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We apply KF Particle, a Kalman Filter package for secondary vertex finding and fitting, to strange and open
charm hadron reconstruction in heavy-ion collisions in the STAR experiment. Compared to the conventional
helix swimming method used in STAR, the KF Particle method improves the reconstructed A, £ and D° sig-
nificance considerably. At the same time, we demonstrate that Monte Carlo simulation with the STAR detector
responses can well reproduce the topological variable distributions reconstructed in real data using the KF Parti-
cle method, therefore retaining good control on the reconstruction efficiency uncertainties for strange and open

charm hadrons measurements in heavy-ion collisions.
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I. INTRODUCTION

In high-energy particle and nuclear physics experiments,
strange and heavy flavor hadrons have unique roles in study-
ing the electroweak and strong interactions in the Standard
Model [1-3]. These particles are mostly short-lived parti-
cles, and their ground state particles, such as K%, A, D9,
and A, have a proper lifetime (c7) varying from tens of mi-
crometers to several centimeters [4]. Experimentally recon-
structing their decay positions and separating them from col-
lision vertices would be necessary to achieve precision mea-
surements [5, 6]. This becomes extremely critical in high
energy heavy-ion experiments at RHIC and the LHC where
thousands of particles are produced from the collision ver-
tex. Secondary vertex reconstruction can significantly reduce
the combinatorial background in these collisions while at the
same time it also involves a finite reconstruction efficiency,
especially for low momentum particles [5, 6]. Therefore one
would need to consider a balance between the combinatorial
background and the reconstruction efficiency for the particle
of interest to achieve the best experimental measurement pre-
cision.

The STAR detector at RHIC is a general purpose detec-
tor dedicated for heavy-ion experiments [7]. The main track-
ing subsystem, the Time Projection Chamber (TPC) [8], pro-
vides a pointing resolution of ~mm to the collision vertex
for charged tracks which allows the topological separation of
strange hadron weak decay positions from the primary col-
lision point. A high resolution silicon detector, the Heavy
Flavor Tracker (HFT), operated in 2014-2016, improves the
charged track pointing resolution to be better than ~ 50 ym
a1 for 750 MeV/c charged kaon tracks [9]. This enables the
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topological reconstruction of various open charm hadron de-
cays in heavy-ion collisions [5, 10].

Traditionally, the secondary vertex reconstruction in STAR
has been conducted by searching for the closest distance of
approach (DCA) points of two charged track helices, called
the helix swimming method (HS). Then the decay position is
taken to be the middle of the two DCA points. This method
has shown good performance in reconstructing strange and
open charm hadrons in heavy-ion collisions [5, 6]. Fig-
ure 1 shows a sketch of key topological variables used in this
method: DCA of daughters particles to the primary vertex,
DCA between two daughter particles, decay length from the
decay vertex position to the primary vertex, - the angle be-
tween the interested particle momentum vector and the decay
length vector, and/or the DCA between the interested particle
helix and the primary vertex. The calculations are conducted
based on the mathematical helix model for daughter tracks.
No experimental estimated uncertainties are included in this
reconstruction method.

Recently, within STAR, an experimentally estimated error
matrix on track helix fitted parameters has been made avail-
able in offline analysis software infrastructure. At the same
time, the KF Particle package, a Kalman Filter method for
secondary vertex finding and fitting utilizing the estimated
track helix error matrices, has been deployed for STAR of-
fline analysis. The goal is to improve the secondary parti-
cle reconstruction with constraints provided by the additional
knowledge on the error matrices of various topological vari-
ables.

This paper reports the result of applying the KF Particle
method to the reconstruction of strange (A,Q27) and open
charm (D°) hadrons in heavy-ion collisions at the STAR
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PV : primary vertex
DCAv1,DCAv:: distance of
closest approach of daughter
particle to PV

DCA;2: distance of closest
approach between daughter
particles

b: distance of closest approach
of parent particle to PV

d: decay length of parent particle
0: angle between the parent
particle momentum vector and
the decay length vector

Fig. 1. Sketch of key topological variables used by the helix swim-
ming method.

experiment. A Toolkit for Multi-Variate Analysis (TMVA)
package deployed in ROOT [11] has been used to optimize
topological selection cuts for the best signal significance in
both helix swimming and KF Particle methods. The paper is
organized as follows: Sec. II describes how the KF Particle
method handles secondary particle reconstruction and fitting.
The application of the KF Particle method to the STAR data
are discussed in Sec. III. We compare the optimized signal
performance from the helix swimming method and the KF
Particle method. We also compare various topological vari-
able distributions from the KF Particle method obtained in
real data and Monte Carlo simulations. Finally, we summa-
rize our findings in Sec. IV.

