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Abstract

We present an automated pipeline for detecting meteor trails in single-frame,
half-minute-cadence all-sky images acquired by the Digital Autonomous Fireball
Observatories (DAFO) network. Unlike existing approaches that rely either on
handcrafted feature extraction or purely data-driven methods, the proposed

system combines classical image processing techniques (Radon transformation and
Fourier-transformation-based filtering) with a convolutional neural network (CNN)
for robust classification of candidate trails. The method is specifically designed for
fish-eye camera images and operates without dependence on a particular hardware
configuration. It addresses limitations of our previous approach Suk and Simberové
[1], namely high false-positive rates and insufficient robustness to ambiguous trails
such as blinking satellites and airplanes. The proposed pipeline was evaluated on
data from eleven nights across multiple observatories. For clearly identifiable meteor
events, the method achieves a precision of 93.9% and a recall of 95.3%, with near-
complete detection of all observable meteors not obscured by ground objects.

The system also significantly reduces the number of false detections compared to
earlier methods. These results demonstrate that combination of classical detection
techniques with modern neural network classification provides an efficient and
computationally feasible solution for large-scale automated meteor monitoring.

Keywords Meteor detection, Autonomous fireball observatories, Fish-eye camera,
Radon transformation, Convolution neural network

1 Introduction
The detection of meteors in wide-field astronomical images is an important task for
studying meteoroid flux, atmospheric entry processes, and the physical properties of
small solar system bodies. Modern meteor observation networks, such as all-sky cam-
era systems, generate large volumes of image data that require automated processing to
enable efficient analysis 1.

Traditional approaches to meteor detection are typically based on handcrafted image
processing techniques, such as thresholding, Hough or Radon transformations, and
temporal differencing. These methods are computationally efficient and interpretable,
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but they often struggle with complex observational conditions, including varying back-
ground illumination, cloud coverage, and the presence of artificial objects such as air-
planes and satellites.

When a meteor is recorded by at least two observatories, we can compute its trajec-
tory. This allows us both to identify potential meteorite fall locations and determine the
origin of the corresponding meteoroid (a meteor for which both orbital information and
recovered meteorite material are available is sometimes called meteorite with pedigree).
When many trails from a meteor shower are recorded, they can contribute to our under-
standing of the physics. E.g. Joiret and Koschny [2] deal with the Southern Delta Aquari-
ids meteor shower. A meteorite found thanks to DAFO is described in Spurny et al. [3].

In recent years, machine learning methods, particularly convolutional neural networks
(CNN ), have been increasingly applied to astronomical image analysis, e.g. a new non-
meteoric paper [4] or an older one about meteors [5]. These approaches offer improved
robustness and adaptability compared to purely handcrafted methods. However, fully
data-driven solutions require large, well-labeled datasets and may lack transparency in
decision-making. In the context of meteor detection, the available labeled data are often
limited, and the variability of observed phenomena poses additional challenges.

The Digital Autonomous Fireball Observatories (DAFO) network provides a valuable
source of all-sky fish-eye images with half-minute cadence. These data are characterized
by strong geometric distortion, varying observational conditions, and the presence of
numerous non-meteor trails, such as satellite tracks and airplane signals. Efficient pro-
cessing of such data therefore requires methods that are both robust and computation-
ally feasible.

In our previous work Suk and Simberova [1], we developed a detection pipeline based
primarily on classical image processing techniques. While this approach demonstrated
practical applicability, it exhibited several limitations, including a relatively high rate of
false detections and reduced robustness in the presence of ambiguous or weak trails.

The present work addresses these limitations by introducing a hybrid detection pipe-
line that combines classical signal processing methods with modern machine learning
techniques. Candidate trails are first extracted using the Radon transformation and fur-
ther filtered using the criteria based on the Fourier transformation. These candidates are
then classified by a convolutional neural network into multiple classes representing dif-
ferent types of observed trails.

This hybrid approach leverages the strengths of both methodologies: the efficiency and
interpretability of classical techniques and the classification power of neural networks.
In contrast to purely data-driven approaches, the proposed method reduces the depen-
dence on large training datasets while maintaining robustness to challenging observa-
tional conditions.

The proposed system is specifically designed for single-frame fish-eye images and does
not rely on temporal information or specific hardware configurations. This makes it
suitable for deployment in distributed meteor observation networks and for processing
archival data.

The main contributions of this work can be summarized as follows:

+ A hybrid meteor detection pipeline combining Radon transformation, Fourier-based
filtering, and CNN-based classification.
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+ A multi-class classification framework capable of distinguishing meteors from
various types of non-meteor trails, including satellites and airplanes.
+ An evaluation on real observational data from multiple observatories, demonstrating

high detection reliability and low false-positive rates under realistic conditions.

The paper is organized according to the algorithmic workflow. Section 2 describes data
acquisition; Sect. 3 provides an overview of the algorithm; Sect. 4 discusses preprocess-
ing (masking of ground objects and differencing of adjacent frames); Sect. 5 explains the
Radon transformation application; Sect. 6 presents the Fourier test; Sect. 7 addresses
terminal bursting meteors; Sect. 8 describes the neural network; Sect. 9 shows our

results; and Sect. 10 concludes the paper.

1.1 State of the art

The automatic detection of meteor trails in visual data has been a long-standing chal-
lenge in astronomical image processing. Several approaches have been developed over
the past decades, typically designed for specific image acquisition hardware, which often
limits their general applicability.

1.1.1 Video-based detection systems

Many established systems focus on processing video sequences obtained from dedicated
meteor detection networks. For example, Molau [6, 7], and the UFOCapture software by
SonotaCo [8] have been widely used within the European and Japanese meteor observa-
tion communities. Further developments can be found in Gural et al. [9], Gural [10], and
McGarvey et al. [11].

The CAMS (Cameras for Allsky Meteor Surveillance) network employs automated
software to detect meteor showers in the night sky and validate entries in the IAU Work-
ing List of Meteor Showers, [12—14].

Similarly, the Croatian Meteor Network (CMN) has developed custom software for
video-based meteor detection and trajectory reconstruction [15]. A new algorithm for
the Allsky 7 data was published in Sennlaub et al. [16]. Anghel et al. [17] processes data
from Romanian Meteorites Orbits Reconstruction by Optical Imaging (MOROI) net-
work of video cameras.

Although effective within their respective environments, these solutions are closely

tied to their camera systems and require precise tuning, limiting their portability.

