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Abstract
The upcoming PANDA experiment at FAIR will be among a new generation of particle physics experiments to employ a 
novel event filtering system realised purely in software, i.e. a software trigger. To educate its triggering decisions, online 
reconstruction algorithms need to offer outstanding performance in terms of efficiency and track quality. We present a method 
to reconstruct longitudinal track parameters in PANDA’s Straw Tube Tracker, which is general enough to be easily added to 
other track finding algorithms that focus on transversal reconstruction. For the pattern recognition part of this method, three 
approaches are employed and compared: a combinatorial path finding approach, a Hough transformation, and a recursive 
annealing fit. In a systematic comparison, the recursive annealing fit was found to outperform the other approaches in every 
category of quality parameters and reaches a reconstruction efficacy of 95% and higher. Due to its computational simplicity, 
the recursive annealing fit was also found to have faster execution times compared to the other algorithms.

Keywords Track reconstruction · Annealing fit · Hough Transformation

Introduction

Modern experimental particle physics would be unthinkable 
without the aid of computers. Early detectors gave visual 
event signatures that could be discerned by the human eye 
(e.g., [1]). Later, algorithms were introduced for the identi-
fication of particle trajectories, not the least due to the ever-
increasing amounts of data. With time, both accelerator and 
detector technology improved, leading to larger event and 
data rates as well as more complex signatures. As a result, 
the explored physics landscape grew larger and a consid-
erable part of the “low-hanging fruits” could be collected. 
We have now reached a point where most of the interesting 
physics signals are not only rare, but also look so similar 
to the background that they can be difficult to distinguish. 

Intelligent software that can find the proverbial needle in the 
ever-growing haystack, is a prerequisite for further progress 
in particle physics.

Current and future experiments are responding to this 
challenge with more sophisticated triggering systems. This 
is realised by introducing complex software algorithms, i.e. 
event reconstruction, when making a decision about whether 
to retain or discard incoming data. For example, the trig-
ger system for the LHCb detector has been redesigned to 
perform a full event reconstruction online, including real-
time alignment and calibration [2]. This applies in a similar 
way to the high-level trigger of ALICE, using acceleration 
on GPUs and FPGAs to cope with the large data rates [3]. 
Harnessing the power of heterogeneous computing hardware 
is of increasing importance. As such, this approach has also 
been incorporated into the reconstruction of CMS for their 
High Level Trigger in preparation for the High-Luminos-
ity upgrade of the LHC [4]. The XENON1T experiment 
designed their readout system so that detector signals are 
send directly to a high-level software trigger [5]. PANDA 
will join this new generation of experiments, employing a 
pure software trigger for its online event selection [6].

A full kinematic reconstruction of both transversal and 
longitudinal momentum components can be very beneficial. 
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For exclusive processes, i.e. reactions in which all of the 
final state particles have been reconstructed, this enables the 
use of kinematic constraints, leading to better resolutions or 
background suppression. Under certain circumstances, the 
importance of the longitudinal component is emphasised. 
For example, in fixed-target experiments, the final state can 
carry a considerable momentum in longitudinal direction. 
This can be exploited in the reconstruction of long-lived 
particles, such as hyperons, by specifically selecting lon-
gitudinally displaced decay vertices [7, 8]. Furthermore, 
considering the reaction pp → ΛΛ , for example, the Λ is 
primarily emitted at small polar angles, i.e. in longitudinal 
direction. In turn, also its decay products will have a large 
longitudinal momentum component [9].

In this article, we contribute with one piece of the puzzle 
by presenting a method for reconstructing longitudinal track 
components in a cylindrical straw tube detector located in a 
solenoid magnetic field. While many existing methods are 
adapted for tracks originating from the beam-target inter-
action point, this method applies to all tracks, also those 
from the decays of long-lived particles such as hyperons. We 
implement this method for the PANDA experiment [10], a 
next-generation facility for hadron physics that is currently 
under construction at FAIR in Darmstadt, Germany [11]. We 
put particular emphasis on resolving the spatial ambiguity 
that arises during track reconstruction in a cylindrical drift 
detector. Three different algorithms have been tested for this 
purpose.