II. KF PARTICLE METHOD

The Kalman Filter (KF) [12] is a recursive method for the
analysis of linear discrete dynamic systems described by a
vector of parameters, which is called the state vector r, ac-
cording to a series of measurements observed over time. It
produces estimates of unknown vector parameters with high
accuracy and is widely used in tracking and data prediction
tasks.

In particle experiments, the Kalman filter can be used to
solve different tasks, such as track finding, particle recon-
struction, and event vertex reconstruction [13]. In particular,
the KF Particle package, which utilizes the Kalman filter for
the reconstruction of short-lived particles and vertex finding,
has been developed and is now applied to data analysis in
STAR.

In the KF Particle framework, each particle is de-
scribed by a state vector with eight parameters [14]: r =
(@, Y, 2, Pz, Py, D=, E, s), where (x,y, z) is the position of the
particle, (pg, py, P-) is the momentum, E is the energy of the
particle, and s = [ /p, with [ being the length of the trajectory
in the laboratory coordinate system and p the particle total
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momentum. This natural particle parametrization makes the
algorithm independent on the geometry of the detector sys-
tem. The reconstructed state vector and its covariance ma-
trix (C') contain all necessary information about the particle,
which allows one to handily calculate physical quantities such
as its momentum, energy, and lifetime with their accuracy,
and also the X2 values during the reconstruction, i.e. estimate
the quality of reconstruction.

To simplify the calculation, the momentum and energy of
the mother particle are calculated from the sum of all daugh-
ter particles and only the vertex position is fitted. After trans-
porting a daughter particle to the current estimation of the de-
cay vector (1, C}), the state vector of this daughter particle
can be taken as a measurement (my, V') of the mother par-
ticle’s state vector. Using the residual j between rj and my,
and the Kalman gain matrix K, calculated from the C', and
V', the estimation of mother particle’s vector can be updated
(rk+1, Cr+1) according to the formula 1.

Co =Tk — Mg, The1 =Tk + Ki(i, Cry1 = Cy — KkC;g
9]

The y2-criterion of this estimation can be obtained at the
same time. By conducting this process on all daughter tracks,
a basic filtering algorithm is formed. A full description of
the algorithm and the mathematical justification can be found
in Ref. [14, 15]. Here we briefly outline the scheme of the
short-lived particle reconstruction, also shown in Fig. 2:

G n, G/

k-th daughtV
D ® o

Decay vertex
Production vertex

W

Fig. 2. Basic diagram of short-lived particle reconstruction with the
KF Particle package.

1. Sort the final state particles into primary and secondary
according to its x? to collision vertex.

2. Choose an initial secondary decay point, often to be the
DCA point to the collision vertex from the first daugh-
ter track. Set the mother particle initial parameters (rq,
Cy), Cy is often set as an infinite diagonal matrix.

3. Extrapolate the k-th daughter particle to the point of
the closest approach with the current estimation of the
decay point and update its parameters

4. Correction of the decay vertex according to k-th daugh-
ter particle and adding the 4-momentum of the daughter
particle to the 4-momentum of the mother particle.
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. Loop over all n daughter particles and calculate an opti-
mum estimation of the decay vector and its covariance
matrix (r%, C*) and the x? probabilities.

. If the production vertex of the mother particle (usually
the primary vertex) is known, transport the mother par-
ticle to it, then filter with the production vertex’s posi-
tion and calculate the 2 probabilities of the origination
from the production vertex.

. Set rfl and Cfl as the mother particle’s initial parame-
ters and repeat steps 3-6 N times.

. Finalize the precision of the mother particle parameters
('r.n» Cn)

Compared to the traditional helix swimming method, the
KF Particle method enjoys several important advantages:

e Usage of the daughter particle track parameters covari-
ance matrices adds information about the detector per-
formance and the track reconstruction quality that im-
proves the mother particle reconstruction accuracy and
efficiency.

e Statistical criteria are calculated and used for back-
ground rejection.

e The natural and simple interface allows to the recon-
struction of complicated decay chains [15].

e Usage of parallel programming provides high comput-
ing speed for the above rather complicated calculations.

III. APPLICATION TO DATA

We apply the KF Particle method to the reconstruction of
strange (A, ©27) and open charm (D°) hadrons, using data
collected by the STAR experiment. Recent experimental
datasets of Au+Au collisions at /syn = 27 GeV (for A, 7)
and 200 GeV (for D°), which contain the error matrices in-
formation of tracks parameters were used in this analysis.

