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Abstract
In this paper we propose a particle classiﬁcation system for the imaging calorimeter of the PAMELA satellite-borne
experiment. The system consist of three main processing phases. First, a segmentation of the whole signal detected by
the calorimeter is performed to select a Region of Interest (RoI); this step allows to retain bounded and space invariant
portions of data for the following analysis. In the next step, the RoIs are characterized by means of nine discriminating
variables, which measure event properties useful for the classiﬁcation. The third phase (the classiﬁcation step) relies on
two diﬀerent supervised algorithms, Artiﬁcial Neural Networks and Support Vector Machines. The system was tested
with a large simulated data set, composed by 40 GeV/c momentum electrons and protons. Moreover, in order to study
the classiﬁcation power of the calorimeter for experimental data, we have also used biased simulated data. A proton
contamination in the range 104–105 at an electron eﬃciency greater than 95% was obtained. The results are adequate
for the PAMELA imaging calorimeter and show that the approach to the classiﬁcation based on soft computing techniques is complementary to the traditional analysis performed using optimized cascade cuts on diﬀerent variables.
 2004 Elsevier B.V. All rights reserved.
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1. Introduction
A typical modern experimental apparatus in
high energy physics and particle astrophysics pro*
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vides digitizations of the pattern of tracks generated by high energy collisions. After a phase of
online selection of good events, performed by a
real time trigger, a sample of events of given properties is selected and then physical variables are
measured. The amount of high complex information contained in each event is often too large
to allow an unambiguous, eﬃcient and robust
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classiﬁcation by means of simple statistical
analysis. For this reason, there has been growing
interest in applying techniques from pattern recognition to oﬀ-line classiﬁcation of high energy particles in physics experiments, to improve signal/
background discrimination [1–4]. Given a set
of events e 2 E, a pattern recognition system
must deﬁne an allocation function m : e 2 E !
f1; 2; . . . ; kg, so that m(e) is the class label and k
the total number of event classes. The aim of the
pattern recognition system is to select, among all
possible allocation functions, the one performing
the smallest classiﬁcation error rate, i.e. the percentage of events which are assigned to a wrong
class [5].
Payload for Antimatter Matter Exploration and
Light-nuclei Astrophysics (PAMELA) is a satelliteborne experiment devoted to investigate the matter
antimatter symmetry of the Universe and other cosmological topics through precise cosmic ray measurements [6]. The primary aims of the experiment
,
include measurements of the energy spectra of p
e+ and light nuclei in the cosmic radiation. The
experiment will be performed on-board of the Russian Resurs-DK1 satellite, which will be launched
into space in 2005. Three years of data collecting
are expected. The apparatus is composed of:

The PAMELA calorimeter will allow discrimination between electromagnetic, hadronic showers
and non-interacting particles. This means that the
problem of extraction of signal from background
is highly relevant the PAMELA calorimeter. In
this work a particle classiﬁcation system based
on soft computing techniques is proposed for the
PAMELA calorimeter.
We will start by describing the imaging calorimeter data and then the particle classiﬁcation system
in Sections 2 and 3. Supervised algorithms used in
this study are reviewed in Section 4. In Section 5
we present the application to simulated data and
the test results. We draw our conclusions in Section 6.
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• a permanent magnetic spectrometer, equipped
with a silicon microstrip tracking system, which
will determine the charge of the particles;
• a scintillator anticoincidence system, which will
reject particles out of the acceptance range of
the spectrometer;
• a scintillator time-of-ﬂight system which will
provide the trigger and low energy particle
identiﬁcation;
• a transition radiation detector, an electromagnetic calorimeter and a neutron detector which
will perform the particle identiﬁcation;
• a shower tail catcher scintillator located below
the calorimeter to detect particles escaping from
it and to provide an additional trigger for high
energy (P100 GeV) electrons.
The apparatus, shown in Fig. 1, is approximately 1.3 m high, has a mass of 450 kg and a
power consumption of about 350 W.
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1.3 m

