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Abstract

This study presents a real-time tracking algorithm derived from the retina algorithm, designed for the rapid, real-time track-
ing of straight-line particle trajectories. These trajectories are detected by pixel detectors to localize single-event effects in
two-dimensional space. Initially, we developed a retina algorithm to track the trajectory of a single heavy ion and achieved
a positional accuracy of 40 pm. This was accomplished by analyzing trajectory samples from the simulations using a pixel
sensor with a 72 x 72 pixel array and an 83 pm pixel pitch. Subsequently, we refined this approach to create an iterative
retina algorithm for tracking multiple heavy-ion trajectories in single events. This iterative version demonstrated a track-
ing efficiency of over 97%, with a positional resolution comparable to that of single-track events. Furthermore, it exhibits
significant parallelism, requires fewer resources, and is ideally suited for implementation in field-programmable gate arrays
on board-level systems, facilitating real-time online trajectory tracking.

Keywords Single-event effects - Retina algorithm - Iterative retina algorithm - Heavy ion - Particle tracking

1 Introduction

In recent years, there have been significant concerns over
the performance degradation of electronic devices caused
by radiation, along with various reinforcement measures
aimed at avoiding these adverse effects. As microelectronics

This work was supported by the National Natural Science
Foundation of China (No. 12205224), the Research Foundation of
Education Bureau of Hubei Province China (No. Q20221703), the
National Natural Science Foundation of China (Nos. 12035006,
U2032140), and the National Key Research and Development
Program of China (No. 2020YFE0202000).

P4 Zi-Li Li
zili_li@zjhu.edu.cn

< Ren-Zhuo Wan
wanrz@wtu.edu.cn

School of Electronics and Electrical Engineering, Wuhan
Textile University, Wuhan 430000, China

2 School of Science, Huzhou University, Huzhou 313000,
China

Strong-coupling Physics International Research Laboratory,
Huzhou University, Huzhou 313000, China

continue to advance toward greater complexity and miniatur-
ization, the failure mechanisms of space electronic systems
induced by natural radiation environments have also become
more complex and severe [1-4]. Currently, the main effects
of radiation-induced performance degradation in electronic
systems that have been identified are: total ionizing dose
effects (TID) [5], displacement damage effects [6, 7], and
single-event effects (SEE) [8]. Space missions have indi-
cated that SEEs are an important cause of anomalies and
failures in spacecraft operations [9]. Satellites from various
countries have suffered from the harm caused by SEE, which
originates from ionizing cosmic rays with high energy [10],
leading to two types of errors in spacecraft electronics. Soft
errors are mainly caused by a single-event upset (SEU) [11],
single-event transient (SET) [12], and single-event function
interrupt (SEFT), which can change the logical state of a stor-
age unit and lead to device dysfunction. However, the dis-
order is always temporary and can be restored. Hard errors
include single-event latch-up (SEL) [13], single-event burn-
out (SEB) [14], and single-event gate rupture (SEGR), etc.,
which can lead to permanent component damage and system
failure. Consequently, various methods have been adopted to
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conduct radiation tests and enhance the radiation resistance
of ICs used in spacecraft [15-18].

A common approach for SEE testing is to use heavy-ion
beams generated by accelerators on the ground to irradi-
ate electronic devices. This irradiation approach is always
employed to assess the overall radiation resistance of devices
rather than to evaluate the response of specific areas or
modules to heavy-ion impacts. To reinforce a device more
effectively against radiation, it is necessary to identify the
affected parts that trigger SEE and evaluate their sensitivity
to SEE. For the real-time localization of SEE, the capability
to promptly and effectively pinpoint the impact of radiation
particles on electronic devices under radiation exposure is
an important research direction. Therefore, it is imperative
to deploy a swift and proficient particle trajectory tracking
algorithm.

Research on tracking algorithms in high-energy physics
began quite early and continues to this day [19-22]. In terms
of traditional algorithms, Giinther et al. [23] enhanced the
event processing capacity of the “forward tracking” algo-
rithm by incorporating single instruction multiple data
(SIMD), including the Hough transform and cluster search
into crucial components, and ultimately improved the algo-
rithm’s event throughput by 60% for CERN’s Large Hadron
Collider beauty (LHCb) experiment. Hennequin et al. [24]
and others proposed a parallel reconstruction algorithm
for use in the vertex detectors of the LHCb experiment,
achieving ultrafast trajectory reconstruction and tracking
and meeting the goal of real-time data processing. In addi-
tion, machine-learning-based tracking algorithms have been
extensively applied in high-energy physics [25-28]. Ai et al.
[29] proposed a deep learning approach to reconstruct the
location and orientation of multiple heavy-ion tracks in gase-
ous drift chambers for a Cooler Storage Ring External Target
Facility Experiment (CEE) [30, 31]. Hu et al. [32] proposed
a fast multitrack location method based on deep learning to
fit each track of the incident heavy ions to SEE terminals at
the Heavy Ion Research Facility in Lanzhou (HIRFL).

