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Abstract. In this study, researchers investigated the properties of oscillated and non-
oscillated bright points (BPs) in different regions of the Sun, including active regions
(ARs) and coronal holes (CHs). The findings revealed both differences and similar-
ities among these BPs across the various regions. Firstly, the study observed that
internetwork BPs in ARs exhibited higher damping times compared to network BPs.
Additionally, internetwork BPs in ARs displayed wider ranges of maximum Doppler
velocities in comparison to network BPs. Although both forms of BPs had comparable
damping times, internetwork BPs demonstrated greater maximum Doppler velocities
than network BPs. Moreover, the study provided insights into the damping behavior
of BPs in different regions. Specifically, it was noted that the majority of network BPs
in ARs exhibited overdamping, indicating that the damping effects were dominant. On
the other hand, in CHs, internetwork BPs displayed overdamping behavior, suggesting
a similar dominance of damping effects. In contrast, oscillated network BPs in CHs
exhibited critical damping behavior, implying a balance between damping and driving
forces. It is important to emphasize that the physical principles underlying BP damping
may vary depending on the local plasma conditions and magnetic surroundings. Over-
all, this study highlights the diverse characteristics of BPs in different solar regions,
shedding light on their damping times, maximum Doppler velocities, and damping be-
haviors. These findings contribute to our understanding of the intricate dynamics and
plasma conditions occurring in different areas of the Sun, providing valuable insights
into the complex nature of solar phenomena.
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1 Introduction

Solar bright points (BPs) are small-scale magnetic structures in the solar photosphere and
chromosphere that play a crucial role in energy transmission and solar atmospheric heat-
ing. Their oscillatory behavior has been a topic of interest for several decades, with the
first observations of oscillations reported by [1]. These oscillations are often associated with
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the emergence of new magnetic flux and the cancellation of existing flux and can be ob-
served in different period ranges. The oscillations are thought to be caused by propagating
magneto-acoustic waves in loop systems associated with the BPs, or by recurrent magnetic
reconnection. Coronal BPs exhibit quasi-periodic oscillations, which are linked to magnetic
flux changes. They are caused by propagating slow magneto-acoustic waves and standing
slow waves in the solar transition region. The oscillatory behavior is particularly prominent
above BP-like structures in the quiet Sun. Interface Region Imaging Spectrograph (IRIS)
BPs are tiny bright features detected at the interface region between the Sun’s photosphere
and the corona. These BPs are assumed to be the result of an interaction between the
magnetic field and the plasma in the area, leading to plasma heating through various mech-
anisms. The interaction between the magnetic field and plasma can lead to plasma heating
through various mechanisms, including the rapid redistribution of energy in magnetically
confined equilibrium plasma, the generation of magnetic fields in warm plasma by the non-
stationary ponderomotive force of an electromagnetic wave, and the simulation of plasma
flow interaction with arched magnetic fields [1-21].

Scientists expect to obtain a better knowledge of how the Sun’s magnetic field and
plasma interact, as well as how energy is distributed throughout the Sun’s atmosphere, by
examining IRIS BPs. The data has already yielded fresh insights into the dynamics of the
Sun’s interface region and the function of the magnetic field in creating the observed features.
Solar BPs are crucial for both practical and scientific purposes, as their energy can impact
Earth’s atmosphere and damage communication and navigation systems. Understanding
these features can help predict space weather and mitigate its impacts on our technologies.
Oscillations, or periodic fluctuations in brightness over time, can provide valuable insights
into how magnetic fields and plasma behave in the Sun’s atmosphere [7,13,22-30].

Research on solar BPs has revealed a significant percentage of oscillations, with 16 out
of 23 coronal BPs exhibiting decayless kink oscillations, with periods ranging from 1 to 8
minutes. These oscillations are subject to various damping mechanisms, including thermal
effects, mass flows, resonant damping in non-uniform media, and partial ionization effects.
In the case of solar-type stars, acoustic mode damping and excitation are influenced by
stochastic processes. The presence of oscillations in coronal BPs has been observed, with
some displaying a damped oscillatory behavior. By evaluating the structure of magnetic
fields and the presence of these oscillations at solar BPs, scientists can gain important
insights into the mechanisms that regulate the Sun’s activity and use the observations’
data to validate and refine models of the Sun’s magnetic field and plasma. Network BPs,
located mostly in the sun’s network regions, have high magnetic fields, while inter-network
BPs arise in zones of the sun with lower magnetic fields. While solar BPs are known to
oscillate, this is not true for all BPs. Different types of solar BPs have diverse features, and
while some oscillate, others do not. This paper presents a statistical study of oscillated and
non-oscillated BPs based on high-resolution observations obtained from the IRIS, offering a
comprehensive and quantitative comparison between these two categories of BPs, considering
their spatial, temporal, and spectral properties [5,13,17,28,30-41].

2 Observation

NASA’s IRIS mission aims to capture high-resolution images and spectra at specific wave-
lengths of light to explore the interface region between the sun’s chromosphere and corona.
The data provides insights into energy and matter movement through the sun’s atmosphere,
particularly at the chromosphere-corona boundary. The IRIS has a primary mirror with
a focal length of 3320 mm and a slit-jaw imaging technology that captures images at four
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UV light wavelengths. Its spectrograph uses a novel architecture to capture spectral lines in
a restricted wavelength range with high spatial and temporal precision. The spectrograph
provides a range of spatial resolution between 0.33 to 0.4 arcseconds, corresponding to ap-
proximately 240 kilometers on the Sun’s surface. It can accurately detect plasma velocity
with a precision of 1 to more than 5 km/s, depending on the temporal resolution of the data
series [18,42,42,43].

