 we shortly summarize some future developments. 
 
2.  Some neural models used in astronomy 
2.1 The Multi Layer Perceptron 

The simple neural model outlined in the introduction is usually said to be a 
Multi Layer Perceptron (MLP; [47]) where the activation functions are 
sigmoidal or linear. (Fig. 1).  
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Figure 1. Layout of the Multi Layer Perceptron. 
 
The MLP is suited to a wide range of applications, such as pattern 

recognition, prediction, system identification, etc.. An MLP network comprises 
a number of identical units organized in layers, with those on one layer 
connected to those on the next layer (except for the last layer or output layer). 

The output of the j−th hidden unit is obtained first by forming a weighted 
linear combination of the d input values, and then by adding a bias to give:  

 

                                            
(1) 

 
where d is the number of the input,  denotes a weight in the first layer 

(from input i to hidden unit j). Note that  denotes the bias for the hidden 

unit j, and f is an activation function such as the continuous sigmoidal 
function:  
 

                              
(2)

 
 
The outputs of the network are obtained by transforming the activation of the 
hidden units using a second layer of processing elements: 
 

                                      
(3)
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Where M is the number of hidden units,  denotes a weight in the first 

layer (from hidden unit j to output unit k). Note that  denotes the bias for 
the output unit k, and g is an activation function of the output units which does 
not need to be the same function as for the hidden units. MLP are tipically 
trained using a supervised training algorithm known as 'back propagation' 
which works as follows: we give to the input neurons the first pattern and then 
the net produces an output. The difference (error) between the desired output 
(target value) and the produced output is computed and the weights are 
changed in order to minimize it. These operations are repeated for each input 
pattern until the mean square error of the system is minimized. Given the p-th 
pattern in input, a classical error function Ep (called sum-of-squares) is:  

 

                               
(4)

 
 
where  is the p-th desired output value and  is the output of the 
corresponding neuron. Due to its interpolation capabilities (universal 
approximation), the MLP is one of the most widely used neural architectures. 
The MLP can be trained also using probabilistic techniques such as the 
Bayesian learning framework that offers several  advantages over classical 
ones [47]: i) it cannot overfit the data; ii) it is automatically regularized; iii) the 
uncertainty in the prediction can be estimated. 
 
2.2 The Self Organizing Maps 

The SOM algorithm [48] combines a competitive learning principle with a 
topological structuring of nodes such that adjacent nodes tend to have similar 
weight vectors. The training is unsupervised and it is entirely data-driven and 
the neurons of the map compete with each other [49]. These networks are Self 
Organizing in that, after training, nodes tend to attain weight vectors that 
capture the characteristics of the input vector space. SOM allows the 
approximation of the probability density function of the data in the training set 
(id est prototype vectors best describing the data), and a highly visualized 
approach to the understanding of the statistical characteristics of the data. In a 
crude approximation, a SOM is composed by neurons located on a regular, 
usually 1 or 2-dimensional, grid.  
Each neuron i of the SOM may be represented as an n-dimensional weight:   

 

                     (5) 
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where n is the dimension of the input vectors. 3−D or higher dimensional grids 
are not commonly used since in this case the visualization of the outputs 
becomes problematic.  

In most implementations, SOM's neurons are connected to the adjacent 
ones by a neighborhood relation which dictates the structure of the map. In the 
2-dimensional case, the neurons of the map can be arranged either on a 
rectangular or a hexagonal lattice and the total number of neurons determines 
the granularity of the resulting mapping, thus affecting the accuracy and the 
generalization capability of the SOM.  

The use of SOM as data mining or data visualization tools requires several 
logical steps: the construction and the normalization of the data set, the 
initialization and the training of the map, the visualization and the analysis of 
the results. In the SOM's, the topological relations and the number of neurons 
are fixed from the beginning via a trial and error procedure, with the 
neighborhood size controlling the smoothness and generalization of the 
mapping. The initialization consists in providing the initial weights to the 
neurons and, even though the SOM are robust with respect to the initial choice, 
a proper initialization usually allows faster convergence.  

For instance, the AstroMining package allows three different types of 
initialization procedures: random initialization, where the weight vectors are 
initialized with small random values; sample initialization, where the weight 
vectors are initialized with random samples drawn from the input data set; 
linear initialization, where the weight vectors are initialized in an orderly 
fashion along the linear subspace spanned by the two principal eigenvectors of 
the input data set. The corresponding eigenvectors are then calculated using the 
Gram-Schmidt procedure detailed in [49]. The initialization is followed by the 
training phase.  