A series of studies on retina tracking algorithms have
already been conducted. The retina algorithm [33-36] was
designed to locate curved trajectories of charged particles in
barrel-shaped track detectors under strong magnetic fields.
The results indicate that the tracking efficiency of the retina
reaches 95%, and a fixed 2.5 ps is required to process a ff
event. This demonstrates that the algorithm can fulfill the
particle-tracking identification requirements of the CMS
experiment in the spatial region of the outer track detector.

Among the studies on SEE localization fields, our previ-
ous work [37] proposed a method for directly locating SEE
by capturing the projected track of heavy ions using a sili-
con pixel sensor in a gas detector. One of the key issues to
be addressed is the requirement for real-time reconstruction
algorithms for heavy ions. Considering that the fast particle
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trajectory reconstruction capabilities of the retina algorithm
and MAPS chips are becoming prevalent in high-energy
physics for precise particle track measurements [38—42],
the retina algorithm was applied to SEE localization. The
primary goal is to explore the applicability of the retina
algorithm for tracking linear trajectories within the two-
dimensional (2D) space of pixel array sensors and assess
the performance of the algorithm by applying it to the recon-
struction of simulated heavy-ion tracks before its implemen-
tation on FPGAs in a realistic environment.

In the simulation, 25 MeV/u Kr ions were chosen to pass
through a gas chamber composed of Ar:CO, (70:30) at 0.8
atm and 300 K, resulting in the production of ionized elec-
trons along the trajectory. An electric field of 300 V/cm was
applied perpendicular to the pixel sensor plane in the gas
chamber to generate electrons that drift onto the pixel anode
of a Topmetal sensor [43—45]. Subsequently, the collected
electrons form a linear particle trajectory of the incident
particles, which serve as input samples for the algorithm.
This study introduces two variations of the retina algorithm
designed for tracking both single and multiple trajectory
samples, referred to as the original retina algorithm and the
iterative retina algorithm. The performance of the algorithm
was assessed by fine-tuning the granularity of the algorithm
and other parameters to optimize reconstruction accuracy
and tracking efficiency.

The results demonstrate that the iterative retina algorithm
achieves a remarkable slope resolution of 0.015° and posi-
tion resolution of 22.89 pm. These values are comparable
to those obtained using the noniterative retina algorithm.
Moreover, the iterative retina algorithm exhibited a tracking
efficiency of over 97%. These results confirm that the retina
and iterative retina algorithms effectively fulfill the task of
tracking linear particle trajectories obtained by pixel sensors
in SEE localization.

2 Principle of retina algorithm for linear
trajectory tracking

The retina algorithm is inspired by the recognition charac-
teristics of the biological retina, and is a pattern recogni-
tion algorithm invented to mimic the visual system of living
organisms. Theoretically, the retina algorithm can recognize
patterns using multiple parameters. In this study, the algo-
rithm was used to recognize straight-line trajectories pro-
jected onto a 2D plane for SEE localization.

The principle of tracking linear trajectories is as fol-
lows. First, the 2D parameter space of the straight-line
patterns is divided into several small units based on the
set granularity. Accordingly, a 2D parameter space array
is generated. Each unit in the array is called a retina cell in
the algorithm. The corresponding parameters are denoted



Retina algorithm for heavy-ion tracking in single-event effects localization

Page3of13 97

by (i, j). The elements from the target sample are then
input into the divided retina cell array. In each retina cell
cell;, the similarity weight value W;; | between the cell (i,
j) and each element v is calculated. After all the elements
in cell (7, j) are inserted, the Wij_v from all elements belong-
ing to the sample are accumulated as the sum result Sum;;
of each cell. Finally, following scanning of all the cells
from the defined retina cell array, the Sumij value of all the
cells is determined. The cell with the largest value of Sum;
is selected as the track, and the corresponding parameters
are found by the retina algorithm.

As inferred from the principle of the retina algorithm,
the calculation of W;; for each computing unit in the retina
computation array can be conducted concurrently. This
endows the algorithm with an extremely high parallelism,
short computational latency, and the potential to serve as
a real-time tracking algorithm.

The algorithm is divided into four steps as shown in
Fig. 1.

Step 1: Partition space to establish retina cell array.
Initially, the boundary conditions were set for the large
square array in both the horizontal and vertical directions
of the parameter space, pre-determining the array range of
values. Within this confined parameter space, the 2D space
is divided into I X J small square retina cells along both
directions. Consequently, the retina cell array comprised
I rows and J columns of computational cells, known as
retina cells, with the total count defining the granularity of
the algorithm. The horizontal array dimension comprises
cells Ry; : {Ry;,Ry5, ..., Ry;}, and the vertical dimension is
denoted by R;; : {R;, Ry, ..., R;1 }

Step 2: Individually input sample information into the
algorithm framework. For each sample, the similarity
weight was calculated in relation to each retina cell within
the algorithm.

Divide space to build retina
array

sample information with each retina

[Calculate the similarity weight of the]
line one by one

Calculate the sum of similarity weights for a
single sample

!