The PANDA Detector

PANDA (antiProton ANnihilations at DArmstadt) [10], 
shown in Fig. 1, is designed as a fixed-target, multi-pur-
pose detector with a wide variety of physics channels 
and different reaction topologies in mind. To enable the 
exclusive measurement of physics processes, PANDA will 
cover almost 4 � of the solid angle and comprise a range 
of sub-detectors for the reconstruction of both charged 
and neutral particles. The subdetectors are grouped into 
two main segments: the target spectrometer, employing a 
solenoid magnetic field of up to 2 T and covering the polar 
angle range 10◦ < 𝜃 < 160◦ , and the forward spectrometer, 
using a dipole magnet with a field integral of 2 Tm and 
covering the region of 𝜃 < 10◦ and 𝜃 < 5◦ in horizontal and 
vertical direction, respectively. The relevant sub-detectors 
for charged track reconstruction in the target spectrom-
eter are the Micro Vertex Detector (MVD) [12], the Straw 
Tube Tracker (STT) [13], and the Gas Electron Multiplier 
(GEM). The MVD is designed to provide a vertex resolu-
tion of 100 μ m in the beam direction and a few tens of μ m 
in the radial direction. Combined with the STT and GEM 
detectors, PANDA will achieve a momentum resolution 
of 𝜎p∕p < 1% for particles in momentum range of a few 
hundred MeV/c up to several GeV/c.

At its design luminosity of 2 × 1032cm−1s−1 , PANDA 
will expect an event rate of 20 MHz and produce 
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Fig. 1  Schematic view of the PANDA detector
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approximately 200 GB/s of raw data. All sub-detectors 
will continuously stream their data to the software trig-
ger. By employing a full event reconstruction and selec-
tors for physics processes of interest, the software trigger 
will have to reduce the data rate by a factor of 1000. Per 
year, PANDA is foreseen to produce approximately 1 PB 
of experimental data, containing both raw data and high-
level analysis objects, as well as 2 PB of simulation data 
[14]. The processing of these data will be done in a hetero-
geneous environment, consisting of FPGA-based compute 
nodes and general purpose CPU+GPU farms [15].

The purpose of the method presented in this work is to 
reconstruct the longitudinal track component of charged 
particles traversing the target spectrometer, specifically in 
the STT.

Straw Tube Tracker

The STT is the main tracking detector of the target spectrom-
eter and surrounds the MVD. Being inside a solenoid field, 
charged particles traverse it along helical trajectories. The 
STT is designed for particles in a momentum range from a 
few hundred MeV/c up to 8 GeV/c and a polar angle range 
between 22◦ and 140◦.

The detector consists of 4224 gas-filled tubes, arranged 
in a hexagonal layout and filling a cylindrical volume. A 
vertical gap is left at the centre to make room for the target 
system. The inner and outer tube layers are oriented parallel 
to the beam pipe, whereas the 8 intermediate layers are tilted 
by ±2.9◦ . The purpose of the latter is to provide longitudinal 
information about the particle trajectories. A cross section 
of the STT is shown in Fig. 2, where the parallel tubes are 
presented in green and the skewed tubes in red or blue.

The tubes are made from a 27μ m thick mylar foil with 10 
mm in diameter and filled with a 90/10 gas mixture of Ar/
CO2 . The tubes have a conductive inner layer and a 20 μ m 
thick gold-plated tungsten anode wire at the centre. A poten-
tial differential of several kV is applied between the cathode 
layer and the anode wire. Charged particles traversing the 
tube ionize the gas, producing free ions and electrons that 
are accelerated towards the anode wire. In the vicinity of the 
wire ( O(10 μm) ) they produce more free electrons and ions 
in an avalanche-like manner, which in turn results in a signal 
large enough for readout.

When considering mechanical positioning and alignment, 
the overall precision in xy-plane will be lower than 150 μ m, 
with single straw deviations being less than 40 μ m, [13].

The time it takes the electrons to reach the anode wire 
is called the drift time. By measuring the shortest drift 
time within a signal, the minimal distance between the 
wire and the charged track can be inferred. This distance 
is usually referred to as the isochrone radius, which 

describes a cylindrical surface around the wire and con-
tains all possible positions that the particle might have 
traversed. This is illustrated in Fig. 3.