In each training step, one sample vector x from the input data set is 
randomly chosen and a similarity measure is calculated between it and all the 
weight vectors of the map. The Best-Matching Unit (BMU), denoted as c, is 
the unit whose weight vector has the greatest similarity with the input sample 
x. This similarity is usually defined via a distance (usually Euclidean) and, 
formally speaking, the BMU can be defined as the neuron for which:  

 

                                     (6) 
 

where || ⋅ || is the adopted distance measure. After finding the BMU, the weight 
vectors of the SOM are updated and the weight vectors of the BMU and of its 
topological neighbors are moved in the direction of the input vector, in the 
input space. The SOM updating rule for the weight vector of the unit i can be 
written as: 
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                           (7) 
 
where t denotes the time, x(t), the input vector and hci(t) the neighborhood 
kernel around the winner unit, defined as a non-increasing function of the time 
and of the distance of the unit i from the winner unit c which defines the region 
of influence that the input sample has on the SOM. This kernel is composed by 
two parts: the neighborhood function h(d, t) and the learning rate function α (t):  
 

                                     (8) 
 
where ri is the location of unit i on the map grid. The AstroMining package 
allows the use of several neighborhood functions, among which the most 
commonly used is the so called Gaussian neighborhood function:  
 

 .                                    (9) 
 
The learning rate α (t) is a decreasing function of time which, always in the 
AstroMining package, is:  
 

                                   (10) 
 
where A and B are some suitably selected positive constants. Since also the 
neighbors radius is decreasing in time, then the training of the SOM can be seen as 
performed in two phases. In the first one, relatively large initial α  value and 
neighborhood radius are used, and decrease in time. In the second phase both α 
value and neighborhood radius are small constants right from the beginning.  
 
2.3 Neural networks for Principal Component Analysis 

Principal Component Analysis (PCA) is a widely used technique in data 
analysis. Mathematically, it is defined as follows: let C = E(xxT) be the 
covariance matrix of L-dimensional zero mean input data vectors x. The i-th 
principal component of x is defined as xT c(i), where c(i) is the normalized 
eigenvector of C corresponding to the i-th largest eigenvalue λ(i). The 
subspace spanned by the principal eigenvectors c(1),…,c(M), (M < L) is called 
the PCA subspace (of dimensionality M) [50].  

PCA's can be neurally realized in various ways [51]; [50];[54]. The PCA 
neural network used by us is a one layer feedforward neural network which is 
able to extract the principal components of the stream of input vectors. 
Typically, Hebbian type learning rules are used, based on the one unit learning 
algorithm originally proposed by [50].  

The structure of the PCA neural network can be summarised as follows 
[52, 53, 50]: there is one input layer, and one forward layer of neurons totally 
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connected to the inputs; during the learning phase there are feedback links 
among neurons that classify the network structure as either hierarchical or 
symmetric. After the learning phase the network becomes purely feedforward. 
The hierarchical case leads to the well known GHA algorithm [53, 54]; in the 
symmetric case we have the Oja's subspace network.  

PCA neural algorithms can be derived from optimisation problems, such 
as variance maximization and representation error minimisation [52, 53] so 
obtaining nonlinear algorithms (and relative neural networks). These neural 
networks have the same architecture of the linear ones: either hierarchical or 
symmetric. These learning algorithms can be further classified in: robust PCA 
algorithms and nonlinear PCA algorithms. We define robust a PCA algorithm 
when the objective function grows less than quadratically. The nonlinear 
learning function appears at selected places only. In nonlinear PCA algorithms 
all the outputs of the neurons are nonlinear function of the responses.  

In the robust generalization of variance maximisation, the objective 
function f(t) is assumed to be a valid cost function such as ln(cosh(t)). This 
leads to the algorithm:  
 

                        

(11)

 
 
In the hierarchical case we have I(i) = i. In the symmetric case I(i) = M, 

the error vector ek(i) becomes the same ek for all the neurons, and equation (11) 
can be compactly written as:  

 
                          (12) 

 
Where  is the instantaneous vector of neuron responses. The learning 
function g, derivative of f, is applied separately to each component of the 
argument vector.  