Walk through each Retina sum and ]

compare to select the maximum sum value

Fig. 1 Retina algorithm computation steps

u u

2
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Step 3: Calculate the sum of the similarity weights, denoted
by Sum,;, between a single case sample and each retina cell
(i, ). The formula is given in Eq. (1), where Wi, is the simi-
larity weight value between the retina cell at the i, row and
Jin column of the retina cell array (referred to as retina cell (i,
J)) and the v, element of the single case sample; d;; , is the
distance in the vertical axis direction between the v, element
of the single case sample and the retina cell (i, j); and Sumij
is the total sum of similarity weights between all elements of
the single case sample and the retina cell (i, j). In addition,
the variable o is an adjustment factor for the calculation and
is determined by the granularity of the retina.

Step 4: Scan all retina cells to obtain the value distribu-
tion of Sum,;. Finally, the retina cell with the maximum value
of the sum is identified as the linear particle trajectory, and
the corresponding position (i, j) is referred to as the param-
eter reconstructed by the retina algorithm.

To describe the use of the retina algorithm to track the
heavy-ion trajectory in 2D space, a detailed example is pre-
sented as follows.

In 2D space, a line in the Cartesian coordinate system
is represented by y = kx + b. Under these conditions, the
2D parameter space of the retina algorithm is defined as
(k, b). The horizontal axis represents the slope k of the line
predicted by the retina, with the value range set between -1
and 1, and the vertical axis represents the y-intercept b of
the predicted line, with the value range set from —1to 1. In
this example, k and b are both dimensionless. The scanning
granularity of the algorithm was set to i Xj =4 x4 = 16,
and the computational units in the entire parameter space
were set to the granularity range from cell,; ~ cell,,, where
cell;; represents the retina cell unit in the ith row and jth
column.

From the example, a “slope-intercept” 2D parameter
space is generated and shown on the left side of Fig. 2. In
the parameter space, the cell,; and cell,; correspond to lines

b y
cell11 | cell12 | cell13 | cell14 y=0.25x+0.25
cell21 | cell22 cell24
cel31 | ceiz2 |Ceizs | celiza K 0 X
.cell42 celld3 | celld4
y=-0.75x-0.75

Fig.2 retina parameter space (left) and corresponding prematched
line in the x-z plane (right)
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in the “x-y” 2D physical space, which are shown on the right
side of Fig. 2 as lines L3 and L, 4, respectively. The lines L
corresponding to these cell; are referred to as retina pre-
matched lines, and their corresponding linear expressions
are y = jx + i. After L; and cell; are defined, the sample
line trajectory is in the manner shown on the left side of
Fig. 3, which comprises the coordinates of the gray points.
The vertical distances between these coordinate points and
the retina-predicted line L,; are denoted by dy3 |, dp3 5, do3 3,
dy; 4. Subsequently, the sum of Eq. (1) in Sect. 2 is used
to calculate the similarity weight sum for the sample in
cell,,, denoted by Sum,;. In the same manner, all Sum val-
ues from the retina cell array can be determined. The value
distributions of the 16 sums, labeled Sum,, to Sum,,, can be
obtained, as shown on the right side of Fig. 3. To identify
the parameters of the trajectory, all 16 sums were compared
with each other, and the cell with the maximum value of the
sum was selected. The coordinates (i, j) of the selected cell
corresponding to the slope and intercept parameters of the
particle trajectory are identified and reconstructed using an
algorithm. In this step, the process of tracking and extracting
reconstruction parameters for a single straight-line trajectory
is completed using the retina algorithm.

Based on the aforementioned example, a simulation was
conducted to test the tracking function of the retina algo-
rithm. In the simulation, 2000 linear track samples were gen-
erated each time, and the ranges of values for the parameters
k and b were set to [0, 10]. In addition, the granularity of
the retina algorithm was set to four different values: 10 x 10,
20 x 20, 49 x 49, and 99 X 99. The results of the slope and
intercept resolutions of the line trajectories reconstructed
by the retina algorithm under the four different granularities
are listed in Table 1, where o, represents the standard devia-
tion for parameter k and o, represents the standard devia-
tion for parameter b. As the table shows, the precision of
the reconstructed parameters increases with the granularity
of the retina array. When the granularity of the algorithm
was increased to 99 x 99, the slope and intercept resolution
reached 0.03 and 0.14, respectively. These results are quite
precise and indicate the feasibility of the retina algorithm for
tracking linear trajectories.

Fig.3 Coordinate positions of
the sample and retina prediction
line (left), and sum distribu-
tion of the sample in algorithm
granularity of 4 X 4 (right)
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After obtaining preliminary results from the above simu-
lation, two types of tracking algorithms with fixed parame-
ters were designed for track fitting with heavy-iron particles.
One is a simple retina for tracking a single-track event, and
the other is an iterative retina for tracking multiple-track
events. The two algorithms are described in detail in the
following section.

3 Retina algorithm implementation
for single-particle track fitting

This section focuses on the experimental study of single-
particle trajectory tracking. Building on the foundational
steps of the retina algorithm, two novel parameters were
incorporated: a distance threshold and a pixel value weight.
These additions aimed to provide a more comprehensive
assessment of the tracking accuracy achieved using the
retina algorithm. For the analysis, single-track sample data
derived from a 5000-frame simulation via the Topmetal sen-
sor were utilized as the input for the algorithm.

