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Abstract

Neural networks can be used with good results in particle recognition. An application on 4 GeV CERN experimental data
of e” and 7, taken with the prototype of the silicon tungsten calorimeter of the WIZARD collaboration, is shown. The full
detector is being used for cosmic ray antimatter research. A stochastic preprocessing is used in connection with a neural
network (back propagation algorithm). This preprocessing consists in giving as input to the net the probability, for a given
discriminating parameter value, to belong to a given particle class. In this way the input layer is normalized and the back
propagation algorithm can exploit the relations between different parameters. This results in an increased convergence speed
and recognition capability of the net. With this algorithm a high hadron (7 ™) recognition efficiency (93.6% on experimental
data, 97.1% on Monte Carlo data) and a low electromagnetic contamination (0.1% on experimental data and, 3 X 10™* on

Monte Carlo) is reached.

1. Experimental setup and input data

In this paper the particle discrimination capabilities of a
stochastic preprocessing coupled to a neural network are
shown. The analysis is performed on Monte Carlo (GEANT
3.15) simulated data and on experimental events taken at
CERN (Beam T7N), with a prototype of the WIZARD
silicon calorimeter [1]. The full detector has flown in 1993
from Ft. Sumner, USA and will fly in 1994 from Lynn
Lake, Canada to study the antimatter component of cosmic
rays. We will test a recognition algorithm on a 4 GeV data
set of electrons and negative pions. The silicon calorimeter
prototype consisted of 20 planes of 6 X6 cm? double
sided silicon wafers, each divided in sixteen 3.6 mm wide
strips. Between each plane a tungsten element 0.5 radiation
length thick (0.175 cm) was interposed to provide shower-
ing material. The input data for each event consist thus of
two matrixes (for X and Y view) of N, = 20 by N, = 16
elements. While electrons produce electromagnetic show-
ers (Fig. 2 left) in their interaction with the tungsten, pions
can either release straight tracks (Fig. 2, right, ev. 2) or
hadronic showers (Fig. 2 right, ev. 28, 193, 186). A
recognition algorithm needs therefore to take into account
the different topologies and interactions a particle may
have with the calorimeter.
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2. Particle identification using neural networks

The algorithm used consists mainly in a two-step archi-
tecture (Fig. 1). In the first part a stochastic preprocessing
is performed. This consists of the evaluation of the proba-
bility for each event to belong to a given class (e.g.
electron or pion class), according to discriminating param-
eters such as the total energy released in the calorimeter. In
this phase no class boundaries are manually defined. This
can be considered as a continuous logic approach (known
also as fuzzy logic), opposed to a discrete, or binary logic.
In this way a given event may belong to more than one
class, even though with different probabilities. These prob-
abilities can then be grouped together by a simple product.
With this method a good recognition of the training set is
reached. Besides, the use of topological discriminating
parameters such as those derived by cellular automata
allows separate classification of the three possible classes
of interactions in the calorimeter (straight tracks, hadronic
and electromagnetic showers).

The second step consists in using the single probabili-
ties as input to a neural network (back-propagation algo-
rithm) to improve the classification and reduce the contam-
ination between classes [3]. Through a learning phase, the
net is capable of taking into account correlations among
the different probabilities to obtain better results.

It is important to stress that the process of class mem-
bership definition is performed automatically over a train-

0168-9002 /95 /$09.50 © 1995 Elsevier Science B.V. All rights reserved

SSDI 0168-9002(94)01620-8

IX. NON-ACCELERATOR PHYSICS



372

ing set of events used to estimate the ‘‘fuzzy logic™
distributions and to build the matrixes of the neural net.
The algorithm is therefore divided in two phases:

1) Training phase

a) Two event sets (10° 7~ and an equal number of
electrons) — representative of the behavior of the particles
in the calorimeter — are considered.

b) A number N, of discriminating parameters is de-
fined. They are arranged in N, probability distributions
p (1 <j<N,,, i=e", w ). To directly exploit correla-
tions among them, bidimensional distributions can be used,
but distributions in higher dimension would require an
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excessive amount of memory. In our case the following
arrangement was used:

(1) Total energy (X) E,y, 0o (X) (bidim.);

(2) Total energy (X) E total number of hits (X) (bidim.);

(3) Shower aggregation (X)) (monodim. );

(4) Total energy (Y) E, T (V) (bidim.);

(5) Total energy (Y) E, total number of hits (Y) (bidim.);

(6) Shower aggregation (Y) {monodim.);
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Fig. 1. The algorithm flow-chart.
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Fig. 2. Some experimental events: left — 4 GeV electrons (electromagnetic shower); right —

193, 186, hadronic showers).

4 GeV pions (event 2, straight track), (event 28,
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Fig. 3. Nearest neighbour parameter probability distribution for electrons: P{ ’ (dotted line) and pions: P{™ "’ (continuous line). Note, in
the case of pions, the peak at value of 2 corresponding to straight tracks.
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where:
Nplan: N»mp

E= E,, E,= ) e (1)
p=1 k=1

(e} is the energy released in strip k of plane p);

Tt = Z Op>
p

2
Z’I’=].N‘.mpelp( X, = Xp)

El’

B L. 1.Ns.,ipeipx. )
X, = —
P Ep
Due to the overlap between the distributions, it is difficult
to place classical cuts to keep contamination within accept-
able limits without losing efficiency.

