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Calibration of RPC-based muon detector at BESO *
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Abstract The calibration algorithm for RPC-based muon detector at BESO has been developed. The
calibration method, calibration error and algorithm performance are studied. The primary results of e ciency
and noiseat layer, module and strip levelshave beencalibrated with cosmicray data. The calibration constants
are available for simulation and reconstruction tuning. The results of Monte Carlo and data are also compared
to chedk the validation and reliabilit y of the algorithm.
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1 Intro duction structed and gone into the commissioning phase at
BEPCI I [1], the upgradede* e collider with peaklu-

BESO , a new spectrometer for the challenging ~ minosity up to 10° cm ?s * in Beijing. The Resistive
physicsin the tau-charm energyregion, hasbeencon-  Plate Chambers(RPCs) have beenusedin the BESO
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muon counter (MUC). TheseRPCs are madeof anew
type of bakelite material with melaminetreatment in-
stead of linseed oil treatment [2]. The BESO muon
courter will mainly contribute to the distinguishing
muons from hadrons, especially the pions. It is de-
signedto be with e ciency up to 95%, spacial res-
olution better than 20 mm and run in the streamer
mode with gasmixture of argon:F134a:iso-butane=
50:42:8.

The most notable character of RPC running in
streamermodeis the big signal (hormally > 100mV).
Thus the e ciency, noise (e.g., noise ratio, count-
ing rate, dark current) and spacial resolution are the
main performancesconcerned. It's well known that
the resistivity of the bakelite electrodes plays an im-
portant role in the RPC performance. Unfortunately,
the resistivity is very sensitive to the ervironment
factors, such as the temperature and humidity, so
is the RPC performance[3]. RPC performance also
has direct relations with the operation parameters,
e.g., high voltage, threshold, gas mixture, radiation
badkground, and soon. Furthermore, the production
techniques also can not ensure that every chamber
hasthe sameperformanceand long-term stability. In
brief, the RPC performancewill vary from chamber
to chamber and from time to time, that is just the
necessiy of calibration, especially for the e ciency
and noise.

2 Calibration algorithm

2.1 Calibration parameters

Sofar, the quantitativ e relationships betweenthe
performancesof RPC running in streamer mode and

their in uence factors are not very clear and still un-
der study. However, the real e ciency and noise can
still be analyzedand calibrated at di erent levelsac-
cording to the MUC detector structure.

As listed in Table 1, the e ciency, courting rate
and noise ratio of eadt strip can be calibrated at
Level 2, which is consideredto be ne enough for
the simulation and reconstruction. It is also helpful
to calculate the e ciency and noise at the highest
pad level, which cano er two dimension (2D) perfor-
mancemaps. In our case,however, a pad is an areaof
strip width squarein onestrip divided by reconstruc-
tion, but not a real detection unit with independert
readout channel (named \pad readout") that can be
built in simulation. So the results at the pad level
are only usedfor performance monitoring and prob-
lem locating.

Table 1. Calibration parameters at di erent levels
e cnt/nosratio

level&unit (%) /(Hz/cm 2) number
0 layer 0 100 0 2=1 9

1 module 0 100 0 2=1 136

2 strip 0 100 0 2=1 9152

3 pad 0 100 0 2=1 559910

2.2 Calibration metho d

The calibration is basedon the matching of hits
and tracks in a given window. Fig. 1 shows the de-
tails. For ead track passingthe selection, a loop is
started to seard the e ectiv e hit, fail hit and noise
hit at eat expected position of this track one by one.
A crucial parameter in this processis the e ciency
window (i.e.,! ), which signicantly inuences the
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Fig. 1.

The de nitions of calibration parameters.



346 Chinese Physics C (HEP & NP)

Vol. 34

calibration result and should be chosen reasonably
according to the cluster size distribution and recon-
struction quality. Suppose n is the id of the strip
closestto the expected position, the matching range
will be n !. The searding result includes three
cases:1). No strip is red within the window, then
strip n is regardedasdetection failure. 2). Strip n or
n i(i6!)is red, then strip norn i isregarded
as detection success. 3). At the samesegmen and
layer with strip n, the strip kis red and jk nj>1,
then the strip k is deemedto be with a noise hit, no
matter whether it is a real noisehit or an incident hit
of this track.