The robust generalisation of the representation error problem [52, 53], 
with f(t) ≤ t2, leads to the stochastic gradient algorithm :  

 

                                         (13) 
 
This algorithm can be again considered in both hierarchical and symmetric 
cases. In the symmetric case I(i) = M, the error vector is the same (ek) for all 
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the weights wk. In the hierarchical case I(i) = i, equation (13) gives the robust 
counterparts of principal eigenvectors c(i).  

Let us consider now the nonlinear extensions of PCA algorithms. We can 
obtain them in a heuristic way by requiring all neuron outputs to be always 
nonlinear in the equation (11). This leads to:  
 

                                      

(14)

 
 

3.  Some applications 
In the following paragraphs we shall describe some recent results obtained 

with the above described NNs in widely different fields of research: evaluation 
of photometric redshifts, analysis of stellar light curves, characterization of 
photometric data in the GOODS catalogues and, finally, a preliminary analysis 
of simulated cosmic ray air showers detected with Cherenkov telescopes.  
 
3.1 Photometric redshift 

The accurate knowledge of redshifts for large samples of galaxies is a 
precondition to most extragalactic and cosmological studies. Unfortunately, the 
measurement of accurate redshifts requires low/medium resolution 
spectroscopy with large telescopes. An alternative (even though less accurate) 
approach is the evaluation of “photometric redshifts”, id est estimates derived 
from photometric data obtained in several properly selected broad or 
intermediate photometric bands. The many approaches proposed to derive 
photometric redshifts may be divided into two groups:  

 
• Analytical methods based on the fitting of the observed photometric 

data with those predicted from spectral synthesis models (see for 
instance [56], [57], [58], [59]);  

• Interpolative methods relying on spectroscopic data for a sample of 
template objects which can be used to constrain the fit of a polynomial 
function mapping the photometric data [60], [61], [62]. While more 
demanding in terms of input data, these methods offer the great 
advantage that they are trained on the real Universe and do not require 
strong assumptions on the physics of the formation and evolution of 
stellar populations.  

 
As stressed above, NNs are excellent tools for interpolating data and for 

extracting patterns and trends and are therefore particularly suited to an 
interpolative approach. The implemented package makes use of a Bayesian 
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MLP to interpolate the photometric redshift with a very good predictive result 
on objects, and of a SOM to identify the confidence level of the derived 
redshifts and to evaluate the degree of contamination of the final redshift 
catalogues. In the experiments described below, the package was applied to the 
Sloan Digital Sky Survey Early Data Release (EDR) [63] which provides 
photometric, astrometric and morphological data for an estimated 16 millions 
of objects in two fields: an Equatorial 2° wide strip of constant declination 
centered around δ =0 and a rectangular patch overlapping with the SIRTF First 
Look Survey. The EDR provides also spectroscopic redshifts for a little more 
than 50, 000 galaxies distributed over a fairly large redshift range (93% of the 
objects have z < 0.7). In order to build the training, validation and test sets, we 
first extracted from the SDSS-EDR a set of parameters (both total and 
petrosian) magnitudes in the u, g, r, i, z bands, petrosian radii, 50% and 90% 
petrosian flux levels, surface brightness and extinction coefficients, [63] for all 
galaxies in the photometric sample.  

It needs to be stressed that an highly dishomogeneous distribution of the 
objects in the redshift space implies that the density of the training points 
dramatically decreases for increasing redshifts, and that: i) unless special care 
is paid to the construction of the training set, all networks tend to perform 
much better in the range where the density of the training points is higher; ii) 
the application to the photometric data set will be strongly contaminated by the 
spurious determinations.  

All used NNs had only one hidden layer and the experiments were 
performed varying the number of input parameters and of hidden units. 
Extensive experiments lead to conclude that the Bayesian framework provides 
better generalization capabilities with a lower risk of overfitting, and that the 
best compromise between speed and accuracy is achieved with a maximum of 
22 hidden neurons and 10 Bayesian cycles.  

Table 1  summarizes  some  of  the  results  obtained from the experiments 
while  Fig.  2  shows  the  comparison  between  spectroscopic and photometric   
redshifts  for  the   test   set  objects in the best  experiment.  As  it  can be  
seen,  the   r.m.s  scatter   around   the   average   line   is   z  0.021.  

One of the problems encountered in the use of photometric redshifts is the 
evaluation of the contamination of the final photometric redshift catalogues or, in 
other words, the evaluation of the number of objects which are erroneously 
attributed a zphot  significantly (accordingly to some arbitrarily defined threshold) 
different   from  the  unknown zspec.  This problem is even more relevant in the case 
of NNs based methods, since supervised NNs are necessarily trained only in a 
limited range of redshifts and, when applied to real data, they produce 
misleading results for most (if not all) objects which "in the real word" have 
redshifts falling outside the training range. A behavior which, once more, is due 
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to the fact that NN are good interpolators but have very little, if any, 
extrapolation capabilities. 