TOF (S3)
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Fig. 1. A schematic view of PAMELA apparatus: the magnetic
spectrometer, equipped with a silicon microstrip tracking
system, is complemented by a three-planes scintillator time-ofﬂight system, a transition radiator detector and a silicontungsten calorimeter. The magnetic spectrometer is surrounded
by a scintillator anticoincidence system.
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2. Imaging calorimeter data
In this paper we propose a particle classiﬁcation
system for the imaging calorimeter of the PAMELA experiment. The calorimeter [7] is a sampling
detector composed of 11 modules, each formed
by two series of: single-sided silicon plane (X
view), tungsten absorber, single-sided silicon plane
(Y view) for a total number of 44 silicon layers and
22 absorber layers. Nine 8 · 8 cm2 silicon detectors
are placed in each silicon layer for a total area of
24 · 24 cm2. The calorimeter has high granularity
both in the longitudinal (Z) and in the transversal
(X and Y) directions. In the Z direction the granularity is determined by the thickness of the absorber layers; each tungsten layer is 0.26 cm thick,
which corresponds to 0.74X0 (radiation lengths).
Since the tungsten layers are 22, the total depth
of the calorimeter is 16.3X0, which is not enough
to fully contain the high energy electromagnetic
showers, but is able to allow an accurate topological reconstruction of the shower development.
The transverse granularity is provided by the segmentation of the silicon detectors into 32 large
strips with a pitch of 2.4 mm. Each of the 32 strips
of a detector is connected to those belonging to the
other two detectors of the same row (or column)
forming 24 cm long strips. The number of electronics channel per plane is 32 · 3 · 2 = 192, while the
total number of channels is 192 · 22 = 4224. These
technical characteristics make the calorimeter a
very powerful particle identiﬁer detector: due to
its high granularity the calorimeter is particularly
suitable for reconstructing the spatial development
of a shower-event. Indeed, it has been designed to
extract the antiproton/positrons signal from the
large background generated by the electron/proton
ﬂux. The expected background contamination for
this detector is of the order of 104 for p/e+ and
/e measurements at a signal eﬃciency of 95% [7].
p

Fig. 2. Scheme of the classiﬁcation system: the diﬀerent steps
(sensing, segmentation, feature extraction, classiﬁcation, postprocessing) allow to take the decision starting from the data
detected from the calorimeter.

3. The classiﬁcation system

segmentation isolates the block of a ﬁxed number
N of consecutive silicon planes having the maximum number of hit strips. We named Sm the
sum of all hit strips over the N planes. As expected,
by plotting Sm vs N, a plateau was found in a
neighborhood of N = 10: for this reason N = 10
was ﬁxed. In this way a bounded and space invariant Region of Interest (RoI), containing the relevant features for each event, is selected.
The feature extractor builds up a set of nine discriminating variables which measure event properties useful for the classiﬁcation. The set of nine
discriminating variables is the following:

The goal of the classiﬁcation system is to identify electromagnetic and hadronic showers. The
presently proposed system is partitioned into components shown in Fig. 2. After the sensing step the

•
•
•
•

total
total
total
total

energy released in the RoI;
energy released outside the RoI;
number of hit strips in the RoI;
number of hit strips outside the RoI;

434

R. Bellotti et al. / Astroparticle Physics 22 (2005) 431–438

• total energy released in a cylinder of 1 Moliere
radius around the track direction in the RoI;
• total energy released in a cylinder of 1 Moliere
radius around the track direction outside the
RoI;
• total number of hit strips in a cylinder of 1
Moliere radius around the track direction in
the RoI;
• total number of hit strips in a cylinder of 1
Moliere radius around the track direction outside the RoI;
• total energy released in the plane of maximum
interaction, i.e. having the higher energy
deposit.
For experimental data the track direction will
be obtained by means of the tracking detector,
whereas in our study it is set by the simulation.
Fig. 3 shows the energy deposited in a cylinder
of 1 Moliere radius around the track direction and
in the RoI for electrons and protons, whereas Fig.
4 shows the energy deposit in the RoI vs. the energy deposit outside the RoI for the whole data
set: two separable regions are evident and correspond to protons and electrons.
After the feature extraction phase the data are
classiﬁed by means of two diﬀerent supervised
algorithms:

