Possibilistic Rings Detection for RICH Pattern Recognition
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Abstract

In this paper we present some results ob-
tained using an algorithm whose core is the
Possibilistic C-Spherical Shell algorithm, to
detect complex images full of rings without
any preliminary knowledge of number and
position of the rings. This algorithm de-
pends on the choice of several critical pa-
rameters. The statistical study described in
this paper lead to high success rates even for
large number of rings.
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1 Introduction

In 2005, the Large Hadron Collider (LHC) at CERN
Geneva will be commissioned. Proton against pro-
ton will collide at an energy of 14 TeV. Four colliding
points will be instrumented. One of the four experni-
ments, LHCb!, is dedicated to the study of CP viola-
tion in the B meson system. CP violation is an ingredi-
ent for the explanation of the matter dominance in our
Universe. LHCb will use various detectors; among
them two RICH counters (Ring Imaging CHerenkov)
which will identify the type of stable charged particles
(m, K, p, # and ) produced in the decay of B mesons.
If a charged particle goes through a dielectric mate-
rial at a speed greater then the speed of light in this
material, photons are emitted at a characteristic angle
0 from the charged particle flypath. The Cherenkov
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relation is given by cos® = 1/(Pn) where P is the ra-
tio of the speed of the particle to the speed of light in
vacuum and n is the index of refraction of the medium.
By a clever arrangement of focusing mirrors, it is pos-
sible to collect and detect the Cherenkov light emit-
ted by the charged particle on a surface where this
light forms rings. The ring diameter is a function of
0. Hence measuring the ring diameter allows measur-
ing P and, assuming that another LHCb detector mea-
sures the momentum of the charged particle, its type
can be derived. The pattern recognition problem in
RICH counters is then to identify an unknown num-
ber of imperfect roughly-circular rings made of a low
number of discrete points in presence of background
points. We also assume that the centers of the rings
are unknown. This last hypothesis is partially realistic
as some of these centers could be provided by another
LHCb detector with finite efficiency. Due to the con-
straints of the problem, distorted circles, partial infor-
mation, background, randomness and a huge number
of image to process, we turn to soft computing algo-
rithms for their robustness, their tolerance to uncertain
configurations and their potentially great processing
speed. In this paper we describe our work in progress
to address this pattern recognition problem. The pro-
posed Possibilistic Rings Detector (PRD) algorithm is
tested on artificial images made of a number of cir-

“cles variable from 10 to 40 (2545 points each) and a

fixed level of background (1%). In a previous work {1]
we estimated the intrinsic robustness of the algorithm
in function of noise level (outliers rate) up to 100%
(which is much higher than expected) and we showed
that the algorithm is very tolerant and robust to noise
level. Here the problem we face is the recognition of
an unknown number of rings whose centers positions
and radii are assumed to be unknown. The PRD au-
tomatically finds both the number of circles and their



position with high precision and efficiency.

2 Possibilistic C-Spherical Shell Algorithm

The core of the PRD algorithm we propose is the Pos-
sibilistic C-Spherical Shell algorithm {2, 3] (PCSS)
that is based on a possibilistic approach to Fuzzy Clus-
tering methods. Moreover, in our case we had to ex-
tend the PCSS to solve some special problems. The
PCSS algorithm searches for prototypes B; consisting
of the couple (¢;,7;), where ; is the center and r; the
radius of the j-th circle. Given a generic point X, be-
longing to a set of ¥ samples, a distance measure from
the prototype can be defined as:

& = (1%~ &l = r)° M

and the objective function iteratively minimized:
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where L is the set of C prototypes, U = [uy] is the
membership values matrix and 1; a parameter rep-
resenting the zone of influence of a cluster. Update
equations can be written for (€;,7;) and uj in order to
minimize the objective function [1].

In particular the update equations for u are:

d?
Ujr = exp (— #Ii) (3)
]

For the 1; parameters, we did not use the original def-
inition given by authors [3], but we introduced an ad
hoc definition for the case of spherical shells detec-
tion. We interpreted the distance of each point from
the center of the clusters (||Xx — &;||) as function of a
radius percentage p (r; £ pr;) and we calculated the
7, values for which the membership value of a point
in a cluster becomes 0.5.

For these values:

1 pr
Ujk = 5 = exXp (—n—j> 4
j
and so 5
P
W =2 )

Tuning the p parameter, we can control the fuzziness
of the clusters.

3 Cardinality and Collapse Criteria

Characteristic of the PRD algorithm is its capability to
find the number of rings without any a priori knowl-
edge. Anyway, an initial overestimated value (Cy,;) is
needed as starting point. In our previous work [1] we
showed that using realistic databases consisting of at
least 10 circles, the algorithm can not find the whole
set of rings in a single iteration. The correct ones are
less than the expected ones and a certain number of
them are completely wrong. To distinguish between
“good” and “bad” circles we introduced the so called
Cardinality Criterion: noisy circles are generally less
densely populated than the good ones and then we can
introduce a threshold (T HRc4rp) in order to automate
the choice. If the cardinality of a circle is greater
than the threshold the ring is accepted, otherwise it
is rejected. Besides that, between accepted rings of-
ten the algorithm finds the same circle redundantly.
A Collapse Criterion is introduced to identify coinci-
dent rings: two rings are identical if their distance in
a three-dimensional space (€;,7;) is less than another
fixed threshold (THRcpr ). At this stage patterns be-
longing to “good” circles have very high membership
values and can be removed from the database by in-
troducing a threshold, the so called a-cut (), in or-
der to clean the database from sample points building
unquestionable rings. In order to find the remaining
rings it is necessary to reiterate the algorithm on the
new “cleaned” database; the number of rings to be
found now depends on the surviving patterns. At each
step the algorithm can find a certain number of cor-
rect circles and at each step the database cardinality
and the number of undetected rings are progressively
reduced. The algorithm ends up when the remaining
patterns are supposed outliers (the number of surviv-
ing samples is less than a fixed threshold THRpy74) or
when the performed iterations reach a maximal value
(STE Py 4x). For the last iterations, a second threshold
smaller than the previous one is needed for the Cardi-
nality Criterion (THR_MIN¢4zp). In fact at this point
the “cleaned” database is just consisting of very im-
perfect circles with holes and arcs that are fragments
of rings already recognized and removed. Note that
our algorithm can infer perfectly valid circles from
points forming partial circles (arcs).
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4 Performances of the PRD Algorithm