1.1.2 Radar and radio-based methods

Alternative meteor detection strategies have also been developed using radar and radio
techniques. The BRAMS (Belgian RAdio Meteor Stations) project in Belgium [18] and
MeteorScan are notable examples that enable meteor detection under cloud cover or
during daytime. Mallama and Espenak [19] also employed similar methods. Grigg et al.
[20] deal with the meteor ionisation trails in radio images. Vankawala et al. [21] investi-
gate very low frequency radio emissions from meteors. While powerful, such methods
lack the visual data needed for morphological classification and trajectory visualization.
Li et al. [22] evaluates the data collected with the Jicamarca 50 MHz incoherent scatter

radar by the convolutional neural network.
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1.1.3 Classical image processing approaches

Before the widespread use of machine learning, many efforts relied on handcrafted fea-
ture extraction techniques. The Hough transformation has been used in works such as
Trayner et al. [23], Cheselka [24], and Reffet et al. [25] to detect straight-line features
associated with meteor trails. Our own earlier research [1, 26] applied the Hough and
Fourier transformations to identify linear structures and periodic signals (e.g. dashes
from electronic shutters).

1.1.4 Deep learning and neural network methods

In recent years, deep learning techniques have been introduced to overcome the limita-
tions of classical methods. Roman and Buiu [27] explored self-organizing maps for clas-
sification, while Gural [28] applied recurrent neural networks on light curves and CNN
on imagery chips for shallow layered and less computationally intense CNN to detect
meteors. It actually operates on the single streak from multiple “stacked” video frames.

More recently, Cecil and Campbell-Brown [29] integrated CNNs into meteor detec-
tion pipelines within the Canadian Automated Meteor Observatory (CAMO). Another
modern development is the work of Ciocan et al. [30], which applies CNN-based image
analysis to data collected from weather balloons and airplanes, demonstrating resilience
to camera motion. Shirasuna and Gradvohl [31] use the architecture of the network with
an attention mechanism. Pefia-Asensio et al. [32] combines Grad-CAM algorithm for
meteor tracking and ResNet-34 neural network for their classification.

These learning-based methods show significant promise in improving generalization
and reducing false detections. However, their application is often limited by the size and
quality of available training datasets, the specific characteristics of video streams, and
the lack of cross-system standardization.

2 Source of data

Our source of data is DAFO (Digital Autonomous Fireball Observatories) network
thanks to Pavel Spurny and his team in the Czech Republic; details can be found in [33].
DAFO consists of 21 observatories distributed over Czechia, Slovakia, Austria and Ger-
many distanced less than 200 km from each other. In addition to the necessary electron-
ics, each autonomous observatory includes two specialized fish-eye digital cameras that
observe the entire sky and operate in dual mode. The cameras are labeled as camera 0

and camera 1.

2.1 Digital camera parameters
Each camera alternates between 35 s of image capturing and a 25-second pause for data
storage, with a 5-second overlap, see Fig. 1. The active phase of the camera is interrupted
with a frequency of 15 Hz and a duty cycle of 50%, i.e., 1/30 s exposure and 1/30 s pause;
every 15th pause is omitted. The older equipment had the mechanical rotating shut-
ter providing these interruptions, now, it is purely electronic. Regardless, we still call it
“electronic shutter” Using these parameters, we can estimate the velocity of a moving
object, i.e. each longer dash means the one second. When a long trail is not dashed, it is
something slow.

The observation frequencies are configured so that a meteor’s luminous trail appears
as a regularly interrupted curve, while slower-moving objects evince trails that are either
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Fig. 1 Scanning curves of both cameras with the alternating capturing. The magnifying glass in the upper subim-
age shows interrupted 15-Hz capturing with omitted 15th pause

Fig.2 Example of data from the Ondrejov observatory:image from 11 July 2022, 21:45:30, camera 1, with a meteor
detail

irregularly interrupted (airplanes) or continuous (satellites). The size of the color 8-bit
images is 5472 x 3648 pixels. The color information is of minor importance since meteor
trails appear white; therefore, we process only the brightness channel defined as Y =
0.299R + 0.587G + 0.114B, where R, G, and B are the color channels. A captured object
that is too colorful usually indicates a source other than a meteor. Such colorful trails
are rare, so colorfulness is not explicitly tested in our processing. An example from the

Ondrejov observatory is shown in Fig. 2.

2.2 Fish-eye camera model

DAFO uses fish-eye cameras, which can capture the entire sky. However, the originally
straight trails of flying objects appear as arcs in the images, requiring distortion compen-
sation. The formulas used for this compensation are provided in Appendix A.

The pinhole camera image would be significantly larger than that obtained using a
fish-eye camera. Theoretically, the horizon would be mapped to infinity when the entire
hemisphere is used. These extreme positions, however, are not used in practice because
the real horizon lies higher. Nevertheless, the memory requirements and computational

Page 5 of 30
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Fig. 4 Structure of a the Fourier test and b the neural network test

complexity remain high; therefore, computing the full pinhole camera image should be
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avoided whenever possible.

3 Proposed algorithm flowchart

The flowchart of the proposed method is shown in Fig. 3. The details of the simplified
Fourier test are depicted in Fig. 4a, and the architecture of the neural network is shown
in Fig. 4b. The algorithm consists of several components. First, during preprocessing,
ground objects are masked and static sky objects are removed by subtracting adjacent
images with compensation for the Earth’s rotation. Next, linear trails are detected using
the Radon transformation. The detected traces are subjected to the Fourier test, which
can be omitted when short trails with only a single dash are also of interest. Finally, the

trail undergoes testing by the neural network.

Page 6 of 30
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4 Preprocessing

In the preprocessing stage, we need to remove static objects from the snaps. These can
be divided into two categories: objects static on the ground and objects static in the sky.
One of these can be removed by subtracting adjacent snaps. Based on experiments, we
decided to remove the static sky objects by subtracting adjacent snaps with compensa-
tion for the Earth’s rotation, and to remove the static ground objects using a fixed mask.
When we have adjacent images from a given sequence available, we do not need to use
such sophisticated methods as Cohen and Lu [34], which work with only one image.

4.1 Ground objects

Ground objects in the image appear near the horizon and typically remain stable over-
night (with the minor exception of occasional headlights from passing cars). These
objects can generally be divided into illuminated (e.g. reflective surfaces, building win-
dows) and non-illuminated (e.g. trees, poles). A light source such as a satellite or air-
plane passing behind a tree can resemble a dashed meteor trail. Similarly, distant road
lights can sometimes appear as meteor-like traces. Therefore, the removal of ground
objects is highly desirable.

We use a binary image as a mask to remove these objects. A separate mask must be
created for each camera in the pair. It is better to make a specific mask for each night,
but when the weather (mainly clouds) prevents from doing a good mask, it is better to
use a good mask from a few days before or after the current day.

The flowchart for ground mask creation is shown in Fig. 5. The algorithm was devel-
oped for wide types of images from various seasons and luminous conditions. The inner
radius of 1459 pixels and the outer sky radius of 1824 pixels were derived so we are sure
to take really the inner and outer parts of the sky and no part of the sky is removed
uselessly.

When we searched the adaptive coefficients a;, 4, (see the block “adaptive coefficient”
in Fig. 5), we took a few “critical” images, where we needed different optimal values of
the adaptive coefficient A.. So, we compute them by a linear regression with the result
Ac=a,Tc - a,, where a; = 17 and a, = 2.27. The neighborhood radius 115 pixels for the
adaptive threshold computation was derived from the typical size of the ground objects.