A. A reconstruction

A particles are reconstructed via the decay channel A —
p + m, which has a branching ratio of 69.2% [4]. A parti-
cles decay with a proper decay length of ¢t ~ 79 mm after
they are produced in Au+Au collisions. Protons and pions
are identified by ionization energy loss in the TPC gas. Prac-
tically, charged tracks with |nox| < 3 for any interested par-
ticle X are selected, where nox is defined by the following:

Lo {dE/dX) measured

= —1 -
nox ox 0g <dE/dX>§lSChel ’

@

where (dE/dx)measured 1S the average energy loss per unit
length, measured by the time projection chamber (TPC) of the
STAR detector; (dFE/dx)Rh! is the expected energy loss
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(dE /dx) for a certain particle species X (in this case, proton
or pion), and oparticle is the (dE/dzx) resolution measured by
the TPC (typically ~ 8% [8]). For each proton or pion track,
we require a minimum of 15 hits in the TPC to ensure good
track quality.

Using data collected by the STAR experiment from Au+Au
collisions at \/sNN = 27 GeV, A particles are reconstructed
using the KF Particle method, and various kinematic and
topological variables such as mass, pr, decay length, etc. are
calculated. As shown in Fig. 3, clear A mass peaks are seen
in the invariant mass m,,,- distributions in the pr range of
0.4 to 6 GeV/e.
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Fig. 3. pm invariant mass distributions with pr = 0.4—0.6 GeV /cin
Au+Au collisions at \/syn = 27 GeV with centrality 0 — 5%(left),
and 30 — 40%(right). Black data points depict all unlike-sign pr
pair distributions while the blue lines depict the combinatorial back-
ground distributions estimated via side-band fitting.

To ensure that the KF Particle method can be reliably used
for the extraction of physical yields, we also applied the KF
Particle method to a Monte Carlo (MC) simulated sample
generated using an embedding technique detailed as follows.

Simulated A particles with a flat pr and rapidity distribu-
tion are propagated through a GEANT3 [16] simulation of
the STAR TPC. The A particles decay inside the simulated
detector and the electronic signals originating from the de-
cay particles are mixed with those from a given event from
real data. The number of simulated As particles is 5% of the
measured charged particle multiplicity of the event in which
the simulated particles are embedded, and the simulated As
all originate from the primary vertex of that event. The com-
bined electronic signals are then processed with STAR track-
ing software, which is also used for real data processing. The
KF Particle package is then deployed to the resultant tracks
for A reconstruction.

We compare the performance of KF Particle on real data
and MC simulation samples. The topological variables listed
below are used in the selection of A candidates during the KF
Particle reconstruction.

Comparisons of these variables between data and MC sim-
ulation for A candidates with 0.4 < pyr < 1.2 GeV and
centrality between 0 — 10% are shown in Fig. 4. In general,
distributions of such topological variables from data are well
described by MC simulations for all centrality and pr.

In order to achieve optimal significance of the A signal, the
Toolkit for Multivariate data Analysis is used. TMVA is a



Table 1. Topological variables for A reconstruction.

variable description
Xérim,ﬁ x? deviation of 7 track to the primary vertex
Xgrim,p x? deviation of p track to the primary vertex
Xiopo x? of primary vertex to the reconstructed A
Xf,_ﬂ x? of daughter particle (p-) fit
da decay length of A
da/oda decay length normalized by its uncertainty
x10° x10°
o F [
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Fig. 4. Key topological variables used in KF Particle method for A
reconstruction. Data and MC simulations are compared.
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Fig. 5. (left) BDT response value distributions for signal (blue) and
background (red) A candidates in the pr range 0 — 1 GeV/c for 0 —
10% centrality. (right) Efficiency for signal (blue) and background
A candidates (red) in the pr range 0—1 GeV/c for 0—10% centrality
as a function of the cut value placed on the BDT response value. The
significance (green) achieves its maximum value when the cut value
is -0.09.