The *Shower aggregation’’ takes into account the dif-
ferent interactions a particle may have in the calorimeter. It
is defined as the average number of nearest neighbour
strips “‘on’” of a strip hit by particles. Each non-boundary
strip (such as those of plane 1 and 20) of the calorimeter
has eight nearest neighbor (n.n) strips. The position of the
strips having an energy above a given threshold determines
the topology of the development of the interaction. Straight
tracks are thus identified by an average number of n.n. of 2
(as is shown in the peak of Fig. 3b), while e.m. showers,
due to their compact nature, have an average of 4.3 (Fig.
3a). Hadronic showers depend on the point of the interac-
tion and their type, but have usually a low n.n. number
(see Fig. 3b).

This discriminating parameter is actually derived from
cellular automata theory. Cellular automata are dynamic
systems whose evolution is determined by local interac-
tions. This kind of technique has been applied in high
energy physics experiments [4] to filter the input data,
removing noise and reconstructing discontinuous tracks.
The application of these algorithms is currently under
study to filter the input data of the calorimeter. In our case,
however, it will be necessary to take into account the
energy released in the calorimeter and use a ‘‘continuous
state automata’ instead of a ‘‘discrete’” more common
one.

(c) For each event the values of the discriminating
parameters are evaluated and, consequently, the corre-
sponding probability P{/' matrixes are updated. In this

Table 1

Particle Monte Carlo data Experimental data
Electron class. eff. 98.2% 94.2%

Electron contam. 0.1% 2.3%

Pion class. eff. 97.1% 95.9%

Pion contam. 0.03% 0.1%

Fig. 4. Probability output for (a) electrons and (b) pions (Monte
Carlo).

phase the membership index j is fixed for a given training
sample.

(d) A second training set is considered. For each event
! the probability p!” to belong class j according to
discriminating parameter i is evaluated according to the
corresponding matrix P{ and given in the input to the
neural network. The input of the neural net consist thus of
2N, input neurons L

(e) The training of the net is performed according to the
recursive equations of the back propagation algorithm [5).
In this phase the matrixes connecting the input to the
output space are defined following an error minimization
algorithm which assumes an a priori knowledge of the
membership of the event considered (supervised learning).
In our case the output space is monodimensional with
o €[0,1], where e =1 and w~ — 0. After the conver-
gence of the procedure the optimal approximation of the
function from #*¥we % is found.

2) Test phase

a) A test set of particles from both classes is consid-
ered. For each event the probabilities p/ are estimated
from the corresponding probability matrixes P;.

b) The probability vector p/ is given in the input to the
neural network. The output neuron of the net provides
classification for the event.

¢) Classification efficiency and contamination can be
varied according to the cut placed in the decision space.

The above procedure was tested on Monte Carlo
(GEANT 3.15) simulated events and on real data taken at
CERN, PS T7N beam [2). In the first case 1.5x 10*
electron and an equal number of pion events were simu-
lated, while 4 X 10> and 7 X 10 pion and electron real
events respectively were used. The training samples con-
sisted of 1000 events per class, since the recognition
capability was constant if the training set size was in-
creased above this number. The results are shown in
Table 1.

' A different training sample is needed in order to avoid biasing
in the probability evaluation due to the same data set used in the
probability matrix estimation.
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Fig. 5. Number of events vs. value of the output neuron for electrons (thin line) and pions (thick line) (4 GeV experimental events).

The results show how a very high classification effi-
ciency can be achieved both in the classification of elec-
trons and pions. On Monte Carlo events a contamination as
low as 3 X 10™* of electrons over pions is reached. The
classification efficiency does not worsen considerably if
experimental events are considered. However the electron
contamination due to pions increases by a factor 20. This
is due to electrons that hit the calorimeter on one side or
superimposed their track to the existing pion track during
the event acquisition. This phenomenon was due to a
partial inefficiency of the trigger and the high beam rate
used during test (this caused also a number of double track
events).

3. Conclusions

The discriminating capabilities of the trigger have been
tested on both Monte Carlo and simulated events. Using a
neural network with a stochastic preprocessing allows us
to have low contaminations and, at the same time, high
classification efficiencies. One of the advantages of this
algorithm is its noise robustness: the automatic definition
of the probability matrixes copes with variations of the
input due to noise which may be cause by broken or

malfunctioning strips. These strips are usually detected and
removed in the off-line analysis phase; with this approach,
however, a very fast event classification — making the
algorithm suitable for an on line ‘‘smart’’ trigger — is
possible.

Another advantage of the preprocessing is that the input
space of the net is normalized. One of the problems of net
convergence is due to the different ranges of the parame-
ters used; if, instead, probabilities are used, a uniform
input is presented.
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