 
Table 1. Column 1: higher accepted spectroscopic redshift for objects in the training 
set; column 2: input parameters used in the experiment; column 3: number of neurons 
in the hidden layer; column 4: robust errors evaluated on the test set; column 5: number 
of objects used in each of the training, validation and test set. 
 

 
 

 
 

Figure 2. Photometric versus spectroscopic redshifts obtained with a Bayesian MLP 
with 2 optimization cycles, 50 learning epochs of quasi-Newton algorithm and 5 inner 
epochs for hyperparameter optimization. Hyperparameters were initialized at α = 0.001 
and β =50. 
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In the SDSS-EDR spectroscopic sample, over a total of 47,000 (divided 
roughly in three equal sets for test, validation and training) objects having z > 
0, only 88%, 91% and 93% have redshift z lower than 0.3, 0.5 and 0.7, 
respectively. To train the network only on objects falling in the above ranges 
implies, respectively, a minimum fraction of 12%, 9% and 7% of objects in the 
photometric data set which will have wrong estimates of the photometric 
redshift. A more robust estimate of the contamination may however be 
obtained using unsupervised SOM clustering techniques over the training set.  

In Figure 3 we show the BMU as a function of the redshift bin. Each 
exagon represents a neuron and the figures inside it give the number of input 
vectors (in a given range) which have that neuron as BMU. It is clearly visible 
that low redshift objects (z < 0.5) tend to activate neurons in the outer and right 
parts of the map, intermediate redshift ones (0.5 < z < 0.7) activate mainly 
neurons in the lower left part and, finally, objects with redshift higher than 0.7 
activate only the neurons in the upper left corner. The labeling of the neurons 
(summarized in the upper left map) was done using the training and validation 
data sets in order to avoid overfitting, while the confidence regions were 
evaluated on the test set. Therefore, test set may be used to map the neurons in 
the equivalent of confidence regions and to evaluate the degree of 
contamination to be expected in any given redshift bin. Obviously, when the 
network is applied to real data, the same confidence regions may be used to 
evaluate whether a photometric redshift correspondent to a given input vector 
may be trusted upon or not.  

 
Table 2. Confusion matrix for the three classes described in the text. 

 

 
 
The above derived topology of the network is crucial since it allows to 

derive the amount of contamination. In order to understand how this may be 
achieved, let us take the above mentioned NN, and consider the case of objects 
which are attributed a redshifts zphot < 0.5. This prediction has a high degree of 
reliability only if the input vector activates a node in the central or right 
portions of the map. Vector producing a redshift zphot < 0.5 but activating a 
node falling in the upper left corner of the map are likely to be misclassified. In 
our experiment, out of 9270 objects with zphot < 0.5 only 39 (id est, 0.4% of the 
sample) have discordant spectroscopic redshift. A confusion (contamination) 
matrix helps in better quantifying the quality of the results (see 3.1): data were 
divided  into  three classes accordingly     to their spectroscopic redshifts, namely  
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Figure 3. Maps of the neurons activated by the input data set. Exagons represent the 
NN nodes. In the upper left corner map, for a given node, the figures n(m) can be read 
as follows: n is the class (n=1 meaning z < 0.5 and n=2 meaning z > 0.5) and m is the 
number of input vector of the correspondent class which have activated that node. This 
map was produced using the training and validation data sets. The other maps, produced 
each in a different redshift bin, indicate how many input vector from the test data set 
activated a given node. 

 
class I: 0 < z < 0.3, class II: 0.3 < z < 0.5, class III: z > 0.5. The elements on the 
diagonal are the correct classification rates, while the other elements give the 
fraction of objects belonging to a given class which have been erroneously 
classified into another class. Furthermore, in the redshift range (0, 0.3), 95.4% 
of the objects were correctly identified and  only 4.6% was attributed a wrong 
redshift estimate. In total, 94.2% of the objects are  correctly classified.  By  
taking  into  account   only the redshift range 0 < z < 0.5, this percentage 
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becomes 97.3%. From the confusion matrix, we can therefore derive a 
completeness of 97.8% and a contamination of about 0.5%.  
 