217 family of supervised learning algorithms that can be used for
218 differentiating signals and backgrounds. For more details, see
219 Ref. [11]. A signal sample and a background sample are pre-
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pared as input for training. The signal samples are obtained
from a GEANT3 simulation as described above. For the back-
ground sample, we select sideband (30 < |mpr —ma ppc| <
60) p—  pairs in the real data around the A mass peak, where
o is the width of the A mass peak, and m,,, are ma ppg are
the masses of the p — 7 pair and the A baryon from the PDG
respectively. These signal and background samples are then
further divided into different pr and centrality classes. We
use the Boosted Decision Tree method for training. Decision
tree learning takes a set of input features and splits the input
data recursively based on those features. In our case, the input
features are the topological variables listed in Tab. 1 and the
input data are the signal and background samples depending
on these variables. Boosted decision trees combine multi-
ple trees to strengthen the differentiation power for a detailed
discussion, see Ref. [17]. The training takes into account the
correlations between the different topological variables and
collapses them into a single value, referred to as the BDT re-
sponse value.

The BDT response value distributions from the signal and
background samples for A candidates with p = 0—1 GeV/c
and centrality 0-10% are shown in the left panel of Fig. 5.
We observe that the BDT response values for the signal and
background are significantly different from each other and
thus serve as a good measure for differentiating between the
signal and background. In order to select a BDT response
cut value to optimize the significance S/v/S + B, where S
stands for signal counts and B stands for background counts,
we use the TMVA package to first calculate the signal and
background efficiency as a function of the BDT response cut
value, eg(BDT cut) and e 5(BDT cut), using the signal and
background samples respectively. The signal and background
efficiencies for A candidates in the pp range 0—1 GeV/c cen-
trality are shown in Fig. 5. The estimated Significance can
then be calculated from Eq. 3:

B Soes(BDT cut)
\/Soes(BDT cut) + Boep(BDT cut)’
3)

Sig.(BDT cut)

where Sy and By are the number of signal and background
counts where no BDT response value cut is applied. These
numbers are obtained from real data directly, and the calcu-
lated significance as a function of the cut value applied on
the BDT response value for A candidates in the pp range 0-1
GeV/c centrality is also shown in the right panel of Fig. 5.
We find that a cut value of -0.09 maximizes the significance,
and this cut value is chosen for this analysis. This procedure
is then repeated for each py and centrality bin. In general,
as the signal-to-background ratio decreases, a stricter BDT
selection cut is necessary to optimize the significance.

We extract the number of signal and background counts for
each pr and centrality bin using the tuned BDT cuts obtained
as explained above. We then use the standard helix swimming
method used in previous STAR analyses [6], the cuts are also
tuned by the BDT and extract the corresponding number of
signal and background counts, and compare the significance
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Fig. 6. Ratio of significance for A particles using the KF Parti-
cle method in conjunction with BDT training over those using the
helix swimming(HS) method as a function of pr of the A par-
ticles for centrality selection 0 — 5%(red), 30 — 40%(blue) and
60 — 80%(magenta).

obtained using these two methods. The track quality and par-
ticle identification cuts are chosen to be identical to each other
for a fair comparison. The ratios of the significance as a func-
tion of pr for three different centrality selections are shown
in Fig. 6. The increase in significance is approximately inde-
pendent of centrality, ~ 30% in the py range 1-3 GeV/c, and
increases at low pr to ~ 50%. In conclusion, this demon-
strates that the KF Particle method gives a larger significance
for A signal extraction in Au+Au collisions at \/syy = 27
GeV with the STAR experiment.

B.  Reconstruction

We then turn to €2 baryon. ) baryons are reconstructed
via the decay channel Q - A+ K~ - p+7~ + K™. Q
particles decay with a proper decay length of c7 ~ 25 mm [4],
and the A daughters will decay again soon after. The final
daughter tracks are detected by the STAR TPC. Similarly, for
each proton, kaon or pion track, we require a minimum of
15 hits to ensure good track quality. We reconstruct the A
baryons with the KF Particle method first and then treat it as
a daughter track to reconstruct the {2 production vertex.

Since the decay topology for ) baryons is more compli-
cated than that for A baryons, more topological variables can
be used for training to facilitate the differentiation between
the signal and background. The topological variables listed
in Tab. 2 are used in the selection of {2 baryon candidates dur-
ing KF Particle reconstruction.