Then the e ciency and noiseratio can be calcu-
lated by Eqg. (1).

w o M _ Pi. — 019\

i = E' ry = q—i, (1=0;1,2); (1)
where, "; and r; are the e ciency and noise ratio
of unit i at Level I, m; and n; indicate the number
of e ectiv e hits and tracks in this unit respectively,
pi and g; indicate the number of noisehits and red
digis respectively. In fact, if the calibration level is
setas 2, then ", and r; (L < 2) can be also calcu-
lated by Eq. (2), i.e., the averagevalue of all strips
belongingto unit i at level L.

K Kui
L = é "oy Tu = é ry;(L=01); (2)

j=0 j=0

where, S; is the number of strips belongingto unit i
at Level L. This will causea little di erence from For-
mula 1, but more accurate. If the statistics is enough,
they are almost the same.

As for the courting rate, it can be analyzed by
the random trigger data. Supposethe trigger rate is
fran (HZ) with time window T4 (ns), and n, everts are
acquired, then the counting rate can be calculated by:

dIi
n eTtrg A li

where, d; and A; are the number of digis and area
(cm?) of the unit i at Level |, respectively.

Except the generalway to simulate the noise by
mixing noise data, the noiseratio and courting rate
are the new approaches and more suitable for the
RPC-based muon detector. In addiction, the dark
current and spacialresolution are alsoimportant, but
both can not be usedin the simulation, so they will
not be consideredin the calibration. For the former,
it is monitored and recordedby the slow cortrol sys-
tem, and for the latter, it isthe sigmaof track residual
distribution, which should be gaussianand vary with
layer.

G = 10° Hz=em?*;(1= 0;1;2); (3)

By applying the 3 cut method to the residual
distribution layer by layer, the e ciency at layer level
canalsobe calculated. In this way, the distribution is
tted by gaussian,and the unred residual (set as a
big number) at a layer must cortribute to the distri-
bution of this layer. In fact, if the e ciency window
is chosenas a reasonablevalue, the results by both
ways should be very similar.Currently, the di erence
is < 3% and will be improved.

2.3 Data ow

The calibration algorithm, named MucCalibAlg,
is deweloped with C++ in the BESO Oine Soft-
ware System(BOSS) [4], which is basedon the Gaudi
framework and Geant4 simulation tookit. The data
ow is illustrated in Fig. 2. The precondition of cal-
ibration is the reconstruction, which is done by the
MucRecAlg algorithm [5]. The MucRecAlg o ers the
expected tracks collection, attached hits collection
and can be run in dierent modes, such as extrap-
olation, self-reconstruction, and combined modes.
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no
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| |

| |
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| |

3
fill histograms
[

| calculate efficiency and noise |

.
analyse clusters |
¥

| save constants and histograms |

Fig. 2. The data ow of calibration algorithm.

For each ewert, rstly, the collections of digis
(hits), expected tracks and attached hits will be re-
trievedfrom the Transient Data Store(TDS), then the
event needto passthe selectionand ched, which can
be con gured accordingto the data typesand physics
requiremerts. The key processesn the calibration
include clusters building, tracks analyzing and e ec-
tive and noise hits seardiing. All parameters will
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be calculated or tted in the nalized module and
saved to constart le in ROOT format. The calibra-
tion constart les will be organizedand managedby
the BESO calibration database. The MUC simula-
tion and reconstruction algorithms accesghe calibra-
tion constarts via MucCalibConstSvc. The MucCal-
ibConstSwvc gets the constarts from BESO calibra-
tion service, which has the direct interface with the
calibration constart database.

3 Algorithm  study

3.1 Calibration error

According to the calibration method described
above, the e ectiv e and noise hits obey the binomial

distribution, which givesthe error as:
s

_ P op), _
pi T' (p_

N 1=012);  (4)
where n; is the number of tracks or hits. Eq. (4)
implies that the error reaches the maximum when
pi = 0:5. For RPCs with 90%e ciency (consenative
estimate), the number of good tracks must be greater
than 800 if the error is neededto be lessthan 0.01,
asshown in Fig. 3. This requiresabout 0:63 M

_ 800 1280(MaxStrip_In_4 )
T2 0:9(4 ) 09(e )
good dimu events to ensurethe precision. While cor-
responding to Eg. (2), the error of level 0 and 1 also
can be calculated by :
S %

; (p="rL=01); (5

2
p2j ?