3.1 Single-track event samples

When charged particles pass through a gas detector, a certain
number of electron-ion pairs are generated along the particle
track. Electrons and ions drift in opposite directions under
the influence of an electric field. The electrons are then col-
lected by the pixel array of a Topmetal sensor, which serves
as the anode, thereby converting the generated electrical
signal into a track image of the incident particles. When
placed on a single plane, the Topmetal sensor is capable of
providing one-dimension (1D) position information of inci-
dent particles. When two Topmetal sensors are strategically

Table 1 Distribution of slope

. . Granularity oy o),
resolution o, and intercept
resolution o, of the retina 10 x 10 0.31 1.38
algorithm under various
goram 20 % 20 0.16 07
granularities
49 x 49 0.06 0.27
99 x99 0.03 0.14
y ¢ ¢ Straight track b
? sample
d—‘f Retina sum11| sum12 |sum13| sum14
| d3 prediction line
d_2. sum21| sum22 |sum23| sum24
0 X sum31| sum32 2um33 sum34 k
od—1 sum41| sumd42 |sum43| sumd4
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placed on two orthogonal planes, 2D position information
of incident particles can be acquired.

The principle of using a Topmetal sensor to locate a sin-
gle heavy ion is illustrated in the upper part of Fig. 4. The
positioning module of the tracking detection device consists
of two identical positioning units, each of which has a flat
cathode and a silicon pixel sensor that acts as both an anode
and for track imaging. A 3D schematic of the device and
the internal structure of the unit are shown on the left side
of the lower part of Fig. 4. The device under test (DUT)
for SEL testing was placed on the right side of the second
unit. To minimize the edge effects of the electric field, a
cage structure composed of thin metal strips was added to
both sides of the electrodes. This addition aims to reduce
electric field distortion at the edges. Furthermore, the pixel
sensor was placed away from the boundaries of the unit to
minimize the impact of electric field edge effects as much
as possible. When high-energy heavy ions pass through the
units, the electrons produced along the track drift toward
the pixel array under the influence of the electric field. Dur-
ing the drift process, electrons diffuse, ultimately forming
a straight projected track of heavy ions on the pixel sensor.
The pixels with high brightness (yellow pixels) represent
the track of the heavy ion projected onto the x-z plane, as
shown on the right side of the lower part of Fig. 4. The posi-
tion between the positioning unit and the DUT was carefully

Fig.4 (Color online) Principle
and schematic of the heavy-ion
tracking detection device based
on a Topmetal sensor and the
track projection of a single
heavy ion

calibrated before testing. One positioning unit can provide
1D positional information for a single heavy ion; therefore,
two units can provide 2D coordinates of the heavy ion hit-
ting the DUT. During the track simulation, 25 MeV/u Kr
ions were used as incident particles with a gas composition
of Ar : CO,(70:30) at 0.8 atm and 300 K. The electric field
strength was 300 V/cm. The other detailed parameters are
listed in Table 2. The pixel array of the Topmetal sensor was
72 % 72, with a pixel pitch of 83 pm, and the effective area of
the pixel-sensitive region was 6 mm X 6 mm. During the fit-
ting process, pixels with analog values greater than 10 were
input into the algorithm to obtain the position information
of the heavy ion.

3.2 Retina algorithm parameter design

Based on the principle of the retina algorithm introduced in
Sect. 2 and combining the features of the particle linear tra-
jectory samples, the basic parameters of the retina algorithm
can be determined. The 2D parameter space of the retina
algorithm is (k, b). Here, k represents the slope of the line,
and the value range is set between —1 and 1. b represents
the y-intercept of the line, with values ranging from 0 to 72
times the pixel pitch. To conduct a detailed evaluation of
the algorithm, multiple levels of granularity were set for the
retina algorithm, ranging from 31 x 31 to 95 x 95.

X'4 pixel Sensor Anode X" X )
Cathode Device
o Under
= Track Projection E
3 AN
5
Unit 2
_lon__| (0909 bo, b 0]
ool B 5T

| Cathode
v

Unit 1"

Pixel Num

Table 2 Various conditions for

‘ . Parameter Value Parameter Value

the formation of a single track

on the pixel detector Particle types K26+ Height of incidence (mm) 1.5~5
Particle energy (meV/u) 25 Electric field (V/cm) 300
Gas Ar:CO4(70:30) Drift speed (cm/us) 0.7
Gas density (mg/cm?) 1.714 Diffusion coefficient (um/cm'/?) 150
Ionized energy W, (eV) 28.4 Pixel pitch (um) 83
Energy loss (keV/um) 3.06 pixel array 72%x72
Range of ions in gas (mm) 513
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To enhance the computational accuracy of the retina
algorithm, three new influencing factors were next incor-
porated in the process of calculating the weight value W
of the retina cell. These factors were the pixel value, pixel
threshold, and distance threshold.

First, based on the existing formula for calculating the
weight value W, the pixel value A, of each input sample
coordinate point n is introduced as an influencing fac-
tor. This implies that the pixel value of each coordinate
point in the input data contributes to the calculation of the
weight value W, which is likely to be a factor determining
the importance or influence of that particular point in the
processing of the algorithm. The pixel value An of each
input sample’s coordinate point n was first incorporated
as an influencing factor into the original formula to cal-
culate the weight value W. With this change, the formulas
for calculating W and Sum are expressed as Eq. (2). This
resulted in pixels with higher brightness in the trajec-
tory sample having a higher matching weight for the pre-
dicted line L, represented by the corresponding cell. This
improved the tracking accuracy of the retina algorithm.

