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Abstract. One of the problems in the analysis of nucleus-nucleus collisions is to get information on the value of the impact 
parameter b through the knowledge of some features of each event. The experimental values of Z, transverse energy and 
multiplicity of fragments are good candidates to get hints on the values of b. Motivated by this consideration, this work 
consists in the application of pattern recognition techniques aimed at associating values of b to groups of events. To this end, a 
support vector machine (SVM) classifier is adopted to analyze multifragmentation reactions. This analysis consists of mainly 
two different steps. In the first one, known as the training phase, SVM learns how to discriminate between peripheral, semi-
peripheral and central reactions. These examples are taken from a large number of events generated with classical molecular 
dynamics (CMD) and heavy ion phase-space exploration (HIPSE) models for each value of b. In the second one, known as 
the test phase, what has been learned is tested on new events generated by the same models. Our tests demonstrate that, by 
following this approach, central, semi-peripheral and peripheral reactions are correctly classified for about 85% of the cases. 
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INTRODUCTION 

Experimental heavy-ion collision data become more and 
more difficult to analyze without the help of theoreti­
cal calculations and new data analysis tools. For exam­
ple, the knowledge for each event of the impact param­
eter value b is very important since it is strongly corre­
lated to the violence of the reaction. Unfortunately, its 
experimental event-by-event extraction is still difficult to 
achieve. Up to now, the only way to achieve the value of 
b, is by analyzing the correlation between a single ob­
servable and the violence of the collision. Some observ-
ables can be charged particle multiplicity, transverse en­
ergy, etc. However, all these single observable methods, 
which are relatively efficient for peripheral reactions, fail 
for central collisions due to the saturation of the consid­
ered observables in the energy range between 20 and 100 
AMeV. 
The purpose of this paper is to approach this problem 
differently, namely, by applying pattern recognition tech­
niques [1, 2]. Our goal is to discriminate objects that be­
long to different classes, by means of the knowledge of 
several observable characteristics of each event, i.e, fea­
tures. Classes are represented by nuclear reactions aris­
ing from different values of the impact parameter b. A 
pattern is a pair of variables {X,y}, where X is a col­
lection of observations or features and y is the label that 
represents the class to which the event belongs. 
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FIGURE 1. Left: the support vector machine training phase. 
Right: the support vector machine test phase. For sake of sim­
plicity the case with only two classes is shown. 

SVM ON CMD AND HIPSE MODELS 

Let us suppose that some samples {Xi,yi}, /' = l,...,d 
taken from some data distribution are given: 

• yt G {1,2} are the labels representing the class 
membership of each sample, 

• Xj G Rd are the features characterizing each sample. 

In order to discriminate between different classes of ob­
jects we use the support vector machine (SVM) classifier. 
This algorithm is based on two main phases (see Fig.l). 
In the first one, known as the training phase, SVM finds 
the hyperplane W -X + b = 0 that maximizes the mar­
gin between the classes (see left of Fig. 1). In the second 
one, known as the test phase, once SVM has been trained, 
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each new sampleX is classified according to: 

f(X) = sign IX OQ>tK{X,Xt) +b\, (1) 

where f(X) represents the class to which the objects be­
long, while K{X,Xt) = (yX -X + r)d is known as the 
polynomial kernel of degree d (see right of Fig.l). This 
last one is very important because it determines the de­
gree of hyperplane used in order to maximize the margin 
between different classes. 

We apply the SVM of 3rd degree (SVM-3) on the 
classical molecular dynamics (CMD) model and on the 
heavy ion phase-space exploration (HIPSE) model [3, 4, 
5] data for the following reaction: 

Ni58+Ca48 at 25 AMeV 

In CMD and HIPSE model we have chosen the impact 
parameter b from 0.5 fm to 10 fm with a step of 0.5 fm, 
following a triangular distribution. For each event gener­
ated by CMD and HIPSE we have chosen some of the 
global observables, like the charged particle multiplicity 
(Nc), transverse energy (Et), the biggest fragment (Zbig), 
the number of intermediate mass fragments with Z > 3 
(Nimf), the 0-th, 1st, and 2nd moment of the charge dis­
tribution and the total parallel momentum along the beam 
axis (qz), the total charge (Ztot) and the velocity along 
the beam axis of the biggest fragment (VZbig). For CMD 
and HIPSE output data we used the same filter in order 
to simulate the experimental apparatus CHIMERA [6] 
and we selected for subsequent analysis the events with 
Nc> 2, as in the experimental case. 

RESULTS 

The classification accuracy is defined as the number of 
objects correctly classified over the total number of ob­
jects. We have done many tests on our model's data in 
order to understand which was the best combination be­
tween the training and test data that could better repro­
duce the experimental data. In other terms, we used five 
different approaches: the first analysis was to apply the 
SVM-3 on CMD data, some of this data is used for the 
training phase while on the remaining part we checked 
the classifier accuracy (test phase). In this case we ob­
tained, with a separation in 3-classes, a global accuracy 
of 89.91%. We called the first class central collisions 
(from 0.5 fm to 3.5 fm), the second class semi-peripheral 
collisions (from 4 fm to 6.5 fm) and the third class pe­
ripheral collisions (from 7 fm to 10 fm). In the second 
case we applied the classifier on HIPSE model data in 
the same way as CMD and we had a global accuracy 
of 80.97%, just a little bit less than CMD. It depends 

x 1 0« CMD+H IPSE data with 3-classes x 1Q4 SVM-3 on CMD+HIPSE data 

FIGURE 2. Classification of b in 3 different classes. Learn­
ing on CMD plus HIPSE data and test on CMD plus HIPSE 
data with SVM-3. Global accuracy of 84.78%. 

on the different structure of the interaction potential V. 
In this way we developed the learning phase of SVM-
3 on CMD (HIPSE) data and then we checked it on 
HIPSE (CMD) data output obtaining a global accuracy 
of 71.91% (78.09%). The most important result is the 
case in which we took for the learning phase a dataset 
with a part of CMD data output plus a part of HIPSE data 
output, while on the remaining part of both we checked 
the SVM-3 accuracy obtaining a value of 84.78%, as 
is shown in Fig.2. This combination between the CMD 
and HIPSE data could be the most similar compared to 
the experimental data. In conclusion, pattern recognition 
analysis is a good and new approach to extract the impact 
parameter value from the CMD (HIPSE) model data by 
using many features at the same time. With respect to 
traditional methods, this technique also works well when 
used to discriminate central collisions. Furthermore, by 
means of the training phase that is an adaptable process, 
it will be possible to apply it on the experimental data [7] 
measured by the Nuclex-collaboration [6]. This will be 
object of study in the near future. 
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