N

PLi
=0 <S
where, S; is the number of strips belonging to unit
i at Level L.

40

35 '—0'330 - eff<0.9900>
b ".’30 5 o eff<0.9500>

30 2 %, 5 = €ff<0.9000>
% % & eff<0.8500>

25 kW, -+ ff<0.8000>

02 0.4 0.6 0.8 1.0-s ¢ff<0.7000>
v- eff<0.6000>

fFici
ettieiency - eff<0.5000>

Yy 00
AAAAAAA
AAAAAA
AAAAA

statistics in strip (% 10%)

8 10 12 14 16 18 20
error (x1073%)
Fig. 3. The statistical error of calibration.
Each curve indicates the dependency of error
on statistics for a given e ciency .

The other part is the system error, which comes
from the reconstruction method and the e ciency
window. Table 2 lists three reconstruction modes,
and the main di erences are the reconstruction seed
and the track extrapolation. The extrapolation pre-
cision directly a ects the calibration results. The t-
ting method is another factor which may also be a
source of system error, if the bending of tracks in
MUC by magnetic eld can not be ignored. But re-
certly, the bending e ect in MUC is too small to be
considered.

Table 2. Three reconstruction methods.

mode detail

0 MDC seedonly, extrap olation, line/quadratic t
1 MUC seedonly, self tracking, line/quadratic t
2 if no MDC seed,MUC seedused, line/quadratic t

As shown in Fig. 4(a) and (b), the e ciency by
Mode 0 is about 3% lower than that by Mode 1 be-
causeof the limitation of extrapolation precision (in
Boss6.4.0and lower). After improving both recon-
struction modes in Boss6.4.1,this system error has
been reducedto 0:5%. Fig. 4(c) and (d) show the
e ciency window eect, and! = 4 is chosen, with
which, the e ciency is very closeto that during the
RPC quality control (QC) and very similar to the
results by 3 cut method. If the window is set too
wide, fake e ciency will beintroduced, cortrarily , the
real e ciency will belost. That the window changes
onestrip width may result in e ciency with  1%{8%
variation (at strip level).

3.2 Calibration biases

In order to obtain reliable calibration results, the
biases hiding in the reconstruction and calibration
must be found out and corrected. Firstly, the out-
ermost expected position of a track is determined by
the outermost layer with hits within the reconstruc-
tion window, as shown in the boxesof Fig. 5. Sothe
e ciency is on the higher side for these layers. The
better way is to extrapolate a track to the outermost
layer no matter whether there are hits or not. At
the sametime, we usehigh momerntum(> 1.2 GeV/c)
muon tracks, sud as, dimu tracks, to do the cali-
bration, then this bias can be avoided. Secondly it
is presumedthat all physicstracks y from inner to
outer layers, so the innermost layer always has an
expected position. Howewer, becauseof the struc-
ture limitation, the width of layer O in the barrel is
15% shorter than it should be along with the \v"
angle, asshown in the circles of Fig. 5. The reasonis
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Fig. 4. The sourcesof system error. (a) The strip e ciency in a module by extrap olation and self reconstruc-
tion. (b) The averagee ciency of strips in barrel versusrun. (c) The e ciency window e ect in a module.

(d) The averagee ciency versuswindow.

Fig. 5. The biasesin MUC reconstruction and
calibration.

the additional support structures on both sides of
layer 0 in each segmen. This will result in the ef-
ciency on the lower side, since the reconstruction
window is normally larger than 5-strip width. If the
matching is constrained strictly adequate on both
sidesof Layer 0 in all barrel segmeits, the bias canbe
avoided. Thirdly, if a red layer contributes to the t-

ting of expectedtrack, it will result in e ciency bias
(higher) in this layer. For dimu ewverts, it is 1%{2%
higer. For all everts, it is evenabout 10%higher. The
lower the momertum, the bigger the bias (becauseof
lesshits for tting). More seriousbias happensin the

selfreconstruction. If somelayersare chosenas seeds
always, then their e ciencies are always higher than
the real values. Sothe seedlayers must be chosenat
random in self reconstruction. All the above biases
have beencorrectedin Boss6.4.1.