[Convert first snap of the night to grayscalej

l 1
. T, = average brightness of inner sky,
[Tl = average brightness of outer skyj [ 2 T — igts S talg] dard deviation ¥

1
[TM = histogram minimum between 7} and ng
)
A . = Adaptive threshold Ty
[Adaptlve coefﬁmerllt Ac = uiTc a2] [ with neighborhood radius 115
T

¥
Binarize snap using threshold
T = Ty + Ac(Ta — mean(Ty))

(Erosion with neighborhood radius 15]

i

Fig. 5 Flowchart of the ground object mask creation
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The erosion operation improves the results; we apply a morphological operation with
a circular structuring element of radius 15 pixels. Finally, we fill the holes in both the
sky and the background. The erosion radius (15 pixels) is a variable parameter, while the
other parameters are considered optimal. A detailed example of a mask is shown in Fig.
6.

4.2 Subtraction of static sky objects

The goal of this step is to remove all static sky objects, especially the Moon, stars, and
planets. For a nightly sequence of snaps, we subtract the adjacent snaps from the current
one, thereby removing stable objects and preserving the moving ones. However, this
process introduces a complication caused by the Earth’s rotation. A one-minute differ-
ence between adjacent snaps from the same camera corresponds to a quarter of a degree
of rotation, which represents up to 12 pixels in our image data and therefore cannot be
neglected. Compensation for this rotation would be straightforward for a pinhole cam-
era, but it is more complex for a fish-eye camera; we must use a little astrometry.

The coordinates of each pixel are first converted to the pinhole model as described in
Appendix A. They are then rotated around the celestial north pole {x,, ¥,} by the angle 8
and finally converted back to fish-eye coordinates. The rotation around the north pole is
performed using the following formulas

’

x
y

Xo + (X — x,) oS B — (y — yo) sin B
Yo + (x = Xp)sin B + () — y,) cos B, )

’

where 8 = 0.25° for the previous snap to move it 1 min ahead and 8 = - 0.25° for the next
snap to move it 1 min back.

Because our fish-eye camera model is not perfect, the stars are not subtracted com-
pletely. To mitigate this, we apply a “maximum”-type filter to both the previous and next
snaps. This filter replaces the value of each pixel with the maximum in its circular neigh-
borhood with a diameter of 7 pixels. The filtered previous and next snaps are then sub-
tracted from the current snap with suitable weights.

The overall brightness of the images changes mainly just after sunset and moonrise
and just before sunrise and moonrise. It is useful to compensate for these effects, which

Fig. 6 Detail of the red ground mask boundary. Objects on the right of the red curve are deleted
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affect the entire sequence. When we assume the changes are approximately linear, we
can use the following formula

R = 5= 3 |G —ap) &
p

1 o (2)

3 |G =) 4 e,
where f,(x, y) is the current snap, f,(x, ) the previous snap, and f,(x, y) the next snap.
The previous and next snaps are already compensated for the Earth’s rotation, ground-
object masking, and maximum filtering. The symbols 4, 4,, and p, denote the mean
brightness of the current, previous, and next snaps, respectively, while g, 0,, and g,, rep-
resent their brightness standard deviations.

An example is in Fig. 7, where the central parts of the images are shown. Even if the
original image includes the Moon and stars, we can work with the meteor only in the
difference image. The finishing twilight can be seen on the background, therefore the
contrast and brightness normalization help us. We work with 4, = 0.1468, 0, = 0.0627,
#, = 0.1797, o, = 0.0701, y,, = 0.1793, and o, = 0.0699, so especially the brightness shift
between the current and previous images is not negligible.

At the beginning of the sequence, when there is no previous snap, and at the end,
when there is no next snap, we subtract only one snap without the coefficient 1/2. After
subtraction, negative values are replaced by zeros. The movement of planets is negligible
compared to the Earth’s rotation; therefore, we remove them along with the stars and the
Moon.

4.2.1 Center of rotation

A separate task is determining the location of the celestial north pole {x,, y,} in the snaps,
which serves as the rotation center. Since the pole is close to Polaris, we define a square
region where Polaris is the only prominent star. The pixel with the maximum brightness
detected within this square corresponds to the position of Polaris (see Fig. 8). An ellipti-
cal regression [35] of the Polaris trail is then computed, and the ellipse center represents
the coordinates of the celestial north pole. This procedure is repeated for each camera
separately. The determined coordinates can be reused for multiple nights, but since the

(a) (b)
(9 (d)

Fig. 7 Subtraction of the previous and next images from Ondfejov 12th March 2022, camera 0. a the previous
image from 18:31:00, b the current image from 18:32:00 with a meteor, ¢ the next image from 18:33:00, d The dif-
ference image. The original image contains the Moon and stars, regardless we can work only with the meteor in
the difference image
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Fig. 8 Detail of the north pole search in a snap. Polaris is located as the maximum brightness pixel within the red
window. The back side of the “Big Dipper”is visible in the lower part of the figure. Polaris can be found approximate-
ly five times the distance of the extension of the line connecting the rear stars of the Big Dipper (b/a = 5.25 = 5)
camera position can slowly change over time, we recommend repeating the computation
at least once per month and after any camera manipulation. A clear night with visible
Polaris should be used for this calibration.

By default, the square window has its upper-left corner at coordinates x, = 2736,
¥, = 2700. If the algorithm fails (i.e., the deviation of the elliptical regression is too large),
we also test a square with the same x, coordinate but y, = 936. The default window size is
40 x 40 pixels. If the camera orientation is non-standard, both the position and the size
of the neighborhood can be manually adjusted.

5 Trail search

After eliminating the ground objects using the mask and the celestial objects by subtract-
ing adjacent snaps, only the trails of moving objects remain. To detect them, we employ
the Radon transformation, which is suitable for identifying straight line segments in an
image. The formulas of the Radon transformation are provided in Appendix B.

5.1 Radon transformation parameters

Applying the Radon transformation to the entire image is computationally inefficient, as
a very small angular step is required, which increases processing time. Moreover, short
and faint meteor trails are difficult to detect when analyzing the entire image at once.
Therefore, we divided the image into 18 x 12 square windows, each of size 304 x 304 pix-
els, and computed the Radon transformation in each window separately.

A potential problem arises when a meteor trail lies on the border between two win-
dows. In such cases, the fragments of the trail within individual windows may be too
short to detect. To treat this, we apply a 10% overlap between windows, corresponding
to 31 pixels. As a result, the windows in the central region of the image have dimensions
366 x 366 pixels. The empty windows in the first and last two columns are excluded from
computation, so in practice, 12 x 12 windows are used.

We also considered to use the Radon transformation with the correction to the fish-
eye camera. The result of many experiments is that the trail part in one window is almost
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straight and can be well found by the traditional Radon transformation for the straight
lines even if the complete trail in the whole image is arched.