Fig. 4. Energy deposit in a cylinder of 1 Moliere radius around
the track direction and outside the RoI vs. energy deposit in a
cylinder of 1 Moliere radius and in the ROI. Two separable
regions are evident and correspond respectively to electrons
(empty circle) and protons (full circle).

• Artiﬁcial Neural Networks (ANN);
• Support Vector Machines (SVMs);
In this phase the supervised methods are used
for a ﬁne discrimination between electromagnetic
and hadronic showers.
4. The Classiﬁcation phase
4.1. Artiﬁcial neural networks

Fig. 3. Energy deposit in a cylinder of 1 Moliere radius around
the track direction and in the RoI for electrons and protons.

As supervised algorithms we have used standard multi layered neural network (ANN) [5] and
the Support Vector Machines (SVMs) [8]. Let us
consider a two layered feed-forward perceptron
[9]. The input layer has 9 neurons according to
the dimension of the feature space; the hidden
layer has a number of neurons varying from 2 to
10 and the output layer has only one neuron
which, in the training phase, is set to 1 when signals are submitted to the network and to 0
otherwise.
The output Vi of each neuronPis a sigmoid
transfer function of its input ui ¼ j wij V j where
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the sum is taken over the outputs of the previous
layer:
V i ¼ gðui Þ ¼

1
:
1 þ ebui

ð1Þ

The weights are updated according to the gradient
descent learning rule with momentum [9]:
¼ g
Dwnew
ij

oE
þ aDwold
ij
owij

where the error function
1X l
2
E¼
½f  Ol ;
2 l

ð2Þ
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oﬀ between margin and misclassiﬁcation error is
controlled by a positive constant parameter C that
has to be chosen beforehand. In this case it can be
shown [11] that the solution to this
PN problem is a
linear classiﬁer f ðxÞ ¼ signð i¼1 ki y i xT xi þ bÞ
whose coeﬃcients ki are the solution of the following Quadratic Programming (QP) problem:
Minimize:
1
W ðKÞ ¼ KT 1 þ KT DK
2

ð3Þ

is a measure of the distance between the network
outputs Ol and the target patterns fl = 1,0 respectively for signal and control data. At each iteration
the error function reduces until a minimum is attained, which may be a local or a global one.
The second term in (2), the so called momentum
term [10], represents a sort of inertia which is
added in order to let the weights change in the
average downhill direction, avoiding sudden oscillations of the wij around the minimum: this term
allows the network to reach the solution more
quickly. The network parameters we have used
are: learning rate g = 0.01, momentum parameter
a = 0.1–0.3 and gain factor b = 1.
4.2. Support vector machines
In this section we brieﬂy sketch the SVMs algorithm and its motivation. We start from the simple
case of two linearly separable classes. We assume
N
that we have a data set fðxi ; y i Þgi¼1 of labelled
examples, where yi 2 {1,1}, and we wish to determine, among the inﬁnite number of linear classiﬁers that separate the data, the one that has the
smallest generalization error. Intuitively, a good
choice is the hyperplane that leaves the maximum
margin between the two classes, where the margin
is deﬁned as the sum of the closest distances of the
hyperplane from the closest point of the two
classes.
In the case of two non-separable classes we can
still look for the hyperplane that maximizes the
margin and minimizes a quantity proportional to
the number of misclassiﬁcation errors. The trade

ð4Þ

Subject to the following constraints:
KT y ¼ 0

ð5Þ

K  C1 6 0

ð6Þ

K 6 0

ð7Þ
y i y j xTi xj .