&2

Sumij = i W,Lk = iA" -e 25 2)
n=1 n=1

Second, two parameters, the distance threshold (denoted as
Aipreshold OF dy,) and pixel threshold (denoted as A eshoid OF
Ay), were introduced into the algorithm, and the calculation
formula was modified from Eq. (2) into Eq. (3). Given that
a sample of a straight-line trajectory contains a large num-
ber of valid coordinate points, the introduction of these two
thresholds, dy;, and Ay, enables the algorithm to disregard
the coordinate positions that are significantly far from the
predicted line L (d;; , > dy,) or have a low pixel value (4,).
This improvement not only reduces the computational bur-
den but also enhances the tracking efficiency and accuracy
of the algorithm.

Sumij = Z Wl«j_,,
n=1
m d,?;) (3)
=Y, { e dy , < dy AA, 2 Ay,
n=1 0, dij_n > dth VAn < Ath'

Third, based on the heavy-ion trajectory samples, the pixel
threshold value Ay, is set to 10 brightness levels, and the dis-
tance threshold d,;, is set to 1.5 X the bin size of the retina cell
along the intercept parameter, which is equal to (1.5 X 83 X
72/ J) pm, where J is the granularity of the retina algorithm
along the intercept parameter.
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3.3 Performance results of tracking of single-track
event samples

After setting the parameters of the retina algorithm, a com-
plete simulation test was conducted to evaluate its ability to
track single-trajectory samples. Three parameters were used
as criteria for measuring the accuracy of the algorithm: slope
resolution, intercept resolution, and comprehensive position
resolution of the reconstruction.

For single-track sample data, each frame contains one track,
assuming that the number of frames obtained from the Top-
metal sensor is N, and the slopes of the N original straight-line
samples are [kl, ky, ks, ...y kN]. If the slopes of each trajectory
reconstructed by the retina algorithm are [K 1, K5, Ks, .. K, N],
the slope resolution o}, can be expressed as

(ky — K)? + (ky — Ky)* + ... + (ky — Ky)?
N-1 ‘

oy = sqrt[

“
Similarly, the reconstruction resolution of the longitudinal
intercept, denoted o, is defined as

(by = B))* + (b, — By)* + ... + (by — By)?
o, = sqrt s
N-1
)
where [bl, by, bs, ..., bN] represents the longitudinal inter-

cepts of the N original line samples, and [B1 ,By,Bs, ..., BN]
corresponds to the longitudinal intercept parameters of each
track reconstructed by the retina algorithm.

P§+P§+...+P,2V
P =sqrt ,
s =547 T (©)
72
lyi — Y;l
El ok ©)

P=
72
Position resolution is commonly employed as a key metric
in the assessment of the tracking performance for straight-
line trajectories. Based on the samples and algorithms used,
the calculation method for the position resolution (P,.,) is
expressed in Eq. (6). where Py is the trajectory reconstruc-
tion position deviation obtained from the N, sample, and its
calculation formula is shown in Eq. (7). Consider a scenario
in which the original 2D parameters of a linear trajectory in
the sample are represented by (k, b), and the 2D parameters
reconstructed by the algorithm are (K, B). Consequently, the
original linear trajectory is described by y = kx + b, whereas
the reconstructed linear trajectory follows y = Kx + B. When
the variable x assumes values ranging from 0 to 71 times the
pixel size, i.e., [0, 1 X 83 pm, 2 X 83 pm, ..., 71 X 83 pm],
the resultant values for the original and reconstructed
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tracks can be denoted as [yl Y2, V3,
[Yl, Y,, Y5, ... .Yy, Y72], respectively.
During the process of reconstructing the single-track sam-
ples, we explored the impact of varying the granularity param-
eters on the reconstruction accuracy of the retina algorithm.
This relationship is illustrated in Fig. 5a and b presents the
detailed distributions of the algorithm’s reconstruction reso-
lution of the slope, resolution of the intercept, and position
resolution at different granularities. The results indicate that,
as the granularity of the algorithm increases, there is a cor-
responding enhancement in the tracking accuracy, which is
particularly noticeable in the improvement of the intercept and
position resolutions. However, beyond a certain granularity
level, further increases do not significantly enhance tracking
accuracy, which tends to stabilize at a certain value. At this

. ,)’71’)’72] and

0.050
0.025

0.000 H—*\lﬂ\r-—a—n—n—n—n—m—-—m—n—-—‘

—0.025
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(a)
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Y
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-t —_
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35 1 S

01— T T T T T T T — 35
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(b)

Fig.5 Distribution of slope, intercept, and position resolution of
tracking at different granularities

point, the accuracy of the reconstructed linear trajectory pre-
dominantly depends on the precision of the trajectory samples
and the intrinsic properties of the detector, aligning with the
theoretical expectations of the algorithm.