After a series of straw tubes has been associated with 
a common track candidate, the particle track is recon-
structed by fitting a trajectory such that it is tangential 
to the isochrones. The resolution of the isochrone radius 
will be < 150 μ m after calibration, whereas the resolution 
of the z-position along the wire will be about 3 mm [13].
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Fig. 2  Cross-sectional view of the Straw Tube Tracker in the xy-
plane. The green circles represent parallel straws, the blue and red cir-
cles the skewed straws

Fig. 3  An illustration of a particle traversing three straw tubes, shown 
in the xy-plane. The isochrones are represented by blue circles. The 
green point indicates the correct position where the distance to the 
wire is minimal and the track is tangential to the isochrone
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Pattern Recognition

Track reconstruction begins with pattern recognition. In this 
phase, signals from individual detector elements are associ-
ated to a common track, originating from the traversing parti-
cle. The output consists of sets of hits together with an initial 
estimate for the track parameters, e.g. based on a simple helix 
fit. The final track parameters are obtained later using a more 
sophisticated, usually adaptive fitting method that takes into 
account physical effects such as energy loss, as well as imper-
fections in the detector. However, at the pattern recognition 
stage, a high precision of the track parameters is not always 
needed when grouping the hit signals. Furthermore, when exe-
cution speed becomes a concern, e.g. for online reconstruction, 
a computationally simpler approach might be necessary. In 
such cases, the helix shape is a well-suited approximation to 
the particle trajectory.

Track Representation

Assuming that the trajectory of a particle with charge Q 
moving in the solenoid field of the target spectrometer can 
be approximated by a helix of radius r, five parameters are 
needed to describe the track. A sixth parameter can be added 
to define a point along the helix trajectory, which is convenient 
for extracting the longitudinal information more easily.

The PANDA target spectrometer has a cylindrical design. A 
superconducting solenoid provides an approximately homoge-
neous magnetic field for the whole detector volume, bending 
the trajectories of charged particles into helices around an axis 
parallel to the beam axis. Choosing the z-axis along the beam 
direction, the track can be explicitly represented by the follow-
ing five parameters:

– xc horizontal coordinate of the helix centre
– y vertical coordinate of the helix centre
– � = Q∕r signed curvature of the helix
– �0 azimuthal angle at the reference z0
– tan � dip angle of the helix with � = arctan pz∕pt

In this representation, the helix can be analytically described 
in two projections. In the xy-projection the helix becomes a 
circle, defined as

In this approximation, the track has constant transversal 
and longitudinal momentum components pt and pz , respec-
tively. Hence, the particle traverses at a constant rate in z 
with respect to the helix axis. It is reduced to a line in the 
z�-projection, i.e.

(1)(x − xc)
2 + (y − yc)

2 = r2.

(2)�(z) = kz + �0,

with the slope parameter k ≡ tan � . The azimuthal angle � 
can be replaced by the arc length

where Q is the charge of the track. The arc length is defined 
such that it is zero at the starting point of the track and 
increases positively, regardless of the charge. The helix dip 
angle tan � gives the slope in the Sz coordinate system and 
z0 can be chosen as a reference point along the trajectory, 
e.g. the production vertex or first hit. The linear relation 
then becomes

Equation (4) simplifies the problem considerably, and the 
task reduces to identifying a line among a set of points in 
the Sz-space.

Track Reconstruction at PANDA

The PANDA software framework, PandaRoot [16], con-
tains a variety of global and local track finding algorithms. 
While the global methods aim to take the whole detector 
into account, the local methods focus on one or few sub-
detectors, such as the Straw Tube Tracker. The approaches 
are based on methods such as the Hough transformation 
[17], triplet finding [18], or cellular automata combined with 
Riemann mapping [19]. Some of these are designed to be 
used only for the reconstruction of track originating from 
the primary vertex, using the beam/target interaction point 
as a constraint [17]. Others enable the reconstruction of the 
decay products of long-lived particles, which can originate 
up to a few meters away from the primary vertex [7, 19, 
20]. There have been efforts to parallelise these algorithms 
using GPUs [17] or FPGAs [21]. More recent developments 
involved adapting the track finders to the time-based data 
format that is a result of utilising a pure software trigger [19, 
20]. For the STT in particular, the existing local track finders 
focus on reconstructing the transversal track components.

The following studies use the primary track finder [22], 
which is currently the default track finder for the target 
spectrometer in PandaRoot. It is designed for offline use for 
tracks originating from the interaction point. The track finder 
begins the clusterisation with parallel STT hits, using a con-
formal mapping procedure, which maps hits lying on a circle 
onto a straight line. A road-finding algorithm then searches 
for hits lying on such lines. After the initial clusterisation, 
the track parameters are estimated using a Hough transfor-
mation. These parameters are then used to extrapolate to the 
hits in the MVD and include them in the track fit. A track 
candidate containing all clustered hits is produced, which 
already includes the skewed hits of the STT.