3.2 SOM clustering of the GOODS catalogues 

The recent Great Observatories Origin Deep Survey (GOODS, [64]) 
provides an excellent test bed to explore the clustering and visualization 
capabilities of SOMs. The GOODS survey covers at several wavelengths the 
Chandra Deep Field South (CDF-S) [65]. The available catalogues provide 
photometric multiwavelength data reduced to a common system: optical broad 
band UBVRI photometry obtained using the Wide Field Imager (WFI) at the 
ESO/MPG 2.2 m telescope, near infrared (JHK) photometry obtained with the 
SOFI imager at the ESO/NTT. Additional information on the X and radio 
fluxes are also available but since they will not be used here, we shall neglect 
them. Object catalogues were extracted using the package S-Extractor [66] 
from each co-added image were combined in two multi-color lists:  
 
• the UBVRI catalogue contains 75000 sources (WFI) in a sky area of 

approximately 0.5 square degrees;  
• the UBVRIJK catalogue contains more than 28000 sources (WFI + SOFI) 

in an area of approximately 0.25 square degrees.  
 

The problem addressed here is to explore whether the clustering and 
visualization properties of the SOM can be used to single out clusters of 
objects with homogeneous physical characteristics (e.g., QSOs and active 
nuclei vs. normal galaxies, stars of different spectral types, etc. [55]).  

One of the main problems is posed by the so called "drop-outs", namely 
objects which are below the detection treshold in at least one of the available 
bands. This problem is especially relevant in the GOODS catalogues due to the 
very different sensitivities of the instruments (54752 drop-outs in the UBVRI, 
and 24872 in the UBVRIJK catalogues, respectively).  

Missing data may be of two types: just empty fields or upper limits. In the 
GOODS catalogues, the latter are derived from the limiting magnitude of the 
image and the error is arbitrarily set to −1. In what follows we describe the 
results of two different groups of experiments which were performed on the 
two catalogues, in the first group drop-outs were treated as missing data (NaN, 
id est, Number), while in the second one we made use of the associated upper 
limits. The parameters extracted with S-Extractor [66] and used in the 
experiments were the following:  

 
• the 5 (or 7) MAG-AUTO magnitudes (corrected for the galactic 

extinction), together with the errors; 
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• the semi-axes as measured on each individual band (2 × 5 or 7 bands), 
with their errors;  

• the background level associated to each source ;  
• the CLASS-STAR galaxy/star classification parameter. 
 

Among  all  the  experiments with SOM, only those with grid size set to 
65 × 31 will be described. This value was empirically determined and is the 
result of a compromise between the accuracy of the modelling and the 
computational resources available. The training set was linearly scaled so that 
for each feature the variance and the mean are 1 or 0, respectively. 

In Fig. 4 we show the U-matrix and the similarity coloring map in the case of 
NaN missing objects. Two main clusters are evident: a very large and 
homogeneous area plus two smaller areas located at the opposite corners. Using as 
label the stellarity index provided  by  S- Extractor, and  the  unit  activation 
diagrams for the class − star = 1 and class − star = 0 objects  (Fig. 5)  it  is  clear  
that: the vast majority of the class − star = 1 objects is localized in the top right 
corner areas of the map and a smaller number activates neurons located at the top 
side of the map. Class−star = 0 are instead distributed over  the  entire  map  even  
though  the majority of them activates neurons in the bottom part of the map. In 
other words, the SOM clearly recognizes the existence of two large groups plus 
several regions of overlap containing ca. 200 objects.  

 

 
 

Figure 4. UBVRI catalogue with NaN: a) U-matrix; b) similarity coloring. 
 

If instead of NaN upper limits are used, the resulting visualizations appear 
different (Figg. 6 and 7). The U-matrix and similarity coloring show several 
well defined clusters in which the class − star = 1 and class − star = 0 objects 
are localized mainly in the top and bottom sides of the map, respectively. 
Keeping in mind that objects belonging to the same cluster share (in a 
statistical sense) the  same  properties, it  becomes apparent that the clusters 
are  due  to  the  fact  that  upper  limits    derived from the limiting magnitude of 
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b)a)

 

 
 
 
 
 
 
 
 
 
 
 

 

Figure 5. UBVRI catalogue with NaN: a) BMU's of class − star = 0 objects; b) BMU's 
of class − star = 1 objects. 
 

 
 

Figure 6. UBVRI catalogue with Upper Limits: a) U-matrix; b) similarity coloring. 
 