where (K)i = ki, (1) i = 1 and Dij ¼
It
turns out that only a small number of coeﬃcients
ki are diﬀerent from zero, and since every coeﬃcient corresponds to a particular data point, this
means that the solution is determined by data
points associated with non-zero coeﬃcients. These
points, called support vectors, are the only ones
which are relevant to the solution of the problem:
all the other data points could be deleted from the
data set and the same solution would be obtained.
Intuitively, the support vectors are the data points
that lie at the border between the two classes.
Their number is usually small, and Vapnik showed
that it is proportional to the generalization error of
the classiﬁer [12].
Since it is unlikely that any real problem can
actually be solved by a linear classiﬁer, the technique has been extended in order to allow for
non-linear decision surfaces. This is easily done
by projecting the original set of variables x in a
higher dimensional feature space: x 2 Rd) z(x) =
(/1(x),. . .,/n(x)) 2 Rn and by formulating the linear classiﬁcation problem in the feature space.
The Psolution will have the form f ðxÞ ¼
signð Ni¼1 ki y i zT ðxÞzðxi Þ þ bÞ, and therefore will
be nonlinear in the original input variables. At
this point one has to face two problems: (1) the
choice of the features /i(x), which should be
done in a way that leads to a rich class of decision
surfaces; (2) the computation of the scalar product
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zT(x)z(x i), which can be computationally prohibitive if the number of features n is very large. A possible solution to these problems consists in letting
n go to inﬁnity and make the following choice:
pﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃ
zðxÞ ¼ ð a1 w1 ðxÞ; . . . ; ai wi ðxÞ; . . .Þ
ð8Þ
where ai and wi are the eigenvalues and eigenfunctions of an integral operator whose kernel K(x,y) is
a positive deﬁnite symmetric function. Having this
choice the scalar product in the feature space becomes particularly simple because:
1
X
zT ðxÞzðyÞ ¼
ai wi ðxÞwi ðyÞ ¼ Kðx; yÞ
ð9Þ
i¼1

where the last equality comes from the Mercer–
Hilbert–Schmidt theorem for positive deﬁnite
functions. The QP problem that has to be solved
now is exactly the same as the previous one, with
the exception that the matrix D has now elements Dij = yiyjK(xi,x j). As a result of this choice,
the P
SVM classiﬁer has the form f ðxÞ ¼
N
signð i¼1 ki y i Kðx; xi Þ þ bÞ. Many choices of the
kernel function have been proposed and employed
in several applications, for example the polynomial kernel of degree m has the form
K(x,y) = (1 + x Ty)m, whereas the RBF Gaussian
kernel is K(x,y) = exp( kx  yk2).
5. Application to simulated data and test results
It is well known that the experimental data can
be diﬀerent from the data used for the learning
phase of the classiﬁcation system. For this reason

it is particularly useful to consider classiﬁcation
systems with a very high generalization power.
We analyzed this important topic by: (i) testing
two diﬀerent supervised algorithms; (ii) using validation data, which simulate experimental data
with diﬀerent behavior respect to the training data
(biased data).
This study has been performed using a data set
obtained by means of CERN-GEANT 3.21 oﬃcial collaboration simulation code GPAMELA release 4.01 [13]. The data set used for this study is
composed of 5 · 105 electrons and 5 · 105 interacting protons with a momentum of 40 GeV/c,
with the PAMELA electromagnetic calorimeter
reproduced in the simulation as in the ﬁnal ﬂight
version.
The selected learning data set is composed of
8 · 103 electrons and 8 · 103 protons and used
for the training of the classiﬁcation systems. A validation set composed of the remaining same
amount (4.92 · 105) of electrons and protons is
used for the performance estimate. Moreover three
additional diﬀerent data sets, obtained from the
validation data set, have been used. They have
been generated by introducing a random bias
in the original data set up to the 10%, 20%
and 30% of the original value. If xi(i 2 {1 . . . N})
are the N unbiased original data points, each represented by 9-dim vectors, the biased yi data points
have been obtained randomly shifting them one by
one around the original value up to ±10%, ±20%
or ±30%, i.e. yi = xi + xisi Æ p, where ri 2 [1,1] is
randomly extracted and p = {0.1, 0.2, 0.3}.