The performances of the PRD algorithm depend on
the choice of the cited critical parameters, whose val-
ues can be tuned. In Table ! the whole set of param-
eters to be optimized and their meaning are resumed.
We tested our algorithm on several synthetic databases
consisting of 10, 20, 30 or 40 circles whose radii may
have values between 0.5 and 1. Each circle is made
of 2515 samples and a level of 1% of added random
noise is considered. For each set of critical parame-
ters, we tested the algorithm 100 times. At each new
trial a new database is generated completely random.
No constraint is made on the position of the centers or
on the local density of points. A few circles could be
superimposed. In Figure 1, a database consisting of 40
rings is shown while in Figure 2 the whole set of rec-
ognized circles (after 11 iterations) is superimposed to
the input database. Finally, in Figure 3 a zoom on a
zone particularly full of rings is shown. In a typical
test on 10 circles, 2-3 iterations of the algorithm are
sufficient. 4-5 iterations are necessary on databases
consisting of 20 circles while for the cases of 30 and
40 rings, the necessary steps increase to 5-10 and 10-
15 respectively. It is worth noting that the effective it-
erations performed from the algorithm are more than
the cited ones due to the fact that it could find no
“good” rings (all the cardinalities under threshold) for
a certain number of steps (case of circles densely su-
perimposed or intersecting).

In order to study the dependency of the algorithm per-
formances from the critical parameters, we considered
4 different sets (Table 2). For sets 1 and 2 we did not
test the algorithm on databases consisting of 40 circles
owing to the fact that performances was bad even in
presence of 30. Besides that, the core of the algorithm
(PCSS) performs a certain number of internal itera-
tions until, for two successive iterations ¢ and ¢+ 1
and for each prototype B;:

d(B5,BY) < e (6

We first set € = 0.001 as in Table 2, but we verified that
in very few cases the PCSS did not reach convergence.
Then we decided € to change to 0.01 if the PCSS does
not reach convergence in the first 100 iterations. In
Table 3 the success percentages for the four sets of
parameters are shown. In those cases the algorithm
found exactly the 10, 20, 30 or 40 expected rings.
As we can see, no appreciable difference is evident

65

in presence of 10 circles, but increasing the number of
circles to be found, the performances change consid-
erably and the choice of the parameters becomes very
important.

Figure 2: Final solution after 11 iterations.

5 Conclusion

We have presented results using the Possibilistic
Rings Detector Algorithm, whose core is the Pos-
sibilistic C-Spherical Shell algorithm, to recognize
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Figure 3: Zoom on a zone particularly full of rings.

Table 1: Critical Parameters.

Rings to be found C
Initial circles Cini
Threshold for the cardinality THRcarD
Final thr. for the cardinality THRCARD min
Threshold for the collapse THRcorL
Accuracy in the PCSS [
Threshold for the c.—cut a
Influence region of prototypes P
Minimum number of samples THRpaTA4

| Maximum allowed iterations STEPy4x

rings on images without any preliminary knowledge
of number and position of the rings. These rings are
roughly circular, built with discrete points and noise
randomly scattered in the image. The PRD algorithm
has been shown very powerful in detecting complex
images full of circles. Besides that, the rings are not
requested to be complete, only arcs are sufficient to
recognize the underlying rings. This automatically
solves the realistic problem of half circles mentioned
in the introduction while the fuzziness included in
the algorithm adds tolerance to the imperfect circular
rings. The PRD algorithm depends on the choice of
several critical parameters, whose values can be easily
tuned. A statistical study on the performances of the
PRD algorithm tuning the set of parameters showed
that it can be optimized and that the performances can

Table 2: Critical Parameters sets.

| | Set1 | Set2 | Set3 | Set4 |
Cini 3xC | 3xC | 3«C | 3xC
THRcarD 15 15 15 18
THRCARD min 5 10 10 7
THRcorL 0.001 | 0.001 | 0.001 | 0.001
€ 0.001 | 0.001 | 0.001 | 0.001
o 096 | 096 | 0.96 | 0.96
J4 0.1 0.1 0.1 0.1
THRpaT4 10 10 10 10
STEPyax 15 15 30 50

Table 3: Success Percentages

C [ 10] 207 30 40
Set1 ]| 96% | 71% | 19%
Set2 | 99% | 85% | 54%

Set3 | 99% | 92% | 72% | 43%

| Setd | 99% | 97% | 88% | 73%

be dramatically improved. Currently we are studying
the application of the PRD algorithm to LHCb simu-
lated RICH ring.
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