(3)S = (�0 − �)rQ,

(4)z(S) = tan �S + z0.
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Longitudinal Track Reconstruction

To supplement the track finders in PandaRoot, a set of 
algorithms dedicated to the extraction of longitudinal posi-
tion and momentum information of track candidates was 
developed and named the PzFinder after the third momen-
tum component pz . Since the PzFinder is used during the 
early stage of the track reconstruction, the particle trajec-
tory is approximated by a helix which is described as in 
Section “Track Representation”. The PzFinder requires the 
three parameters xc, yc , and Q/r to be known and provides 
estimates for �0 and tan � in return, yielding a complete 
description of the track.

The z-position for each hit in a skewed STT tube is 
extracted through an isochrone alignment procedure, illus-
trated in Fig. 4. The isochrone radius for each hit is deter-
mined beforehand outside the PzFinder. Since these tubes 
are skewed, the projection of the isochrone onto the xy-plane 
becomes an ellipse. The isochrone is aligned such that its 
centre position lies along the wire and is tangential to the 
particle trajectory. This alignment provides two solutions, 
introducing a left/right ambiguity with one solution on either 
side of the trajectory.

In the following, three different methods are presented to 
resolve this ambiguity.

Combinatorial Path Finder

A combinatorial approach was developed to find the 
“straightest” path from one end of the track to the other, 
similar to a track road procedure [23]. First, all possible 

connections between the (S, z) solutions of neighbouring 
STT tubes are determined. With two (S, z) solutions for 
each hit, this yields four possible connections between 
neighbouring tubes. Figure 5 illustrates the procedure. 
Having two (S, z) solutions per layer, there are four pos-
sible connections between two adjacent layers. Given a 
track candidate with N hits in the skewed STT layers, the 
total number of generated lines is 4(N − 1) . Since there are 
eight layers of skewed STT tubes, a typical track passing 
fairly straight through all these layers will have 28 connec-
tions to be considered.

The “straightest” path is determined by evaluating the 
cost function

Fig. 4  The isochrone alignment procedure. The isochrone ellipse in 
the xy-projection is aligned along the STT tube projection such that it 
is tangential to the track (black curve). Two possible solutions for the 
z-position are obtained, z

1
 and z

2
 . The red ellipse illustrates the initial 

assumption for the isochrone position
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Fig. 5  A visualisation of the combinatorial path finder. Reconstructed 
(S, z) points are shown as red crosses. a All possible connections are 
considered. The black lines are generated by the algorithm to calcu-
late angles. b Only the lines corresponding to the found path remain. 
The points encircled in blue are the (S, z) points that were selected as 
part of the straightest path. For comparison, the MC truth (S, z) points 
are shown as green stars
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where �j is the opening angle between two lines connecting 
at the same (S, z) point. With two possible points for each 
STT hit, this leaves 2N possible paths to be evaluated. To 
reduce the computational footprint, connections containing 
an opening angle smaller than 90◦ are discarded right away. 
Among the remaining points, the correct ones are chosen by 
minimising the cost function Eq. (5). In Fig. 5, the selected 
positions are marked by blue circles. For this example track, 
these positions are also the ones that are closest to the true 
positions, marked by green stars. This indicates that the 
selection process was successful.

The combinatorial nature of this approach brings about a 
possibly high computational cost. Since the STT has eight 
layers of skewed tubes, any fairly straight particle trajectory 
creates eight or, due to still having a slight curvature, nine 
skewed STT hits, resulting in 256 or 512 combinations to 
be evaluated. Tracks with a higher curvature can leave even 
more hits, increasing the number of combinations exponen-
tially. Furthermore, the algorithm assumes that all skewed 
STT hits have been correctly associated with the track by the 
preceding pattern recognition.

These considerations leave room for other options to be 
explored.