 

 
Figure 7. UBVRI catalogue with Upper Limits: a) BMU's of class − star = 1 objects; 
b) BMU's of class − star = 0 objects. 
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different images are the same for many objects and introduce a spurious 
similarity among objects. If clustered objects are compared on a one-to-one 
basis, however, the NaN and upper limits maps are consistent. 

Surprisingly, the introduction of the J and K bands does not change 
significatively the  performance  of  the trained  SOM's.  A possible reason 
could be the presence of  a considerable number of drop-outs in this second 
catalogue. If we compare the results with those obtained with the UBVRI 
catalogue (in both the NaN and Upper limits cases) we observe a  rather  
regular  trend (cf. Figg. 8 through 11). We  wish however to stress that the 
large number of drop-out, models the shape of the resulting SOM's when using 
upper limits.  

It has to be stressed that photometric errors were not discussed here since 
using them as independent variable would not provide additional information 
to better characterize the objects in the catalogues. However, errors may be 
included by weighting the magnitudes on a relative error values basis. In this 
way, for example, the values in a given pass-band are considered more or less 
reliable on the basis of its weight. 
 

 
 
Figure 8. UBVRIJK catalogue with NaN: a) U-matrix; b) similarity coloring. 

 
 
3.3 Time series analysis 

The analysis of light curves of variable objects is among the oldest types 
of research in astrophysics, nevertheless, however, many methodological 
problems connected with the  search  for  periodicities  have  still  to  be  
satisfactorily  solved.  Astronomical    light curves, in fact, are often very 
unevenly sampled and sometimes cover only a fraction of the variation period. 
When dealing with a light curve, two type of questions must usually be 
answered: is there a fundamental period? Are there multiple periodicities? 
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Figure 9. UBVRIJK catalogue with NaN: a) BMU's of class − star = 1 objects; b) 
BMU's of class − star = 0 objects. 
 

 
 

Figure 10. UBVRIJK catalogue with Upper Limits: a) U-matrix; b) similarity coloring. 
 

 
 

Figure 11. UBVRIJK catalogue with Upper Limits: a) BMU's of class − star = 1 
objects; b) BMU's of class − star = 0 objects. 
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The general problem is how to estimate the frequencies of periodic signals 
which may be contained in a physical variable x measured at discrete times ti, 
where we assume the physical variable x to be the sum of a variable signal and 
a random noise i.e. (xi = x (ti) = xs (ti) + ri) [29], [30], [67].  

Many different tools based on different types of Fourier analysis may be 
effectively used in the case of even sampling [68] [69] [70], but they lead to 
ambiguous results when are applied to evenly sampled data (see, for instance, 
[73], [30]).  

The most commonly used tool is the so called Periodogram, which is an 
estimator of the signal energy in the frequency domain (cf. [71], [68], [72], 
[73]) and has been extensively applied to the analysis of unevenly sampled 
stellar light curves.  

Its use, however, is undermined by the difficulties encountered in dealing 
with the aliasing effects. A variation of the classical Periodogram (P) was 
introduced by Lomb [73] and is distributed in the Numerical Recipes in C [74]. 
The normalized Lomb's Periodogram (LP) is the power spectra as function of 
an angular frequency ω ≡ 2π f  > 0 estimated with respect to the measured 
times ti [73].  

More modern frequency estimators, based on the signal autocorrelation 
matrix eigenvectors, have been introduced to overcome the biases of more 
traditional Fourier methods.  

In the following we describe a recently introduced algorithm (Stima) that 
is based on the frequency estimator MUSIC and a nonlinear PCA technique 
based on NNs to extract the principal components of the autocorrelation matrix 
(cf. [29], [30]).  

Let us assume to have a signal with p sinusoidal components (narrow 
band). The p sinusoids are modelled as a stationary ergodic signal, and this is 
possible only if the phases are assumed to be indipendent random variables 
uniformly distributed in [0, 2π) [72]. In order to estimate the frequencies we 
exploit the properties of the signal autocorrelation matrix (a.m.) [72]. The a.m. 
is the sum of the signal and the noise matrices; the p principal eigenvectors of 
the signal matrix allow the estimate of frequencies; the p principal 
eigenvectors of the signal matrix are the same of the total matrix.  
In this way, to extract the principal components we use a robust nonlinear PCA 
NN ([75], [76], [77], [78]) and then we apply a modified version of the MUlty 
SIgnal Classifier (MUSIC) estimator [71], which can be applied directly on 
unevenly sampled data, to obtain the periodicities ([29], [30])  

In this case, the fundamental learning parameters of the NN are: i) the 
initial weight matrix; ii) the nonlinear learning algorithm; iii) the number of 
neurons (p), id est the number of principal eigenvectors which need to be 



Applications of neural networks in astronomy and astroparticle physics 21 

estimated or twice the number of periodicities expected in the signal; iv) and 
two learning parameters [30]. 