Based on experimental optimization, we set the angular step 6 to 0.5° and the shift step
t to 3 pixels. A 3-pixel step for ¢ integrates a 3-pixel-thick line into one array element,
thereby improving the likelihood of detecting weak meteors. The global maximum and
significant local maxima in the resulting array are then identified. After a maximum is
found, its surrounding neighborhood of 59 x 9 elements is cleared to ensure sufficient

separation between detected maxima.

6 Fourier test

The structure of the optional Fourier test is shown in Fig. 4a. Each line detected by the
Radon transformation is traced to determine the corresponding trail. The curve is repa-
rametrized such that adjacent points are spaced by one pixel (reparametrization by dis-
tance) and then straightened to become a straight line. An example of the light curve in
a trail is in Fig. 9.

Because of a meteor trail may begin or end within the window, we apply a brightness
threshold 6, = 1.5% of the maximum brightness. The portions of the trail near the bor-
ders that fall below this threshold are discarded, and only the section between the first
and last above-threshold points is analyzed. This trail segment is then subjected to sev-
eral tests to distinguish meteors from other phenomena.

Although the Fourier test is an older method and not always sufficient on its own, it
effectively eliminates some false detections. Compared to [1], we simplified the approach
and relaxed some thresholds. By default, the Fourier test is applied; omitting it increases
the number of detected trails but also a number of false alarms. The test primarily iden-
tifies dashed-line trails resulting from the electronic shutter. To detect meteors consist-

ing of a single dash, the Fourier test must be skipped.

6.1 Fourier spectrum test
We first identify the longest continuous segment of the trace, where gaps (pixels with
brightness below 8,) do not exceed 20 pixels. The 1D Fourier transformation of this seg-

ment, consisting of d samples s;, is computed as

0.8

07} ﬁ ]

0.6

M‘ H\p

brightness
o o o o
N w S w
—
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. .
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—

0 50 100 150 200 250
distance [pixels]

Fig. 9 Light curve of the tested trail from Ondfejov, 13 January 2014, 03:01:30, camera 0
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d-1
aj = Zsie‘zmjm/d, j=0,..,d—-1. (3)

i=0

The amplitude spectrum |a;| typically shows a dominant local (often global) maximum at
j =0, corresponding to the total brightness of the trail. For a meteor trace, another local
maximum is expected at the frequency of the electronic shutter. The Fourier spectrum
naturally decreases from the zero frequency towards to the higher frequencies. To par-
tially compensate it, we use the spectrum normalized by the squre root of the frequency
index counting from one

Vit+1

d+1° @

a; =100|a;|

In the Fourier spectrum test, we first look for the first local minimum p, < 1.1 for
3 < n < d (assuming the brightness is normalized to (0, 1)). Next, we find the maximum
p,, for n < m < d,, where d, = min{d/2,64}. The number of local maxima between n
and d, exceeding 0.7 is denoted p,. The trail passes the Fourier spectrum test if d > 20,
PP, <11, p,, >04,d/m>3, and 1 < p, < 3. We can summarized that the trail must be
sufficiently long, the first local maximum in the spectrum must be sufficiently significant
in suitable position and the number of the local maxima must be from 1 to 3.

An example of the normalized amplitude spectrum aj used for the Fourier test is
shown in Fig. 10. In this case, the spectrum exhibits a prominent local maximum p,, =
14.85 at m = 40. The other relevant parameters are d = 351, p,/p,, = 0.132, d/m = 10.97,
andp, = 1.

6.2 Duty cycle test

The Fourier test also includes a duty cycle evaluation. The electronic shutter has a duty
cycle of 50%, meaning that the opening time equals half the total period. The trail should
exhibit a similar ratio: the illuminated portions (dashes) should occupy approximately
50% of the total trace length.

amplitude Fourier spectrum

R
VYA
! ‘/‘\/A/\/V\J ) L\’\«/\/\/\/V\,/’/\\— W o

0 20 40 60 80 100 120 140
frequency

Fig. 10 Normalized amplitude Fourier spectrum of the tested trail from Ondfejov, 13 January 2014, 03:01:30, cam-
era 0 with a peek on the electronic shutter frequency
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Because of the brightness fluctuates along the trace, we detect points where a dash
transitions into a dark gap. The reference level is determined as the midpoint between
the local minimum (dark space) and maximum (bright dash) of the light curve (see
Fig. 9). The light curve is smoothed using a Gaussian filter with a length of 21 and stan-
dard deviation of 2.5 pixels. This level is then subtracted from the original signal and
shifted upward by 1/25 of the global maximum to improve stability.

The duty cycle ¢ is computed as ¢ = s,/d,, where s, is the number of pixels above the
level and d, is the distance between the first and last such pixel. The signal passes the test
if 20% < ¢ < 70%.

6.3 High-frequency test

The high-frequency test, also part of the Fourier analysis, verifies that the spectrum
does not contain excessive high-frequency noise. Meteor trails should not exhibit much
higher frequencies than those associated with the electronic shutter, whereas airplane
traces or clouds often do. The presence of the high frequencies is measured between
quarter and half frequencies of the sampling (between Nyquist frequency and its half)

d/2

1
V= Ao datl zd;f (5)

It is then compared with the spectral value p,, at the shutter frequency m. A sig-
nal passes this test if v/p,, < 0.4. The spectrum in Fig. 10 satisfies this condition with
vlp,, = 0.032.

7 Meteors with terminal burst

Some meteors are not detected because one dash in the trail is significantly brighter than
the others (see Fig. 11a or c). This is likely caused by the terminal burst of the meteoroid
as it passes through the atmosphere.

We developed a specific algorithm to remove these bright dashes. The trail image is
divided into three parts: left, central, and right. The borders between them are iteratively
shifted from 15 to 30 pixels from the left and right edges. If the brightest dash is more
than six times brighter than the second brightest dash and is located within 25 pixels
from the left or right edge of the original image, it is removed (see Fig. 11 b and d). Trails
processed in this way are classified as “atypical meteors” (meteorsatyp).

Many meteors exhibit variations in dash brightness, but when the ratio between the
brightest and second brightest dash is less than six, the meteor can be detected using the
standard procedure without removing the brightest dash.

Fig. 11 Examples of meteor trails with one dash much brighter than the others. a and b show the event from 23
March 2022, 22:43:00, camera 0, Ondfejov observatory; ¢ and d show the event from 13 August 2024, 00:15:30,
camera 1, Svratouch observatory. a and ¢ original trails with bright dashes; b and d: trails after removal of the
bright head. All images are normalized in brightness
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8 Neural network

A neural network is employed for the final classification of trails, determining whether a
given trail is a meteor or another object. Its architecture consists of the following layers
(see also Fig. 4b):

 Image input layer

+ Four convolutional blocks
+ Fully connected layer

+ Softmax layer

+ Classification layer

8.1 Inputimages and normalization

The input images of the trails must have a uniform size. We use horizontal images with
a length of 600 pixels and a width of 15 pixels. The maximum theoretical trail length in a
window is 574 pixels (for a quarter-circle trajectory), so the value 600 is a safe, rounded-
up estimate.