Hough Transformation

The Hough transformation [24] has been a staple in track 
reconstruction in particle physics for more than half a cen-
tury. It was designed to detect simple shapes, originally 
lines, but later also more complex one such as circles or 
ellipses [25]. Since the parameterisation of these shapes 
becomes part of the algorithm, it performs best when the 
points follow this parameterisation closely and the shape is 
not distorted by secondary effects such as energy loss. Since 
the problem at hand is about finding points on the same line 
in (S, z) space, it is reasonable to expect that the classical 
Hough transformation could be a good solution.

To avoid unbound parameters, the line is described using 
the Hesse normal form with the closest distance to the origin 
R and the inclination angle �:

In the Hough transformation, a set of lines is generated for 
each point. All lines go through the point, but at different 
inclination angles. The line parameters are then filled into an 
accumulator space that is spanned by � and R. In the accu-
mulator space, local maxima will emerge for line param-
eters that connect multiple points. In our case, the algorithm 
searches for only one line connecting the largest number of 

(5)w =

N−1
∑

j

(

180◦ − �j
)2
,

(6)R = z cos � + S sin �.

points. Hence, the corresponding parameters can be found 
by selecting the global maximum in the accumulator space. 
The (S, z) points contributing to this maximum are chosen 
as the correct ones. The procedure is illustrated in Fig. 6. In 
case the global maximum is ambiguous, i.e. two bins with 
the maximum number of entries are present, a line fit for 
both sets of (S, z) hits is performed and the bin resulting in 
the smallest �2 is selected as the correct one.

The computational cost of this procedure depends on the 
chosen size of the accumulator space. Based on the results 
given in Section “Hough Transformation Binning”, we use 
25 bins for R and 90 bins for � . Hence, for each (S, z) solu-
tion, Eq. 6 has to evaluated for 90 values of � to determine 
R. Since we consider the global maximum, the resulting 
25 × 90 array representing the accumulator space has to be 
searched only once.

Recursive Annealing Fit

Annealing procedures found their way into track reconstruc-
tion several decades ago [23]. One possible application is 
to remove wrongly matched hits from a track and thereby 
improve the track fit [26]. Thus, the recursive annealing fit 
operates by removing outliers within a set of measurements. 
The rejection of these outlying measurements can be based 
on the measurement of a residual, here the distance between 
one (S, z) point and a line fit to all (S, z) points.

The procedure is illustrated in Fig. 7. The initial line fit is 
performed to all (S, z) points in a track candidate. Since the 
detector resolution is much better in the transversal direction 
than in the longitudinal, only the uncertainty of the z-com-
ponent of the position is taken into account. Given that an 
iterative minimisation has to be performed, this is a helpful 
simplification of the fit. The line expression in Eq. (4) is 
fitted to the points to extract the slope tan � and the starting 
position z0 . The fit minimises the �2

with respect to the slope k and the intercept z0 . The index i 
runs over all (S, z) points and the uncertainty �z of the i-th 
hit is denoted �i.

The (S, z) points with the largest contribution to the �2 are 
rejected from the skewed STT hits after the initial fit. Spe-
cifically, the (S, z) point with the largest residual is removed 
and the remaining points are fitted anew. This procedure is 
repeated until one (S, z) point has been removed for every 
skewed STT hit.

There is a certain computational simplicity to this 
approach. Equation 7 has to be solved once for all (S, z) 
points. Since only one (S, z) point per hit has to be removed, 
it is sufficient to compare the residuals for the two points 

(7)�2 =

n
∑

i

(

zi − kSi − z0
)

�2
i

,
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belonging to the same hit. Calculating a new �2 is then done 
by subtracting the term corresponding to the removed point 
from the sum in Eq. 7.

Data Samples

To evaluate the algorithms, two different sets of data sam-
ples were simulated.

First, a single particle generator, derived from the gen-
erator present in FairRoot [27], was used to simulate 1000 
events with four muons, two of each charge, orginating 
from the interaction point and isotropically and mono-
chromatically distributed. This was done with each of the 
momenta of 0.1, 0.2, 0.5, 1.0, 2.0, and 5.0 GeV/c to cover a 
wide range of expected particle momenta. Muons have two 
main advantages: i) they interact mainly electromagneti-
cally with the detector material, hence their measurement 

is less obscured by strong processes compared to hadrons 
and ii) being 200 times heavier than electrons, they are less 
prone to change direction through scattering. The muons 
in these samples originate from the interaction point and 
are emitted uniformly within the acceptance of the Straw 
Tube Tracker, i.e. the polar angle � ∈ [22◦, 140◦] and the 
azimuthal angle � ∈ [0◦, 360◦].