Table 1
Comparison among electron/proton discrimination capabilities by means of ANN and SVMs for unbiased and biased validation data
Technique

Validation

Proton contamination · 105 at
93%

Proton contamination · 105 at
96%

ANN
ANN
ANN
ANN

Unbiased
Bias 10%
Bias 20%
Bias 30%

1.5 ± 0.6
2.0 ± 0.7
1.5 ± 0.6
1.52 ± 0.7

3.3 ± 0.8
3.3 ± 0.8
3.5 ± 0.9
3.5 ± 0.9

SVMs
SVMs
SVMs
SVMs

Unbiased
Bias 10%
Bias 20%
Bias 30%

0.4 ± 0.3
1.7 ± 0.6
5.2 ± 1.1
19.5 ± 2.1

1.74 ± 0.6
4.8 ± 1.0
15.7 ± 1.8
69.6 ± 3.9

The performance indicator is the proton contamination at electron eﬃciency 93%, 96% and 99%.

Proton contamination · 105 at
99%
25.7 ± 1.9
28.0 ± 2.5
18.5 ± 2.0
18.6 ± 2.0
11.7 ± 1.6
15.6 ± 1.8
70.9 ± 3.9
524.3 ± 10.6
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The results obtained are shown in Table 1. The
electromagnetic and hadronic showers detected by
the calorimeter can be distinguished, using the particle classiﬁcation system here proposed, with a
signal greater than 95% and a background contamination in the range 104 to 105.
We can make further considerations: the system
based on SVMs assures the higher classiﬁcation
performances. Similar results can also be obtained
by means of ANN and the Fisher linear discriminant (FLD) [14] (see Fig. 5).
In the hypothesis of experimental data diﬀerent
from the data used for the learning phase of the
classiﬁcation system, system based on support vector machines or FLD appear less adequate. Indeed, in this case the classiﬁcation power of
ANN is very stable also with 30% biased data, as
shown in Table 1. These results show the trend
of SVMs and FLD to overﬁt data. Moreover,
the performances obtained with ANN using biased
data are better than the results obtained with SVM
or FLD. Fig. 6 shows the results obtained on 30%
biased data using all the three methods.
It is worth pointing out that, in all cases, the
performance obtained by classifying the data of
the imaging calorimeter with the particle classiﬁca-
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Fig. 6. Proton contamination vs. electron eﬃciency on biased
data up to 30%: SVMs (circle), ANN (square) and FLD
(triangle).

tion system proposed here, are appropriate for the
speciﬁc requirement of the PAMELA experiment.

6. Conclusions

Fig. 5. Proton contamination vs. electron eﬃciency on unbiased data: SVMs (circle), ANN (square) and FLD (triangle).

We have presented a particle classiﬁcation system for the imaging calorimeter of the PAMELA
experiment. The results show that the system can
provide an accurate and eﬃcient selection of electromagnetic and hadronic showers. In particular,
diﬀerent classiﬁcation algorithms have been tested,
on unbiased and biased data sets. Artiﬁcial neural
networks gives the best performances and seem to
be more stable than support vector machines. In
both cases the particle classiﬁcation system gives
a proton contamination in the range 104 to
105 with an electron eﬃciency greater than 95%.
The results appear signiﬁcantly good for the the
application of the particle classiﬁcation system to
the PAMELA satellite-borne experimental data
and suggest a complementary use of these strategies together with the traditional cascade cuts
analysis, which require a more complicated elaboration step for the choice and the tuning of cut
combinations. Methods like SVMs and ANN have
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the great advantage, once trained, they provide an
immediate classiﬁcation.
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