In practical applications of the algorithm, it is crucial to
strike a balance between granularity and accuracy. The goal
was to minimize the algorithm granularity to reduce the com-
putational load while still satisfying the resolution required for
recognition. For the single-track reconstruction detailed in this
study, a set of algorithm parameters was optimized, as listed in
Table 3. Specifically, the variance o was set to 0.8, the distance
threshold was set to 0.4 pixels, and granularity was set to 72 X
100. The resulting calculations yielded an angular resolution o,
of 0.573° and longitudinal resolution o, of 25 pm, as shown in
Fig. 6a. These results demonstrate that the algorithm maintains
an angular error within 0.6° and a longitudinal error within 1/3
of the pixel pitch (83 pm), thereby confirming its accuracy in
track reconstruction.

Furthermore, by applying the retina algorithm with the
established parameters, a distribution graph illustrating the
position resolution was obtained from 5500 single-track sam-
ples, as depicted in Fig. 6b. The solid black line in the figure
illustrates the actual distribution of the resolution deviation,
and the red curve was obtained via Gaussian fitting. This distri-
bution reveals that, under these conditions, the final positional
resolution of the retina algorithm is approximately 23 pm,
which is notably less than 50% of the pixel pitch (83 pm).
This resolution level indicates that the algorithm preliminar-
ily meets the resolution requirements of Topmetal sensors for
tracking the linear trajectories of heavy ions and is expected to
achieve a higher positional resolution at higher pixel densities.

4 Implementation of iterative retina
algorithm for multitrack event fitting

The retina algorithm performs well by reconstructing the tra-
jectories generated from single-track event samples. The retina
algorithm needs to evolve to handle multiple event samples. To
meet the practical requirements, an iterative retina (IR) algo-
rithm was proposed and applied to track multiple trajectories.
Samples based on multiple trajectory events (referred to as
multitrack events) were used as inputs for the IR algorithm.
The efficiency and resolution of the IR algorithm are discussed
at the end of this section.

Table 3 Parameter settings in

Granularit A
the algorithm and distribution v ¢ th

Number of Samples  d,

o, (°) o0, (pm) Position resolution (um)

of experimental results 72 %72 0.8

10 pixels 5500

0.4 pixel 0.573 25 23
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Fig. 6 Distribution of the deviation of the vertical intercept b (a) and
position (b) counting 5500 single-track event samples in the case of
retina scanning granularity of 72x100

4.1 Multitrack event samples

Under the same conditions and environment as when gener-
ating single-track event samples, multiple Kr ion beams were
inserted during multitrack event generation. In this manner,
the Topmetal sensor can obtain data samples formed by mul-
tiple straight-line trajectories each time, as shown in Fig. 7.
These data samples were multitrack event samples used as
the input for the IR algorithm. The simulation parameters
of the multitrack event samples were the same as those of
the single-track event samples in Sect. 3.1. For multitrack
positioning, the beam should be uniformly distributed in the
cross section, and the beam size can be adjusted to cover the
area of the DUT by a collimating orifice, while the beam
width should be smaller than the detectable width of the
positioning module. The experiment showed that the maxi-
mum beam flux of the Kr ions was 103 ions/(cm?- s) under
room conditions, corresponding to approximately five tracks

@ Springer

Pixel.Num

0 10 20 30 40 50 60 70
Pixel.Num

Fig.7 (Color online) Pixel distribution graph of a multitrack event
sample in the x — z plane

in each frame. At higher fluxes, the tracks overlap signifi-
cantly and cannot be distinguished effectively [37]. Consid-
ering the pixel size of the Topmetal sensor, during the event
generation process, the number of incident Kr heavy ions
in a single-event sample was set between three and seven.

4.2 Principle of iterative retina algorithm

Compared with the single-track event tracking case, in the
multitrack event case, all particle trajectories present in the
event must be identified simultaneously. This requires the
algorithm to determine the ability to find maximum sum
values. According to the principle of the retina algorithm,
only one retina cell with the maximum sum value in a given
2D parameter space is found each time. Therefore, an addi-
tional IR algorithm was designed to satisfy the requirement
of determining the maximum sum values in a given region.

The main concept of the IR algorithm is to run the retina
algorithm iteratively. Consider the two-iteration retina algo-
rithm as an example (shown in Fig. 8). In the first iteration,
the full parameter space is divided into / X J retina com-
puting units, and these computing units are referred to as
super retina cells (supercells). Scanning using the first retina
algorithm enables the sum of the samples to be obtained
for each supercell. Supercells with sum values exceeding
the threshold Sum,,; (represented by blue squares in Fig. 8)
are selected and entered into the second round of the retina
algorithm for iterative calculations. In the second iteration,
the parameter space contained in each selected supercell is
further divided into Q X Q retina computing units, which are
regarded as ordinary retina cells. After the second round of
scanning, the retina cell with the maximum sum value from
the selected supercell is selected. The sum values with the
threshold Sum,,, are then compared. If the sum exceeds the
threshold Sum,,,, a pattern is successfully identified in the
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Fig.8 Steps of the two-iteration
retina algorithm

The first super cell

finds a valid track

m

The second super

cell did not find a

-

- valid track

| The NTH super
cell found a

For the first iteration, n
super cells are selected

cell space, as indicated by the red squares in the cell area in
Fig. 8. If it does not exceed the threshold Sumy,,, no valid
pattern is matched to that supercell. The values of Sum,y,;
and Sum,,, are related to the number of elements in each
input sample.