3.3 Algorithm performance

It's no doubt that the validation and reliabilit y is
the most important performance of an algorithm. In
order to ched this, herethe " is usedand de ned
as: "= s (6)
where, " is the e ciency by calibration, and "
is the e ciency set via calibration constart service.
Sothe " should tend to zero along with the event
number increase. Fig. 6 shovsthe " results by the
Monte Carlo J= ! * everts, which are pro-
duced by KKMC generator [6] in Boss6.3.5. Cur-
rently, the best results of " are 0:0128 0:0204,

0:0007 0:0278, 0:0153 0:0244at layer, module
and strip level respectively. The ideal result should
be0 0:01for all levelsand dependson more detailed
tuning rather than increasing everts.
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Fig. 6. The algorithm performance. (a), (b) and (c) indicate the e ciency dierence distribution with 500k

dimu events for layer, module and strip levels respectively. (d) shows the change tendency of

" of a unit

(as an example) at eac level and (e) illuminates the global e ect at each level: layer (open circle), module

(open square) and strip (open triangle up).

From a programming point of view, the process-
ing speed and memory assumption must be consid-
ered. The test results by using real data are listed in
Table 3. The speedof selfreconstruction+calibration
(SIfTrk, (5 0:5) ms/event) is about 4{5 times faster
than that of extrapolating reconstruction+calibration
(TrkExt, (20 3) ms/event), no matter for the single
bunch or multi bunch data. As for the memory as-
sumption, the initial memory for calibration job is
about 220 MB. By using the dimu data, which have
beenselectedand reconstructed, we can seethat the
speed of MucCalibAlg itself is 2.52 ms/event, and
there is no memory leak.

Table 3. The test results of calibration speed.

job time speed/
data recmode (100k events) (ms/ev ent)
TrkExt 28:24:80 17:05
S-bunch - gier e 09:02:99 5:43
TrkExt 35:09:31 21:09
M-bunch giere 08:09:63 4:89
Dimu { 04:12:48 2:52

4 RPC performance

By using the cosmicray data accunulated from
May to July in 2008, the muon detector had been
studied and adjusted in detail. Most of the RPC per-
formancescan be obtained by MucCalibAlg, includ-
ing e ciency, single courting rate, noise ratio and

Fig. 7. The run-by-run e ciency of all RPC
moduels. Before Run 3400, the high volt-
age and discrimination threshold were 8 kV
and 100 mV. After that, they were set as
7:2 0:2kV and 75 mV respectively.
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spacial resolution. Fig. 7 shaws the run-by-run ef-
ciency of all RPC modules during the cosmic ray
commissioning. The runs included all were taken in
di erent days. Obviously, the e ciency is (94 1)%,
which is very closeto the designvalue, even though
there is about 2% lower after high voltage and thresh-
old adjustment. More detailed results can be found
in Ref. [7].

5 Monte Carlo study

Monte Carlo (MC) study is an important way
to debug and tune both the hardware and software.
Currently, for muon detector, the real geometry with
hardware alignment and detection e ciency by cos-
mic ray data have been applied to the MUC si-
mulation and reconstruction. This study is done in
Boss6.4.3. In order to make MC and data consis-
tent, it is necessaryto usethe \natural" cosmicray
generator in the simulation. In the \natural" gener-
ator, there is only one big sampling plane on the top
of the BESO geometry to constrain the cosmic ray
tracks. All MC everts also must passthe sametrig-

ger conditions usedin the data taking. 4 10 real
everts are usedfor calibration and comparison from
Run3006 (at random), of which the trigger condition
is that the number of hits in the barrel Time-Of-
Flight (TOF) is greater than one, named NBTOF2.
2M MC everts are produced with 48.7% trigger ef-
ciency of NBTOF2. The eciency at strip level of
Run3006is the only input in the simulation. The re-
construction mode usedis Mode 1: SIfTrk. All Monte
Carlo results are normalized to those by data.