The weight matrix W is initialized either with small random values or, 
only in the case of regular signals and in order to speed up the convergence of 
the neural estimator, with the first pattern of the signal as columns of the 
matrix. In order to establish when the NN has converged and to accomplish the 
periodicities estimation on unevenly sampled data (without interpolation) we 
use the following modified MUSIC estimator:  

 

                        (15) 
 
where w(i) is the i-th weight vector of the neural net after learning, and  
 

.
         

(16) 
 
where {t1, …, t(L − 1)} are the first L components of the temporal coordinates of 
the uneven signal. We note that for interpolated data  
 

          
(17) 

 
After the learning process, the weight matrix columns are feed to the frequency 
estimator MUSIC and the estimated signal frequencies are obtained as the peak 
locations of the functions. We note that if f is the frequency of the i − th 
sinusoidal component f = fi, we shall have e = ei, and PMUSIC → ∞. In practice, 
this means that there will be a peak in correspondence of the component 
frequency PMUSIC.  

The above methods have been applied, for instance, to the light curve of 
the W UMa-system U Pegasi [79, 80, 81, 82, 83, 84]. The UMa-stars have 
been the subject of more controversy than any other group of close binaries. 
Many factors account for their great importance in the framework of stellar 
evolution, for example, their extraordinary abundance in space, and the 
instability of their light curves [83]. Numerous models have been introduced to 
explain these light curves, which are affected by the geometry of the star 
system and the intensity distribution over the surface of the components. The 
models on the eclipses produced by tidally distorted stars [83]. For our analysis 
we consider two different data sets. In the first case (I-DS in the following) the 
sequence is composed by 446 V observations and by 441 B observations 
obtained  from October  to  November  1958 [79] (Fig. 12a).    In      the  second  case    
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Figure 12. Light curve (B): a) light curve in [79]; b) light curve in [82]. 

 
(II-DS in the following) the observations are obtained with 60 cm reflector at 
the Beijing Observatory [82]. In [82] is obtained a complete coverage of the B 
and V light curves of U Pegasi on October 3/4 in 1978 and a total of 217 pairs 
of B and V observations were obtained (fig. 12b). 

Many photometric periods have been derived for the system U Pegasi; e.g. 
0d. 37478192 [79], 0d.37478133 [84], and 0.374781802 [82]. From our 
analysis (in the following we consider only the B sampling) we obtain a period 
of 0d.17713636 using the LP approach (fig. 13a) and a period of 0d. 18739024 
using the Stima approach (fig. 13b) on the first data set, and a period of 0d. 
18125581 using the LP approach (fig. 14a) and a period of 0d.18739024 using 
the Stima approach (fig. 14b) on the second data set. In figure 15 we plot the 
fitting of the light curve with the sinusoidal curves having the periods obtained 
by us and the period of 0d. 37478192 [79]. We note that for this kind of light 
curve (see fig. 15) the secondary minimum is similar to the principal minimum 
[79, 83, 82]. For this reason the known periodicity is twice the period by us 
estimated. If we consider the double of the period estimated by Stima, we 
obtain 0d. 37478192 that is the period estimated in [79]. 
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b)

a)

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 13. Periodicities estimation of the U Pegasi (I-DS): a) PSD of the Lomb 
approach; b) PSD of the Stima approach. 
 
3.4 Analysis of simulated AUGER data 

The AUGER cosmic ray observatory is under construction near Malargue 
Argentina   [85].    In   its   final  configuration  it  will  consist  of  an  array of  
1600  water cherenkhov detectors (10 m3 each) distributed over an area of ca. 
3000 km2. The ground based array operates in conjunction with 24 air 
fluorescence detectors, each covering a solid angle of 30°× 30° square degrees. 
At the selected energies, each primary particle produces extensive showers of 
several billions of secondary particles exiting Nitrogen molecules which thus 
emit fluorescence light. The experiment is therefore conceived to study both 
the vertical and horizontal structures of showers produced in the upper layers 
of the atmosphere by very high energy progenitors.  