More general data sets are provided by the Dual Parton 
Model generator [28], offering a realistic composition of 
known processes that occur in pp collisions. These include 
a broad range of final states, involving p,�,K,�, e as well 
as their respective anti-particles. Some of these are notori-
ously difficult to reconstruct and, hence, the efficiency is 
expected to be lower. Four samples at the beam momenta 
1.642, 4.6, 7.0, and 15.0 GeV/c, with 5000 events in each 
sample, were produced in this study. The first three points 
bear relevance to specific physics channels, whereas the 
fourth point corresponds to the maximum beam momen-
tum at which the PANDA experiment will operate.
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Fig. 6  A visualisation of the Hough transformation algorithm. a (S, z) 
points (red crosses) with three example hits highlighted. The MC 
truth (S,  z) points are shown for comparison (green stars). b–d The 

accumulator space after the line parameters of hits 1, 2 and 3 have 
been added, respectively
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Results

Efficienty and Purity

As a first step, the performance of the PzFinder is assessed 
by investigating the efficiency and purity of the (S, z) point 
selection, i.e. the resolution resulting from the left-right 
ambiguity. One correct and one false (S, z) point exists for 
each skewed STT hit. The (S, z) point closest to in z to the 
Monte Carlo truth position is then selected as the correct 
one. The selection efficiency is defined as

where Nhit is the number of found hits matched to one refer-
ence track and NMC

hit
 the total number of hits created by that 

reference track. The hit purity is defined as the ratio of found 
hits belonging to one reference track over the total number 
of found hits

The efficiencies and purities of the three algorithms are 
shown in Fig. 8 for the momentum points described in 
Section “Data Samples”. While all three algorithms reach 
80% for momenta above 0.2 GeV/c in both observables, the 
Recursive Annealing Fit performs best with efficiencies 
and purities above 95% . The Combinatorial Path Finder has 
consistently the lowest efficiencies at all momenta, reaching 
up to ≈ 85% . Its purity tends to be slightly better than the 
Hough transformation, but stays well below the Recursive 
Annealing Fit, reaching up to ≈ 85% . The Hough transfor-
mation achieves efficiencies of ≈ 90% , but has the lowest 
purities at slightly above 80% at higher momenta.

Hough Transformation Binning

The performance of the Hough transformation is sensitive 
to the chosen size of the accumulator ray, which can be 
expressed via the bin widths of R and � . At first glance, a 
higher granularity leads to a better resolution of the track, 
albeit by using a larger number of computations. However, 
the granularity is also limited by the detector resolution. In 
this section, we demonstrate how we educated our choice 
of an optimal binning that led to the results given in Sec-
tion “Efficienty and Purity”.

Different numbers of bins were tested on a sample of 
1 GeV/c muons: NR

bin
= 25, 50, 100 and N�

bin
= 45, 90, 180 

for the parameters R and � , respectively. Figure 9 displays 
the purity and efficiency for these binnings as a pseudo 

(8)� =
Nhit

NMC
hit

,

(9)purity =
Nhit

N tot
hit

.
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Fig. 7  A visualisation of the recursive annealing fit. The red crosses 
denote all possible (S, z) points, the blue line illustrates the fit made 
to the points encircled in blue. The Monte Carlo truth points are 
marked as green stars. a All (S, z) points are considered as possible 
solutions. A fit is applied to all of them. b The points furthest away 
from the fit are removed. c A final fit is applied to the remaining (S, z) 
points
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Receiver Operating Characteristics curve (ROC curve), 
illustrating the performance of binary classifiers.

The figure shows a range of binning choices, for which 
efficiency and purity have been determined. The param-
eter set closest to (1,1) on the curve is chosen as optimal. 
Henceforth, the Hough transformation was used with the 
parameters NR

bin
= 25 and N�

bin
= 90 . The optimal binning 

for this procedure depends on the detector resolution and 
thereby on the particle momentum. However, with fur-
ther increasing particle momenta, the momentum resolu-
tion increases and hence, this binning will remain a good 
choice.