Various methods for size normalization were tested: zero-padding, scaling, repetition,
mirrored repetition, and partitioning long trails into shorter 100-pixel segments. Finally,
the symmetric side-balanced zero-padding performed best: trails are padded with zeros
on both sides, keeping the signal centered. We evaluated it as the optimal method. The

image input layer accepts gray-level images of this size.

8.2 Convolutional blocks
The convolution block consists of these layers:

+ 2D convolution layer
+ Batch normalization layer
+ Swish layer

+ 2D max pooling layer

The 2D convolution layer performs the convolution by 64 filters 3 x 3 with padding
to maintain input size. The batch normalization layer normalizes a mini-batch of data
across all observations for each channel independently. After normalization, the layer
scales the input with a learnable scale factor a and shifts it by a learnable offset 5. The

swish activation layer applies the swish function on the layer inputs

f) = 7 (©)

The convolution block is finished by the 2D max pooling layer that downsamples the
feature maps by dividing the input into squared pooling regions, then computing the
maximum of each region. The factor of the downsampling is two, it means both pool size
and stride are set to two. The summary is in Table 1.

8.3 Fully connected, softmax, and classification layers

The fully connected layer transforms data from the input size to the size equaling the
number of classes K. It also multiplies the input by a weight matrix and then adds a bias
vector. Currently, we use K = 13 classes, but it can be changed.
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Table 1 Layers of the convolution block and their parameters

Layer Parameters

2D convolution layer 64 filters 3 x 3, padding to the same size
Batch normalization layer -

Swish layer -

2D max pooling layer pooling 2, stride 2

fullyConnectedLayer 13 classes

softmaxLayer -

Table 2 Training classes, their descriptions, the numbers of training samples (# t. s.) and the
numbers of trails classified to the given classes (# trails)

Class name Description #t.s. # trails
clouds Residual moving clouds, not fully subtracted. 3127 23897194
contrails Elongated narrow clouds, possibly airplane contrails. 2585 240623
cosmicrays Violet trails of uncertain origin. 128 6558
ground Residual effects from ground masks and moving clouds. 1708 2075581
lights Ground lights exceeding the ground mask. 80 13660
meteors Normal meteor trails. 1431 1093
meteorsatyp Atypical meteors with the brightest dash removed. 27 51

noise Empty sky with only noise. 289 16269343
planes Long airplane trails. 1884 771158
points Small groups of points, often parts of airplane trails. 708 2900119
satelblink Blinking satellites, resembling dashed meteor trails. 339 2383
satels Satellites or distant planes with continuous trails. 766 49172
stars Isolated stars or single points. 1032 10298719

The softmax layer normalizes the data x = (xy, ..., %) into the interval (0, 1) by the
softmax function
eai(x)

ox); = —g——— i=1..K )

ijl eaj(x)!

where a;(x) = In(P(x, |c;)P(c;)), with P(x, y|c,) the conditional probability of class i and
P(c;) the class prior.

The classification layer computes the cross-entropy loss. Its output is a vector of
“scores’, representing the likelihood that a trail belongs to each class.

8.4 Training set

The training set was originally created manually and improved on the base of the experi-
ments. We have tested various classes. Finally, the following thirteen classes were evalu-
ated as the best. Their list in Table 2 is sorted alphabetically. Classes can be added or
merged as needed. Examples from the training set are shown in Fig. 12, with contrast
normalized to the full black—white range.

The class structure was designed to reflect the categories encountered during routine
operation of the DAFO network. Rather than representing a theoretical taxonomy, the
classes correspond to practical distinctions required for reliable automated processing
and reduction of false detections.

The training set was built from a subset of trails detected via Radon transformation.
Some classes had few samples, others had many. In spite of it, this training set yielded
the best results even if it is unbalanced. The 27 samples of the meteorsatyp class looks
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Fig. 12 Examples from the training set: a clouds, b contrails, € cosmicrays, d ground, e lights, f meteors, g meteor-
satyp, h noise, i planes, j points, k satelblink, I satels, m stars

like too few, but these meteors are rare, so we have shortage of data here. We experi-
mented with unifying of the meteorsatyp and meteors classes, omitting meteorsatyp class
and other similar modifications. All other results were worse than that with the 27-sam-

ple meteorsatyp class.

8.5 Data splitting and evaluation strategy

To avoid potential bias due to repeated observations of the same meteor event, data
were grouped at the night level when constructing training and evaluation subsets. This
reduces the risk of information leakage between training and evaluation data.

The decision threshold for the neural network output was determined using a valida-
tion subset and subsequently fixed for all reported experiments. Due to the limited avail-
ability of labeled meteor data, full cross-validation (e.g., leave-one-night-out) was not
performed. This limitation may lead to slightly optimistic performance estimates and
should be addressed in future work with larger datasets.

8.6 Network training

The neural network was trained using stochastic gradient descent with momentum
(SGDM) with a learning rate of 0.01. It minimizes the cross-entropy loss function on the
validation data. Training was performed for 600 epochs, with 10% of the data reserved
for validation and 10% for testing. Data augmentation was limited to horizontal and ver-
tical flipping and 180°-rotation due to the specific structure of meteor trails. When we
have them in narrow long rectangles, we cannot rotate them by an arbitrary angle.

The mini-batch size was not explicitly fixed but determined internally by the train-
ing framework based on the dataset size and available computational resources. We
observed that the net used 352 batches per epoch, what would mean the effective batch
size was approximately 172 augmented samples. Since the optimization procedure
remained stable across experiments, the exact batch size was not found to have a signifi-
cant impact on the final performance.

The validation frequency was once in 30 iterations. We compute all the epochs in
every case and then we choose the best result with the minimum of the loss function.
Usually, it is a few epochs before the end. The final confusion chart is in Fig. 13.

The blue fields on the matrix diagonal are well classified samples from the test set,
while the brown fields outside the diagonal are errors. Here we have 44 errors together
from 5642 samples, what means accuracy 99.22%. The substantial errors are between
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Meteor Recognition Confusion Chart

clouds 4 3 2 2 1 1

contrails 2 0 1 2 1 1

cosmicrays 51

ground| 2 680 1

lights 32

meteors 569 3

meteorsatyp 1

noise 1 1 114

True Class

planes 6 1 2

points [ 1 1 280 1

satelblink 1 1 134

satels 1 1 304

stars 4 409

98.9%  100.0%  99.4% 99.6%  100.0% 98.3% 99.1% 976%  100.0%  99.3%

clouds contrails cosmicrays ground  lights  meteors meteorsatyp noise  planes  points  satelblink  satels  stars
Predicted Class

Fig. 13 The confusion chart on the validation data

meteors and non-meteors. Here 3 meteors were recognized as planes and 2 planes were

marked as meteors, what is accuracy 99.91%.