Similar to the A baryon study, we generate a MC sample of
reconstructed {2 baryons using a GEANT3 simulation of the
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Table 2. Topological variables for {2 reconstruction.

variable description
X;Qm'm,w x? deviation of 7 track to the primary vertex
X;Qm'm, » x? deviation of p track to the primary vertex
Xfmm K x? deviation of K track to the primary vertex
Xtopo.A x? of primary vertex to the reconstructed A
Xi,,, x? of daughter particle (p-r) fit
X?Opo X? of primary vertex to the reconstructed €2
XAk x? of daughter particle (A-K) fit
da decay length of A
da/oa, A decay length normalized by its uncertainty
do decay length of
da/oda Q2 decay length normalized by its uncertainty

x10°
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551 centrality 0-10%
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(b)

Counts
o N

16715756 25 30 35 40 45 50
X2

topo,A
x10°

Counts

Counts

OB NWAUON®

O LN WD O~ ®

10 20 30 40 50 60 70 80
dg/od,

TRPTTORENN ot buorvoves pevvaveer
0 10 20 30 40 50 60 70 80 90 100
dyagy

o

Fig. 7. Key topological variables used in KF Particle method for €2
reconstruction. Data and MC simulations are compared.

STAR TPC. The data-MC comparison of the key topological
variables are shown in Fig. 7.

We find reasonable agreement between the data and MC
simulations, which suggests a proper estimation and usage of
the covariance matrix of the A daughters and gives us confi-
dence that the KF Particle method may be reliably used for
the extraction of {2 baryon yields. We then generate a signal
and background sample with the same method as in A analy-
sis to supply input for TMVA training using the BDT method.
The BDT response value distribution for {2 candidates with
pr = 1 — 4 GeV is shown in the left panel of Fig. 8, and the
signal efficiency, background efficiency and significance are
shown in Fig. 8. As in the case for A analysis, we select the
BDT response cut value that optimizes the significance.

This process is repeated for each pr and centrality bin. The
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is 0.09.
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Fig. 9. AK invariant mass distributions with pr = 1.2 — 1.6
GeV/c in Au+Au collisions at /sy = 27 GeV with centrality
0 — 5%(left), and 30 — 40%(right). Black data points depict all
unlike-sign pr pair distributions while the blue lines depict the com-
binatorial background distributions estimated via side-band fitting

significances using the optimized BDT response cuts for each
pr and centrality bin are extracted. We then carry out sig-
7 nal extraction using the default helix swimming method, with
candidate selection cuts are chosen to be the same as previ-
ous {2 analyses at the same collision energy [6, 18]. The sig-
nal and background counts using the default helix swimming
method are extracted, and the ratio of the significances using
these two methods are calculated and shown in Fig. 10. We
observe an ~ 50% increase in significance in the pr range
of 1 — 4 GeV/c. This increase is higher than the case for
A, likely due to the more complex decay topology with two
326 decay vertices reconstructed by KF Particle and larger back-
sz ground. Further studies using KF Particle are underway to
azs extend the low pr reach beyond 1 GeV/c; however, this is
329 beyond the scope of this paper.
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330 C. D° Reconstruction

DO particles are reconstructed via the decay channel DY —
K~ 7" with a proper decay length of c7 ~ 123 pm [4]. Since
s this decay length is less than the spatial resolution of the TPC
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Fig. 10. Ratio of significance for 2 particles using the KF Parti-
cle method in conjunction with BDT training over those using the
helix swimming(HS) method as a function of pr of the 2 par-
ticles for centrality selection 0 — 5%(red), 30 — 40%(blue) and
60 — 80%(magenta).

s+ detector, the information from the micro-vertex detector HFT
s35 is used to identify the D° decay vertex from the primary col-
ass lision vertex. For each kaon or pion daughter track, we re-
a7 quired a minimum of 15 hits in the TPC and a match to the
ass HFT detector with at least 3 hits inside to ensure good track
ase quality. For kaon and pion particle identification, in addition
a0 to the requirement of [no,| < 3 and |nok| < 2, we also uti-
a4 lized the information from the Time-of-Flight (TOF) detector
by requiring the measured inverse velocity (1/5) to be within
three standard deviations from the expected value when the
measurement is available [5]. The topological variables listed
in Tab. 3 are used in the selection of D° meson candidates in
KF Particle reconstruction. pr , and pr g cut is added here
to reject combinatorial background at low pr.
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Table 3. Topological variables for D reconstruction.

variable description
Xorim.n x> deviation of 7 track to the primary vertex
PT,™ transverse momentum of 7 track
Xprim, K X2 deviation of K track to the primary vertex
PT.K transverse momentum of K track
xfopo’ DO x? of primary vertex to the reconstructed D°
x%(m x? of daughter particle (K -r) fit
Lpo/o Lo DP decay length normalized by its uncertainty

as  Similar to the A and € baryon study, we generated an MC
sample of reconstructed D° mesons using a GEANT3 sim-
ulation of the STAR TPC and HFT and processed through

full detector tracking as was done in the real data reconstruc-
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Fig. 11. Key topological variables used in KF Particle method for
D reconstruction. Data, MC simulations and background are com-
pared.