5.1 Noise

The noisesimulation is not ready and not applied
to this study preserly. Therefore, this di erence
should be seenin the results. It is shovn directly
in Fig. 8(c), in which, the noiseratios of all modules
by MC are closeto zero and lower than the values
by data. The noiseratio by both MC and data being
higher in the barrel than in the endcap,it is just the
character of cosmicray. The noiselevel will a ect the
hit number, cluster size and spacial resolution. Soit
can be seenthat both the hit number and cluster size
by MC are smaller than those by data. The long tail
in Fig. 8(a) and (b) is due to the big air shower, and

Fig. 8. The inconsistent distributions relevant to noise. (a) The number of hits in an event, (b) The cluster
size distribution, (c) The noiseratio at module level, and (d) The spacial resolutions of layers in the barrel.
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even possibleelectronicscrosstalk. The resolution by
MC is about 5{10 mm better than that by data at
all layers. Theseresults will be more consistert after
the noiseis addedinto the simulation and the cosmic
ray generatoris improved in the future.

5.2 Distribution

The comparisonalsocanbe madefrom somebasic
distributions. As shaown in Fig. 9, most bins of all six
distributions are consistert betweenMC and data. In
Fig. 9(a), the number of hits in ead layer matches
perfectly, so does the maximum layer through by

track in Fig. 9(d). For somebins in Fig. 9(b) and
(c), the MC results are lower than the data. It can
be understood asthe reasonableresult causedby the
\clean" MC and complicated real data sincethe noise
was not addedin the MC. As for the cos and dis-
tributions, the small di erence mainly comesfrom the
di erence of reconstruction e ciency and is a ected
by the incidental angle. In addition, the drop bins
in Fig. 9(c) and (f) just indicate the side e ect near
the deadspacebetweensegmets, and the deadchan-
nel near 120 in Fig. 9(b) is due to the high voltage
problem in that module.

Fig. 9. The distributions comparison between MC and data. (a) The number of hits in eac layer, (b) The
number of hits in each module (box), (c) A hit map of layer 2 in barrel, (d) The maximum layers through

by tracks. (e) and (f) are the cos and
respectively.

of the expected position of a MUC track at the innermost layer,
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5.3 Eciency

What we are most concernedis the e ciency . In
Fig. 10(a), the layer e ciency is consistert within 2%.
The e ciency being lower at inner and outer two lay-
ers, to a great extent, is causedby the linear t it-
self in reconstruction and few layers hit information
(6 5) for eadh independert coordinate (= Z=X=Y).
Fig. 10(c) shows the strip e ciency distributions by
data and MC. Obviously, they do not match very
well. For somestrips, the e ciency by MC is higher
than that by data, while for other strips, the result is
cortrary. The similar result can be seenin Fig. 10(a)
and (b). The di erence of strip e ciency is shown in
Fig. 10(c), which givesthat = 0:005 0:032.Soin
general,the e ciency by MC is little higher than that
by data, and the result is closeto Fig. 6(c). The dif-

ferencecomesbasically from, as showvn in Fig. 10(e),
the channelsat both sidesof ead modules. In fact,
it is very di cult to tune the MC and data matching
very well at sides.

6 Summary and discussion

The calibration algorithm has been greatly im-
proved during the BESO commissioning. The e -
ciency, courting rate and noiseratio of the muon de-
tector have been primarily calibrated by cosmic ray
data, and the results are available for the simulation,
reconstruction and tuning. The validity and relia-
bility of the calibration algorithm has been chedked
carefully by the performancestudies and comparison
of Monte Carlo and data.

Fig. 10. The e ciency comparison betweenMC and data. (a) The layer e ciency , (b) The module e ciency
distribution, (c) The strip e ciency distribution, (d) The e ciency dierence distribution at strip level, and
(e) The strip e ciency dierence at Module 87 (as an example).
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More detailed studies are neededand ongoing. By
using dimu everts, the detector alignmernt by software
can be carried out with more precision. The e ective
noise simulation will make the results more consis-
tent.The improvemen of calibration also dependson
the e ciency and reliabilit y of the reconstruction.

At preser, 250k events are adequate (but not
enough) for a run to do the calibration. So basi-
cally, the calibration constarts canbe o ered for eath
run. Howevwer, it is unnecessaryto do the calibration
so frequertly. According to the in uencing factors
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