The COsmic Ray Simulations for KAscade (CORSIKA) software [86] 
was implemented to produce simulated showers taking into account the nature, 
inclination  with  respect  to the    horizon and the energy of the primary particle. 
As  it  can  be  seen  from  Fig. 16  the  showers  expected for different primary  
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Figure 14. Periodicities estimation of the U Pegasi (II-DS): a) PSD of the Lomb 
approach; b) PSD of the Stima approach. 

 

 
 
Figure 15. Periodicities estimation of the U Pegasi Light curve ((II-DS) B observation). 
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Figure 16. Simulated AUGER events obtained with CORSIKA for four types of 
primary particles (p, He, O, Fe) having energy 1018 GeV and vertical incidence. 
 

 
 
Figure 17. Left: SOM similarity coloring map: each hexagon represents a neuron and 
different colors denote different clusters. Right: neurons are labeled using simulated 
data (A=proton; B=Helium; C=Oxygen; D=Iron). 

 
nuclei are discouragingly similar in shape. In order to assess whether NNs 
could be used to disentangle the nature of the primary particles several 
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experiment were performed using both supervised and unsupervised methods. 
In all experiments we used only the information concerning the shower 
longitudinal development in the atmosphere and we made use of 4000 
simulated CORSICA Montecarlo showers referring to vertical primary 
particles of 1018 GeV and four primary particles: p, He, O and Fe (1000 
simulations each).  

The unsupervised experiments were performed using a SOM with 120 
neurons and as labeling set we made use of the 4000 simulated curves 
mentioned above. Each neuron was then attributed to a specific class 
accordingly to the type of event which had activated that neuron more times. 
Results may be summarised as follows: P = 34% success rate, He = 30%, O = 
28%, Fe = 41%.  

The supervised experiments were instead performed using a Bayesian 
MLP and auxiliary sets extracted from the above quoted simulated curves (600 
input for the training set, 300 and 100 for the validation and test sets 
respectively). In order to obtain for each input vector the probability that it 
belongs to a given class, we adopted the SoftMax activation function and the 
Entropy function as error estimator.  

As a first attempt we trained the network on the 6 parameters resulting 
from the model driven fit of the Gaiser−Hillas curves and therefore the 
adopted  MLP  consisted  of  6 input  neurons, one hidden layer with a 
variable number  of  neurons  and 4 output neurons.  Results are  shown in 
the Fig.18.  

From the above preliminary results it is apparent that even in absence of a 
fine tuning of the networks, supervised methods outperform unsupervised 
ones. More extensive testing is therefore needed in order to select the most 
suitable neural model (in terms of architecture, number of input neurons and 
hidden layers, activation and error function etc.). Experiments need also to be 
performed on more realistic simulated data taking into account the noise, the 
uneven sampling and the expected incompleteness of the sampling.  

 
4.  Conclusions 

In this paper we summarised the most relevant properties of the main 
types of NNs used for astronomical applications focusing our attention to those 
models which are most commonly encountered or which were developed 
within the framework of the Astroneural collaboration. Neural Networks turn 
out to be very promising and effective tools for astronomical data mining in 
high dimensionality parameter spaces for a wide variety of tasks: exploratory 
analysis of the data, classification, pattern recognition, data compression. The 
main problems encountered so far, which still prevent a more widespread use 
may be summarised as follows:  
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• NNs tools require to be tailored and optimized on the specific tasks and, at 
least so far, no general, user friendly tool has been yet implemented. This 
obviously restricts their domain of application either to tasks which are 
very demanding in terms of quantity of data to be processed or to tasks 
were the results cannot be properly handled with other, more traditional 
techniques.  

• NN's do not provide a straightforward set of rules and therefore may cause 
some uneasiness to non experienced users who prefer results which may 
be less accurate but are more transparent.  

• Even though in most applications, supervised methods provide better 
results than unsupervised ones, their use is often limited by the problems 
encountered in building significant training/validation/test sets. This 
problem, however, should be greatly reduced in a near future when the 
implementation of the International Virtual Observatory will allow to 
gather large amounts of homogeneous data.  

 
 

 

b) a) 

Figure 18. Results for two MLP (22 hidden neurons, SoftMax activation function). 
Panel a: coniugate gradient optimization algorithm. Panel b: discendent gradient 
optimization function. The diagrams give the distribution among the four types of 
primary particles as obtained after labeling. 
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