8.7 Network output and score evaluation
The network outputs a “score” for each class, ranging from 0 to 1. Although the score
approximates a probability, it does not strictly satisfy probability axioms. It is related to
the need of high score approaching to the one to be sure it is really a meteor. Finally, we
chose a common implicit threshold 0.999. Beside it, we can find an optimal threshold for
the specific dataset.

Evaluation proceeds in two steps:

1. A trail is classified as a meteor if the score for meteors or meteorsatyp is the highest
and exceeds a first threshold (implicitly 0.999). Optionally, the trail must also pass the
Fourier test.

2. A trail is classified as a possible meteor if the higher of the meteors or meteorsatyp
scores exceeds a second threshold (implicitly 0.99). In this step, the score need not be
the highest, and the Fourier test is not required.

9 Results

The proposed method was evaluated on observational data obtained from multiple
nights and observatories within the DAFO network. The dataset includes a range of con-
ditions, from nights with clearly visible meteors to more challenging cases containing
ambiguous trails such as satellites and airplanes.

We processed data from eleven nights captured at five observatories (see Fig. 14). The
selected observation nights were chosen to represent a variety of typical and challeng-
ing conditions, including both periods with high meteor activity (e.g., Perseid maximum
from 2024) and nights dominated by non-meteor phenomena such as satellite trails (data
from 2022). This selection allows for a more comprehensive evaluation of the robustness

of the proposed method.

Page 17 of 30



Suk and Simberova Discover Space (2026) 130:18 Page 18 of 30

Fig. 14 Observatories from which the data were obtained: 104 Churanov, 108 Ji¢in, 109 Svratouch, 110 Polom,
and 120 Ondrejov

9.1 Evaluation strategy

A precise quantitative evaluation is inherently difficult due to the absence of a com-
plete ground truth dataset. Therefore, the detected trails were categorized into three
groups: certain meteors, uncertain meteors, and certain non-meteors, based on expert
assessment.

We have 64 trails classified as certain meteors and 43 uncertain meteor trails. The
non-meteor set contains 56 524 510 trails together (the sum of the trail numbers from
Table 2), what is approximately 3740 trails per snap. The classes with the low number
of samples contain almost all data that we have, only a few misleading examples were
deleted. The other classes contain selection of many samples. The data then were divided
randomly to training, validation and testing.

Due to overlapping captures (5-second overlap) and multi-observatory visibility, a trail
may appear in multiple snaps, that is why the number of meteor trails does not equal
to the number of meteors. One meteor trail can be divided among a few windows and
a trail can also be found a few times by the Radon transformation. All these trails are
counted separately in Table 2. Finally, we unify all detected parts of one meteor in one
snap into one meteor trail.

The uncertain meteors are either weak or atypical. The weak meteors are visible only
after extreme contrast enhancement ( = 10 x ), which also increases noise. The trail of
some short meteors is not divided into dashes, so we do not know, if it is very short
meteor or some artificial body. The trails were sorted to the sets after consultation with
an expert, so we take the set certain meteors as our ground true. The category of uncer-
tain meteors highlights the intrinsic ambiguity present in real observational data. In
many cases, even expert assessment cannot unambiguously distinguish between weak
meteors and artificial objects. The performance of the proposed method on this cate-
gory therefore reflects not only classification accuracy but also the fundamental limits of
the data.

9.2 Network performance

The results for the implicit threshold are in Table 3. The column “night” is the date of
the night beginning. The three non-found certain meteors were hidden behind trees,
the ground mask erased them and the neural network had no opportunity to test them.
The method successfully detects the vast majority of clearly identifiable meteor events in
the evaluated dataset. The few missed cases are primarily associated with occlusion by
ground objects or extremely weak signals near the detection limit.
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Table 3 Meteor search—results for threshold 0.999

Night Observatory  Found certain Non-found Found Non-found False
meteors certain uncertain uncertain alarms
meteors meteors meteors
2014-01-12 120 5 0 0 0 1
2014-12-23 104 6 0 T 0 0
2022-02-15 120 0 0 0 0 0
2022-02-23 120 1 0 0 2 0
2022-03-12 120 2 0 0 0 0
2022-03-28 120 0 0 0 0 1
2022-04-30 120 0 0 0 0 0
2022-07-02 120 2 0 1 0 0
2022-07-11 120 1 0 0 0 0
2022-08-29 120 0 0 0 0 1
2024-08-12 108 16 2 3 10 1
2024-08-12 109 13 0 5 10 0
2024-08-12 110 15 1 1 10 0
Total 61 3 1 32 4

We have also recognized 11 uncertain meteors from 43 as meteors and 32 as non-
meteors. Finally, we have 4 false alarms, i.e. non-meteor trails found like meteors. From
the table, the precision 61/(61+4) = 93.85% and recall 61/(61+3) = 95.31% can be calcu-
lated. F1-score is then 94.57%'.We omitted the uncertain meteors.

The achieved precision and recall indicate that the method provides a favorable bal-
ance between sensitivity and robustness. In particular, the high recall suggests that only
a small fraction of clearly detectable meteors is missed, while the high precision indi-
cates a low rate of false detections.

It is a question, if we should count the meteors behind trees as false negatives, when
we intentionally erased the ground objects including potential meteors behind trees. If
not, the recall would be 100% and the F1-score would increase to 96.83%.

The optimal threshold for a given trail set is that enables finding all certain meteors
and minimum false positives. In our case the minimum score among detected certain
meteors was 0.999439. Coincidentally, an uncertain meteor had a score of 0.999379,
therefore we consider the threshold 0.9993 to be optimal for the given dataset. With this
threshold, we are able to reduce the number of false positives to one, see Fig. 18b.

Fig. 15 shows the number of false positives and false negatives as a function of the
score threshold from 0.9 to 1. The red curve includes uncertain meteors. The optimal
threshold 0.9993 on the red curve is near the right margin, where we can find all detect-
able certain meteors and minimize the number of the false alarms.

The decision threshold was selected to balance the trade-off between false detections
and missed events. While the optimal threshold may vary depending on the specific
dataset and observational conditions, the chosen value provides stable performance
across the evaluated nights.