tion. The HFT simulator was tuned to reproduce the single
track efficiency and DCA pointing resolution observed in real
data. However, the consistency in topological variable distri-
butions between data and MC for D° signals has yet to be
demonstrated. Figure 11 shows the comparison of several
key topological variables used in the KF Particle method for
DY reconstruction between data (black data points) and MC
(red histograms) for D signals. We find a reasonable agree-
ment between the data and MC simulations for D° signals.
Additionally, background distributions also shown in Fig. 11
(blue data points), which are estimated from real data using
the side-band method in which the background candidates
were selected by requiring the invariant mass of K candi-
date pairs within 30 < |Mi,y — Mpo| < 60 (o is the Gaus-
sian width of the D signal). The signal and background can
be well distinguished especially on L po /o'LD0 and X?opo.Do
distributions. ’

We then used the signal sample generated from the MC
simulation and the background sample from the real data to
conduct the TMVA training with the BDT method to find the
topological selection working point for the best signal signif-
icance. Figure 8 left panel shows the BDT response value
distributions for the D signal and background in the region
of 2 < pr < 3 GeV/e, and the signal/background efficiencies
and the signal significance are shown in the right panel. The
signal significance was normalized to its maximum value. We
determined the BDT response cut value in order to optimize
the significance of DY in each pr and centrality class.

We then applied the optimized BDT selection cuts in the
real data analysis. Figure 13 shows the DY invariant mass dis-
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Fig. 12. (left) BDT response value distributions for signal (blue) and
background (red) D° candidates in the pr range 2—3 GeV/c for 10—
40% centrality. (right) Efficiency for signal (blue) and background
D° candidates (red) in the pr range 2 — 3 GeV/c for 10 — 40%
centrality as a function of the cut value placed on the BDT response
value. The significance (green) achieves its maximum value when
the cut value is 0.05.
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Fig. 13. km invariant mass distributions using the KF Particle

method in 10 — 40% Au+Au collisions at \/m = 200 GeV in the
region of pr<1GeV/c (left) and 1.5<pr<2GeV/c (right). Black
data points depict all unlike-sign k7 pair distributions while the blue
lines depict the combinatorial background distributions estimated
via side-band fitting

tributions using the KF Particle method in 10 — 40% Au+Au
collisions at \/snn = 200 GeV in the regions of pr<1GeV/c
(left), and 1.5<pr<2 GeV/c (right), respectively. Red lines
depict the function fits to the data with a Gaussian function
for the DV signal plus a linear background.

Signal significance was then calculated from these distri-
butions for D° candidates within a mass window of | My, —
Mpo| < 30 where o is the D° signal width determined by
the Gaussian function fit. The background counts were deter-
mined based on the linear background function fit results. We
compare the significance values from the KF Particle method
to the helix swimming (HS) method used in previous anal-
ysis [5] and the ratio between the two methods is shown in
Fig. 14. The shaded bands indicate statistical uncertainties
from this calculation. The comparison demonstrates that the
KF Particle method improves the reconstructed D signal sig-
nificance, especially in the low pp and more central colli-
sions. In 0 — 10% central Au+Au collisions at py < 1GeV/c,
the improvement can be as significant as a factor of ~3. This
is possibly due to the enormous amount of combinatorial
background (hundred times signals) in that particular range,
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and the cuts based on statistical criteria work well on select-
ing the particles that originate from a secondary vertex.

IV. SUMMARY

In summary, we have applied the KF Particle method to
the reconstruction of A, Q= hyperons, and D° meson in
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the STAR experiment. The KF Particle method, by utilizing
covariant matrices of tracking parameters, improves the re-
constructed A () significance by approximately 30% (50%)
compared to the traditional helix swimming method in /snn
=27 GeV Au+Au collisions. The improvement in D° signif-
icance by applying the KF Particle method has a pr depen-
dence in /sxn = 200 GeV Au+Au collisions with the largest
improvement as significant as a factor of ~3 in pr<1 GeV/c
and 0 — 10% central collisions. We also demonstrated that
Monte Carlo simulation can reproduce the topological vari-
able distributions used in the KF Particle method, and thus
establishes KF Particle as a robust method for strange and
open charm hadron analyses in the STAR experiment. Since
the KF Particle method is independent of the geometry of the
detector, it will be useful in other experiments, especially in
analyses with a small signal-to-background ratio.
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