Spatial Resolution

After selecting the (S, z) points of a track candidate with the 
PzFinder, the spatial reconstruction quality can be assessed 
by studying the z-position error

Δz = zrec − zMC for each hit. An example distribution for 
the reconstructed longitudinal position z of 1 GeV/c muons 
is shown in Fig. 10a. The standard deviation was approxi-
mated from the Full Width at Half Maximum (FWHM) 
using

Since the distribution does not always follow a well-defined 
Gaussian shape, we also provide the root mean square in 
addition. Figure 11 shows the Δz distribution mean, root 
mean square, and standard deviation for all three algorithms. 
Above particle momenta of 0.1GeV/c, the mean values of the 
distributions are close to zero. The root mean square values 
are around 3 cm for higher particle momenta. The standard 
deviation, on the other hand, quickly reaches values below 
5 mm. Even before using an adaptive fitting method, e.g. 
Kalman Filter [29], this comes close to the design value for 
the resolution of 3 mm [13].

The deviations arise primarily from the assumption of 
a helix shape for the track. The expected resolution from 
the calibration is already modelled in the isochrone radii. 
Furthermore, uncertainties from the mechanical positioning 
are expected to be even smaller (see Section “Straw Tube 
Tracker”) and not affect these results in a major way. This 
leads to false (S, z) matches for very small isochrone radii, 
in which case the true and the false (S, z) point are also 
very close to each other. This is reflected in the results of 

(10)�z = FWHM∕2.355.
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Fig. 8  Sample efficiency (a) and purity (b) of (S, z) points selected by 
the Recursive Annealing fit (black dots), Combinatorial Path Finder 
(blue upwards triangles), and Hough transformation (red down-

wards triangles) for the muon data sample as a function of the muon 
momentum. The statistical uncertainties have been calculated, but 
vanish behind the markers in the plot
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Section “Efficienty and Purity”. The impact of these false 
matches on longitudinal momentum resolution in Sec-
tion “Longitudinal Momentum Resolution” is minor.

Longitudinal Momentum Resolution

To assess the quality of the longitudinal momentum recon-
struction, we define the relative longitudinal momentum 
resolution as

with prec
l

 and pMC
l

 being the reconstructed and Monte Carlo 
momentum, respectively. Here, the reconstructed longitudi-
nal momentum was calculated from the slope in the Sz space 

(11)Res(pl) =

(

prec
l

− pMC
l

)

pMC
l

,

and the transversal momentum obtained from the primary 
track finder via the relation

An example distribution of the reconstructed longitudinal 
momentum pl for 1 GeV/c muons can be seen in Fig. 10b. 
The standard deviation was determined in same way as in 
Section “Spatial Resolution”. The quality parameters for the 
longitudinal momentum reconstruction are shown in Fig. 12: 
the mean of the longitudinal momentum distribution, the 
root mean square, and the standard deviation. All three algo-
rithms perform similarly, with the Recursive Annealing Fit 
slightly outperforming the others. The root mean square 
and standard deviation are lowest in the range of 0.2–0.5 
GeV/c. At lower momenta, the particle trajectories begin to 
deviate from the helix assumption due to distorting effects 

(12)pl = pt tan �.
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Fig. 10  Example distributions determining the distribution mean, root 
mean square, and standard deviation. A Gaussian function was fitted 
in both cases (red line). a The error of the reconstructed longitudinal 
position z of the (S, z) points. b The relative error of the reconstructed 

longitudinal momentum p
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 of the tracks. The plots were produced 

from a data sample with muons with a momentum of 1 GeV/c. The 
combined over- and underflow present in these plots is on a level of 
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like energy loss. This makes them more difficult to recon-
struct with accuracy and precision. At higher momenta, the 
particle trajectories become straighter, introducing a larger 
uncertainty to the momentum reconstruction.

Dual Parton Model simulations

In addition to clean muons, the PzFinder was tested on 
samples generated using the a DPM generator. The corre-
sponding quality observables are given in Fig. 13. Overall, 
the purity is slightly lower than for the muon sample, most 
notably in case of the Hough transformation. The lower hit 
finding purity of the PzFinder is correlated with a lower 
purity of the tracks reconstructed by the primary track finder 
for the DPM sample. When performing the Hough transfor-
mation, the lower track purity leads to a more washed out 
accumulator space and less accurate estimation of the line 
parameters. This gives rise to more false (S, z) selections. As 
before, the Recursive Annealing Fit outperforms the other 
methods in terms efficiency and purity, yielding values of 
95% and higher. The quality of the spatial and momentum 
reconstruction is comparable to the clean muon case.