False detections are primarily associated with specific challenging cases, such as air-
planes partially obscured by clouds or blinking satellite trails. These cases exhibit visual
characteristics similar to meteors, making them difficult to distinguish even for human

!Precision = TP/(TP+FP), Recall = TP/(TP+EN), F1-Score = 2 x Precision x Recall/(Precision +Recall), TP = True
Positives, FP = False Positives, FN = False Negatives.
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Fig. 15 The number of false positives (false alarms on the left blue axis) and false negatives (non-found meteors
on the right red axis), including uncertain meteors, versus score threshold

Table 4 Meteor search—results for threshold 0.999 without the Fourier test

Night Observatory  Found certain Non-found Found Non-found False
meteors certain uncertain uncertain alarms
meteors meteors meteors
2014-01-12 120 5 0 0 0 3
2014-12-23 104 6 0 0 1 1
2022-02-15 120 0 0 0 0 1
2022-02-23 120 1 0 0 2 2
2022-03-12 120 2 0 0 0 1
2022-03-28 120 0 0 0 0 0
2022-04-30 120 0 0 0 0 0
2022-07-02 120 2 0 1 0 0
2022-07-11 120 1 0 0 0 0
2022-08-29 120 0 0 0 0 0
2024-08-12 108 16 2 3 10 1
2024-08-12 109 13 0 6 9 0
2024-08-12 110 15 1 1 10 0
Total 61 3 11 32 9

observers. The low number of such false detections demonstrates the robustness of the

proposed classification approach.

9.3 Results without Fourier test

In this section, we compare results with and without the Foutier test. While the over-
all detection rate remains similar, the inclusion of the Fourier test significantly reduces
the number of false positives, highlighting its importance in the overall system. We can
compare the results without the Fourier test in Table 4 with that from Table 3.

The certain meteors were found all, similarly as with the Fourier test. Also, the uncer-
tain meteors were evaluated by the similar way. There are only two differences: in the
night from 23rd to 24th December 2014, observatory Churanov, one uncertain meteor
was recognized with the Fourier test as meteor and without the test as non-meteor. In
the night from 12th to 13th August 2024, observatory Svratouch, one uncertain meteor

Page 20 of 30
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(a) (b)

Fig. 16 The blinking satellite trails from the Ondfejov observatory, 12th March 2022; a 18:17:00, camera 0 b
18:17:30, camera 1

(a) (b)

Fig. 17 The meteor trails from the Ji¢in observatory, 13th August 2024; a 00:19:00, camera 0 b 00:19:30, camera 1

was recognized with the Fourier test as non-meteor and without the test as meteor. The
total numbers stayed the same.

The significant difference is in the false alarms, we have four ones with the Fourier
test versus nine different false alarms without the Fourier test, it means the Fourier test
decreased the number of false alarms from 9 to 4. That is why, we decided to preserve
the Fourier test in the algorithm.

9.4 Sources of errors

In the meteor search, we must face up a number of problems. One of them are blinking
satellites, see the trails in Fig. 16 captured by both cameras of one observatory during
the five-second overlap of capturing. They look exactly as meteors, including one longer
dash, but if we compare both images (a) and (b), the trails are shifted (compare the star
above the trails), it means the body is slow, so it cannot be meteor. We recognized it as
some type of a new blinking satellite. We can compare it with Fig. 17, where the trails are
not shifted, the body is much faster, so it is the meteor. The dashes are long, so it was fast
even among the meteors.

Another source of problems are airplanes. They have blinking navigation lights that
can sometimes look like meteors, see Fig. 18a. If we can see only a part of the trail, we
could hesitate, if it is not a meteor, but when we can see the whole trail and also its con-
tinuations in the previous and next snaps, it is clear that it is an airplane. Fig. 18b shows
our only false alarm. It is an airplane behind a cloud, but the similarity with the meteor
is surprising.

The problems are also with the very weak meteors, see example in Fig. 19. They are
visible only after strong contrast increase. We are not sure, if they are meteors or not.
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Fig. 18 Examples of the found trails: a Ondfejov 15th February 2022, 18:16:35, camera 0, it is certainly an airplane;
b Ondrejov 28th March 2022, 19:39:00, camera 0, it is the airplane behind the clouds, our only false alarm. A plane
behind a cloud really resemble a meteor. In the top part of the figure, there are crops from the original images, in
the bottom part, there are the trails found by the Radon transformation and tested by the neural network

(a) (b)
() (d)

Fig. 19 Examples of the found trails: a Churdnov 24th December 2014, 02:39:55, camera 1, b Ji¢in 13th August
2024, 00:47:30, camera 1, ¢ Ji¢in 13th August 2024, 01:53:30, camera 1, d Svratouch 12th August 2024, 23:49.00,
camera 0. All the snaps have increased contrast about eight times, the trails are hardly visible in the original snaps

(a) (b)

Fig. 20 The meteor from 13th August 2024, 02:10:30, cameras 1; a the Polom observatory, b the Ji¢in observatory

Fig. 21 Our longest meteor. It is from Ondrejov observatory, 13th January 2014, 03:01:30, camera O

Finally, we consider the trails in Fig. 19a and b to be probably distant airplanes, while the
trails in Fig. 19c and d to be probably meteors. The trails from Fig. 19a and ¢ were evalu-
ated by our algorithm as meteors, while that from Fig. 19b and d as non-meteors.

Some meteors are very low above the horizon, see e.g. Fig. 20a. The meteor is partly
hidden behind a tree, thus it was erased by the ground mask. Fortunatelly, this meteor
has been found, because it is fully visible on a snap from another observatory, see Fig.
20b

9.5 Interesting meteors
In this section, we would like to show a few interesting meteors. In Fig. 21, there is our
longest meteor. The number of longer dashes indicates that the meteor’s passage had
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Fig. 22 Example of the Ji¢in observatory data, snap from 13th August 2024, 01:03:00, camera 0, a whole snap with
two meteors in the white bounding boxes, b and ¢ the details of the meteors with increased contrast

(a) (b)

Fig. 23 The uncertain meteor from 12th August 2024, 20:22:00, camera 0, Svratouch observatory found thanks to
our algorithm; a the original image, b the image with increased contrast 5.1 times

to last more than four seconds. Another interesting snap is in Fig. 22a. It contains two
meteors, see details in Fig. 22b and c. Finally, there is an example of a very weak meteor,
see Fig. 23. We overlooked it in “manual” search, it has been found only thanks to our
algorithm. Nevertheless, we have not hundred-percent certainty that it is the meteor,
therefore we categorized it as an uncertain meteor. The problem is its weakness, it is
fully visible only after the strong contrast increase.

9.6 Time of computation

While the computing complexity of our algorithm is approximately linear O(n), where n
is the number of processed snaps, the time of computation has relatively slow constant.
The time also very depends on the computer. We tested it on the computer equipped
by the processor Intel(R) Core(TM) i9-7940X CPU with 3.10 GHz, 32 GB memory and
64-bit Windows 11 Pro in Matlab language, version 2022a. During the review process,
we moved from version 2022a to version 2025a, but the times in this section are from
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Table 5 Meteor search—computation time

Batch Camera Collection time Processing time
1 0 5d4h53min 2d,8h,39min55s
1 1 5d4h53min 2d,14h,38min27s
2 0 5d6h59min 2d,5h,19min3s
2 1 5d6h59min 2d,6h,28min12s

Fig. 24 The meteor from Churanov observatory, 23rd December 2014, 18:04:55, camera 1

the version 2022a. First, we trained the neural network, it took 17 h, 10 min and 23 s
(400 epochs). Then, we computed our algorithm on all the data. The obtained times in
days, hours, minutes and seconds are in Table 5.