This study employs a second-order iterative retina algo-
rithm for tracking trajectories in multitrack event samples.
The granularity is set to Z X Z in the first iteration and Q
X Q in the second iteration. The settings for the pixel and
distance thresholds in both iterations aligned with the rules
established for the ordinary retina algorithm, as described in
the previous section. Furthermore, two additional filtering
thresholds, Sum,,, and Sum,,,,, were implemented to identify
the retina cell units where the maximum values were located,
thereby facilitating the completion of the tracking task. The
algorithmic process designed for this purpose is illustrated
in Fig. 9.

In addition, compared to the simple retina algorithm,
the IR algorithm can reduce the computational load of the
entire algorithm when the scanning granularity is the same.
Assuming that the IR algorithm selects H supercell units
in the first iteration, the total number of retina computation
units that must be calculated is (Z X Z + H X Q X Q). For
the simple retina algorithm, to achieve the same granularity
of the scanning computation, we need to compute (Z> x 0?)
retina cells. Therefore, the computational load of the IR
algorithm is (1/Z% + H/Q?) times that of the conventional
retina algorithm.

4.3 Efficiency calculation of IR track algorithm

In addition to the resolution of the reconstruction param-
eters, the efficiency of the algorithm is an important factor in
determining its performance in the case of multitrack event
samples. According to the trajectory results identified by the
IR algorithm, the matching patterns of the identified trajec-
tories can be classified into three main categories, defined
as follows.

valid track
The second Select an
iteration traverses effective track
retina cells

‘ Feed the data into the ‘

No coarse neuron

Stop

T
’ Take out coarse neurons that exceed
the threshold

‘ Scan this coarse neuron l

{

’ Select the neuron with the greatest weight ‘

)
’ Use this neuron as the output }7

Fig. 9 Work flow of the IR algorithm

e Perfectly matched trajectory: The trajectory identified by
the algorithm is uniquely identical to the trajectory in the
multitrack event samples.

e Overmatched trajectory: Identified trajectories are the
same as those in the multitrack event samples, but more
than one exists.

e Unmatched trajectory: A trajectory that exists in the mul-
titrack event samples but is not present in the identified
results of the IR algorithm.

The trajectories belonging to the first two cases are valid
tracks reconstructed by the IR algorithm, whereas the tra-
jectories belonging to the third case are missing tracks that
the IR algorithm does not find. For example, the IR algo-
rithm can be used to trace N multi-trajectory samples and
identify M heavy-iron trajectories. In the resulting analysis,
these M trajectories must be classified individually accord-
ing to the matching pattern defined above. The classifica-
tion and statistical processes for the three matching patterns
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Fig. 10 Flow process of the perfectly matched/overmatched/
unmatched trajectory (Nyepear/Nmiss/Nirue) cOUNting

rue

(Nrepeat/ Nimiss/Nirye) are shown in Fig. 10. In this process,
the existing trajectories from the multitrack event sample are
taken as input and sequentially compared with all the trajec-
tories found by the IR algorithm. The number of identical
coordinate points (denoted as Num,) between each existing
trajectory and the trajectory identified by the IR algorithm
is counted, and a judgment is made based on the value of
Numy. This process determines whether the two trajectories
match. Each successful match increases the match count
by one. After inputting and analyzing all original trajectory
samples, the matching count F, where F equals 1, represents
a perfectly matched trajectory. However, a matching count
F greater than 1 for a straight trajectory indicates an over-
matched trajectory, whereas a matching count F equal to
zero represents an unmatched trajectory.

Ny — N,

efficiency =l mis o 100%, (8)
all

Nall =Ntrue + Nrepeat + Nmiss' (9)

After statistical results are obtained for the three types of
matched trajectories, namely, Nyepeqrs Nppigs> and Ny, in the
IR algorithm, the efficiency of the algorithm can be calcu-
lated using Eq. (8), where N, denotes the total number of
trajectories originally present in the sample. The relation-
ship between N, and Ny.,o/ Nyepea! Nmiss 15 given by Eq. (9)

true’ 4 Yrepeat’ £ Y miss
as follows:

4.4 Performance of the IR algorithm for tracking
multitrack event samples

The performance of the IR algorithm was tested according
to the methods introduced in the previous subsections. Dur-
ing testing, IR algorithms with different granularities were
configured to comprehensively evaluate the performance of
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the algorithm. The results also provide detailed parameter
references for implementing the IR algorithm in real-time
FPGA devices. The tracking results of the IR algorithm are
presented in the following figures.