Run‑time Performance

Efficiency, purity, and resolution observables take a domi-
nant role when assessing the applicability of our algorithm 
in an offline processing environment, i.e. after the experi-
ment was carried out and the data has been taken. During 
online processing, though, the reconstruction algorithms 
have to keep pace with the event and data rate of the ongo-
ing experiment.

Figure 14 shows timing measurements of four different 
cases, the event reconstruction without the PzFinder, and 
then with the PzFinder for each of its three different algo-
rithms. At present, both the primary track finder as well as 
the PzFinder have only been optimised for reconstruction 

quality, not execution speed. While full optimisation was 
enabled for the compiler (GCC 7.4.0), no explicit use of 
vectorisation or parallelisation was implemented. Hence, 
the results presented here serve rather as an orientation 
for future developments. The run-time is broken down 
into different parts of the code: The event reconstruction 
before the invocation of the PzFinder (yellow, horizontally 
striped), the interface between the PzFinder and Panda-
Root which consists mainly of exchanging data between 
the two (blue, vertically striped), the bulk of the PzFinder 
code (red, diagonally striped), which includes for example 
the isochrone alignment procedure and writing of output, 
but not the algorithm for resolving the isochrone ambi-
guity, which is displayed separately (green, solid). The 
measurements were repeated 5 times with 1000 events 
each. The average run-time was taken as the result. In all 
cases, the standard deviation was less than 0.036 � s. The 
machine used was an Intel Core i7-4770 CPU at 3.40 GHz 
inside a Desktop PC with no other non-essential processes 
running.

At present, the interface between the PzFinder and Pan-
daRoot adds the largest contribution to the event reconstruc-
tion time with close to 9 μs/event. With the goal in mind to 
keep the tool generically usable by multiple track finders in 
its prototype form, a lot of input and output data is being 
copied via a singleton run-time task manager. In the future, 
this can be mitigated or even circumvented, for example, by 
passing references and offering a more direct integration 
between the PzFinder and other track finders. The PzFinder 
sans ambiguity resolution itself adds about 60% to the execu-
tion time. Since this is the common part of the tool, future 
optimisation will benefit all configurations. Among the three 
algorithms for ambiguity resolution, the Combinatorial Path 
Finder adds the largest additional run-time with ≈ 2.4 μs/
event, close to the common part itself. The Hough transfor-
mation is about 2.5× faster with ≈ 0.9 μs/event. However, the 
Recursive Annealing Fit outperforms the others by an order 
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of magnitude with ≈ 0.1 μs/event, resulting in an almost neg-
ligible computational footprint.

These results were obtained for purely serial, single-
threaded versions of the algorithms. The various strate-
gies for accelerating the execution through vectorisation 
or parallelisation will likely benefit each algorithm differ-
ently, which will be investigated further in the future. For 
reconstructing track from the primary vertex online, when 
the average time between events can be as little as 50 ns, 
significant improvements for the run-time are required. Con-
sidering, however, the use of the PzFinder in the context of 
a dedicated track finder for particles with displaced verti-
ces, which occur many orders of magnitude less frequent, 
it could already serve as an adequate solution. It is also this 
case where the reconstruction of longitudinal track compo-
nents is the most beneficial.

Summary

We have implemented and investigated three different algo-
rithms for the reconstruction of the longitudinal momen-
tum in the Straw Tube Tracker of the PANDA experiment. 
Among these three algorithms, the Recursive Annealing 
Fit offered the best qualitative results, yielding efficiencies 
and purities of 95% and higher for particle momenta above 
0.2 GeV/c. Even without adaptive fitting, the reconstructed 
spatial and momentum resolution comes close to the design 
goals set for the detector. When compared to the other two 
methods, the computational simplicity results in faster exe-
cution times, which adds to its appeal. The longitudinal track 
information will complete the kinematic description even of 
those tracks that only leave hits in the Straw Tube Tracker. 

It will be particularly important for the selection of events 
involving long-lived particles.

The PzFinder is constructed in such a general way that 
it can be added or integrated into other track finding algo-
rithm, that only reconstruct transversal track components, in 
a straightforward way. The procedure should also be appli-
cable to other detectors of a similar geometry, for example 
the forward tracking stations of the PANDA detector. Fur-
thermore, the extrapolation of a locally reconstructed track 
to another subdetector would be a possible use case.
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