We divided the computation to two batches, the batch 1 contains the nights from 12th
January 2014, 23th December 2014, 15th February 2022, 23th February 2022, and 12th
March 2022, the batch 2 contains the nights from 28th March 2022, 30th April 2022, 2nd
July 2022, 11th July 2022, 29th August 2022, and 12th August 2024 (three observatories).
Each batch is further divided to the snaps from camera 0 and those from camera 1. The
summer nights are shorter, therefore the summer batches contain more nights.

The used computer have 14 processor cores, so we could launch the four batches par-
allelly. The times in Table 5 should not be added, the decisive is the longest one. The
average time is about 54 s per snap. If we could process the data immediately after their
capturing, we would be able to process them that day. For the sake of completeness, both
cameras also collect the data parallelly, we can add the times for the batches 1 and 2, but
not for the individual cameras 0 and 1.

The computation time depends on the specific image, a rich snap with many trails is
processed longer than an almost empty snap with only few trails. We tested the time dis-
tribution on the snap from 23rd December 2014, 18:04:55, Churéanov observatory with
the meteor in Fig. 24.

The time distribution of the entire algorithm is in Table 6. The maximum filter is part
of the algorithm for the subtraction of the previous and next images, the parametriza-
tion of the trail is done so the adjacent pixels have then distances 1. The neural network
test can be analyzed separately, how it is in Table 7. The times are balanced, so it is not
easy to search another space for additional acceleration of the algorithm.
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Table 6 The time distribution of the individual operations

Operation Time
Neural network test 15.899s
Rotation with the fish-eye correction 7.093s
Radon transformation 6.354s
Record of the results 59335
Maximum filter 4494 s
Interpolation 1504 s
Reading the snaps 0981s
Removing the bright dashes 0.776 s
Parametrization of the trail 0.367s
Conversion of the snaps to the gray levels 0.254s
Rest of the algorithm 4912
Total 48567 s

Table 7 The time distribution of the individual components of the neural network test
Neural network test

Suboperation Time
Batch normalization 3.808s
Swish function 34335
Convolution 3346
Max pooling 1.207 s
Fully connected layer 09105
Classification layer 0.628s
Input layer 0.507 s
Rest of the network 2055
Total 15.899 s

10 Discussion and conclusion

The results demonstrate that the proposed hybrid approach provides a robust and prac-
tical solution for automated meteor detection in all-sky images. By combining classi-
cal image processing techniques with convolutional neural network classification, the
method effectively balances computational efficiency with classification accuracy.

A key strength of the proposed pipeline is its ability to operate reliably under real
observational conditions. The dataset used in this study includes a wide range of chal-
lenging scenarios, such as varying background illumination, cloud coverage, and the
presence of artificial objects. The achieved performance indicates that the method is
capable of handling these conditions without requiring extensive manual intervention.

The use of a multi-class classification framework allows the system to distinguish
meteors from several types of non-meteor trails, including satellites and airplanes. This
is particularly important in modern observation networks, where artificial objects rep-
resent a significant source of false detections. The results show that most false positives
are associated with visually ambiguous cases that are difficult to classify even for human
observers.

The inclusion of the Fourier-based filtering step plays an important role in reducing
false detections. Although the overall detection rate remains similar without this com-
ponent, the number of false positives increases, confirming that the combination of
complementary methods improves overall system performance.

The category of uncertain meteors highlights the inherent limitations of the avail-
able data. In many cases, even expert assessment cannot unambiguously determine the
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Fig. A1 Simplified model of the fish-eye camera

nature of weak or atypical trails. The performance of the proposed method in this cat-
egory should therefore be interpreted as an indication of the intrinsic ambiguity of the
problem rather than purely as a classification error.

At the same time, several limitations of the proposed approach must be acknowledged.
The training dataset is relatively small and imbalanced, particularly for rare classes such
as atypical meteors. This may affect classification reliability for these cases. Furthermore,
the method relies on manually defined ground masks, which require maintenance when
observational conditions change. Finally, the evaluation does not include full cross-vali-
dation, and the reported performance may therefore be slightly optimistic.

Despite these limitations, the results suggest that the proposed method is suitable for
practical deployment in meteor observation networks. The computational complexity is
manageable, and the system can significantly reduce the need for manual inspection of
large image datasets.

Future work will focus on expanding the training dataset, improving the representa-
tion of rare classes, and exploring more advanced validation strategies. Another promis-
ing direction is the integration of temporal information from consecutive frames, which
could further improve the discrimination between meteors and artificial objects.
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Fig. B1 Radon transformation

Appendix A Fish-eye camera model

We can model the fish-eye camera as projection on spherical surface, see Fig. Al.

A point that would be projected to the distance ¢’ from the optical axis of the standard
pin-hole camera, is now projected to the distance ¢ in the fish-eye camera. We can easily
derive ¢ = Rar (a in radians) and ¢’ = Rtana, from that

¢ =Rtan(1%) (A1)

for conversion from fish-eye to pin-hole and

’

¢ = Rarctan (%) (A2)

for conversion from a pin-hole to a fish-eye cameras. The sphere radius R was experi-
mentally estimated as 0.3 of the smaller image size 3648, i.e. 1094.4 pixels.

The entire conversion procedure begins with conversion from the rectangular {x, y} to
the polar {8, ¢} coordinates

¥ = arctan <M>
X 2— Xc - (AS)
¢ = (x=x)" +@ -y,
then ¢ is converted to ¢’ by (A1) and back to Cartesian coordinates
x' = x.+¢ cosd
y = yz +¢'sing. (A4)

The reverse conversion is analogous (we use (A2) instead of (A1)) assuming the optical
center {x, v, is at the real center of the image, i.e. x,=2735.5, y,=1823.5 in zero-based
coordinates.



Suk and Simberova Discover Space (2026) 130:18 Page 28 of 30

Appendix B Radon transformation

Radon transformation searches straight line segments in an image. The searched straight
line is defined by the distance t from the coordinate origin and by the angle 6, see Fig. B1.
The parameter s is the parameter of the parametrically defined straight line.

During computation, we use equations

| 2 Yeososyeine, (B1)
from that
} T scom0rrsing (82)
The Radon transformation of an image f{x, y) is then done by integration
S
R(6,1) = /f(t cos® —ssinf,scosf + t sin O)ds. (B3)

S1

We integrate over s and ¢ is parameter of the result. The limits s,, s, are given so we inte-
grate over the whole image. When we find a local maximum in R(6, t), the corresponding
straight line is given by Eqs. (B2), where (6, ?) is position of the maximum and s is the
parameter of the straight line.

If we have rectangular image or window, the minimums and maximums of s and ¢ are in
its vertices, therefore we search sy, s, (limits of the integration) and also £, ¢, (limits of the
output array) as limits of R(6, £) in the vertices for all used values of 6.
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