Resolution results for the reconstructed parameters are
shown in Fig. 11a and b show the distribution of the recon-
struction resolutions of the slope, intercept, and position
under different granularities of the IR algorithm. In the fig-
ure, a parameter loop is used instead of the granularity of
the two-iteration retina algorithm. The relationship between
the loop and the granularity of the two iterations is given
by loop = Z X Q, where the granularity of the first iteration
of the retina algorithm is Z X Z, and the granularity of the
second iteration is Q X Q. Ten different granularities were
set from loop=ZX Q0 =8%x10toloop=ZXx Q0 =19x%x 11
in the IR retina result analysis. As the graph shows, under
different granularity situations, the reconstruction parameter
resolution of the algorithm remains stable. This differs from
the case of using the retina in a single-track event, where
the smallest granularity (loop = Zx Q = 8 X 10) in the IR
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Fig. 11 Results of the reconstruction resolution for slope k (a), ver-
tical intercept b, and position resolution (b) in the case of different
granularities of the IR algorithm
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algorithm is already sufficiently high to reconstruct tracks
accurately. Therefore, with other parameters set reasonably,
the IR algorithm can accurately match the positions of the
lines, achieving a high level of tracking accuracy that meets
the basic requirements for tracking.

In addition, compared with the single-track event case,
the position resolution in the multitrack event case is
degraded from 40 to 50 pm on average under the same gran-
ularity. This is because, compared to the retina algorithm,
in the case of the IR algorithm, we appropriately lowered
the threshold-setting standard during the two-iteration scans
to maintain the efficiency of the IR algorithm at over 90%.
Approximately, 8% of the overmatched trajectories were
generated by the IR algorithm. The overmatched trajectories
have a lower position resolution than the perfectly matched
trajectories; they reduce the overall position resolution of
the IR algorithm. In our future study, an additional judg-
ment process will be added after the IR algorithm to remove
those overmatched trajectories and turn them into perfectly
matched trajectories.

The tracking efficiency of the IR algorithm is presented in
Fig. 12. The figure shows that a finer granularity can signifi-
cantly improve the tracking efficiency of the IR algorithm.
The main reason for this is that in the case of lower granu-
larity, the parameter space covered by each supercell in the
first iteration of the algorithm is too large. This significantly
increases the probability of two or more original lines from
different samples falling into the same supercell space. After
the second calculation, the IR algorithm will only find one
of these original lines, leading to the omission of the oth-
ers and resulting in lower efficiency. When the granularity
loop is greater than 140, the efficiency of the IR algorithm
can exceed 90%, making the algorithm reliable and suit-
able for multitrack event sample tracking. In addition, due to
the multi-event sample used in this study, no crossing cases
occurred between the trajectories in the 72 X 72 silicon pixel

100

95 4

90 4

85 4

Efficiency(%)

80 -

75 1

80 100 120 140 160 180 200
Loop

Fig. 12 Efficiency result in case of different granularities of the IR
algorithm

detector space. During the simulation, we found that the
algorithm recognized only fake trajectories when there were
intersections between the trajectories. Under these condi-
tions, the IR algorithm provided a purity of 100%. All tracks
found by IR can be matched with the tracks existing in the
multi-event sample.

Finally, the optimal combination of granularity and
parameters was determined. A total of 30,000 straight-line
reconstructed trajectories obtained from 5,000 multiparticle
trajectory samples were counted and analyzed. The track-
ing performance of the IR algorithm for this combination
is listed in Table 4. From the table, the granularity of the
IR algorithm was set to loop = Z X Q = 10 X 19, and the
efficiency of the IR algorithm reached over 97% with a posi-
tion resolution of 53 pm. The performance results indicate
that the IR algorithm presents a high tracking efficiency for
multitrack heavy-ion samples while providing acceptable
reconstruction accuracy. This meets the requirements for
SEE located in 2D space on the Topmetal pixel detector
platform.

5 Conclusions

In this study, a tracking algorithm based on the retina algo-
rithm was developed to recognize and reconstruct linear tra-
jectories in 2D space for SEE localization. For the gas detec-
tor, a Topmetal sensor with a 72 X 72 pixel array and a pixel
pitch of 83 pm was selected to simulate single and multiple
linear track event samples of 25 meV/u heavy ions under
the gas condition of Ar:CO, (70:30) at 0.8 atm and 300 K.
The retina algorithm then processed single-track samples,
whereas the iterative retina algorithm handled multitrack
events. The simulation results showed that the algorithm
achieved a track position resolution of 40 pm for both sin-
gle- and multitrack events. In addition, the iterative algo-
rithm achieved a tracking efficiency exceeding 97%. These
results indicate that the retina algorithm is highly effective
at tracking the linear trajectories of heavy ions using a pixel

Table 4 Performance results of the IR algorithm under the granular-
ity of loop =19 x 10

Parameter Value Parameter Value
ZXZ 19%x 19 Ny 30,000
oxQ 10x 10 Nive 26806

c 9.5 Niepeat 2415

o 0.4 Npiss 779
Pixel threshold 10 pixel Efficiency 97.4%
d_threshold 3.4 pixel Variance k 0.009 rad
d_threshold_I 0.25 pixel Variance b 63 pm
Position resolution 53 pm
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detector. Furthermore, its high parallel-scanning comput-
ing capability is promising for online tracking applications.
Efforts are being made to implement the retina algorithm in
FPGA devices to achieve rapid online track fitting for SEE
localization, targeting processing times of 5 ~ 8 ps per event.
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