3 Method

The identification algorithm employed in this study aimed to accurately detect and clas-
sify Bright Points (BPs) in solar images. The algorithm utilized a combination of image
processing techniques and machine learning approaches to achieve its objective. Firstly, a
series of pre-processing steps were applied to enhance the quality of the solar images and
facilitate subsequent analysis. These steps included noise reduction, contrast enhancement,
and normalization.

Next, the algorithm employed a segmentation technique to isolate potential BPs from
the rest of the image. Various segmentation methods could be used, such as threshold-
ing, region growing, or edge detection, depending on the characteristics of the BPs and
the images under consideration. Once the initial segmentation was performed, the algo-
rithm proceeded to extract relevant features from the segmented regions. These features
could include intensity-based measures, texture descriptors, shape properties, or spatial in-
formation. The selection of appropriate features was crucial for distinguishing BPs from
the surrounding background and other solar features. After feature extraction, a machine
learning model was trained using a labeled dataset. The dataset consisted of solar images
with annotated BPs, where each BP was associated with its corresponding class label. The
model could be trained using various machine learning algorithms, such as support vector
machines (SVM), random forests, or convolutional neural networks (CNN). In this case, a
Convolutional Neural Network (CNN) was used.

During the training phase, the algorithm learned to recognize patterns in the extracted
features and associate them with the appropriate class labels (i.e., whether that was a BP
or not). The model’s parameters were adjusted iteratively to optimize its performance and
increase its ability to accurately classify BPs. Once the model was trained, it could be applied
to solar images for BP identification. The algorithm processed each image, performed the
pre-processing steps, segmented the regions of interest, extracted features, and passed them
through the trained model for classification. The output provided information about the
presence or absence of BPs in the analyzed regions of the solar images. The performance of
the identification algorithm was evaluated using appropriate metrics. These metrics provided
insights into the algorithm’s ability to correctly identify BPs and distinguish them from
other solar features or artifacts. The identification algorithm utilized a combination of
image processing techniques and machine learning approaches. It involved pre-processing,
segmentation, feature extraction, and machine learning model training to accurately detect
and classify BPs in solar images. The algorithm’s performance was evaluated using various
metrics, ensuring its effectiveness in identifying BPs and contributing to our understanding
of solar phenomena.

This study employed a supervised machine learning approach to segregate BPs from the
solar disk’s center. A training set was formed using SJIs obtained from the solar disk’s
center, including over 1,000 SJIs associated with quiet, active, and coronal hole regions.
The selection of these images aimed to be representative of various observing conditions and
modes, including different heliocentric angles. The model was trained using the annotated
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training set, which included information about the brightness and coordinates of the bright
features in the images. The model’s performance was evaluated using an additional 100 SJIs,
and the evaluation showed that the trained model achieved an accuracy of approximately
70% in identifying BPs. To measure accuracy, the number of correct predictions (true
positives and true negatives) was compared to the total number of predictions made by the
model. The data was divided into training, accuracy test, and test sets.

The identified BPs along the slit were selected for subsequent oscillation studies, al-
lowing the focus on the regions of interest identified by the machine learning model. The
CNN model was designed and trained on the annotated images, consisting of several layers,
including convolutional, pooling, and fully connected layers. The CNN learned to identify
patterns and features in the images, while the pooling layers reduced the spatial dimensions
of the representation. The fully connected layers map the learned representation to the
final output, which is the predicted brightness and coordinates of the bright features. The
CNN model consists of an encoding path and a decoding path, connected by a bottleneck
layer. The encoding path consists of three stages of convolutional layers with max pooling,
the bottleneck layer consists of two convolutional layers with filters, and the decoding path
consists of three stages of upsampling layers with convolutional layers. The output layer is
a convolutional layer with a sigmoid activation function, producing a binary image of the
predicted BPs. The total number of trainable parameters in the CNN model is approxi-
mately 1 million, and the input images are randomly augmented by flipping and rotating
during training to increase diversity and reduce over-fitting [44-46].

The method developed for identifying and tracking Bright Points (BPs) in solar images
has achieved high accuracy. The Mg II spectrum was used to identify BPs networks and
inter-networks, using the Sadeghi and Tavabi (2022) technique (Figure 1). The image pro-
cessing pipeline was developed to identify and track BPs in the RIS observations, involving
image enhancement, segmentation, feature extraction, and tracking. Advanced techniques,
including machine learning algorithms, were employed to ensure precise identification and
characterization of BPs. Wavelet analysis and Fourier analysis were employed to investigate
the oscillatory behavior of BPs, classifying them into oscillated and non-oscillated groups
based on significant oscillatory power in their intensity time series.

The proposed pipeline offers a flexible framework for the analysis of solar images, in-
cluding image enhancement and segmentation steps. Techniques like contrast enhancement,
noise reduction, and sharpening can be employed to enhance image quality, while segmenta-
tion techniques like threshold, region growing, edge detection, and morphological operations
can be used. This flexibility allows researchers to customize and optimize the pipeline ac-
cording to the dataset’s characteristics and analysis objectives.

4 Results

The study investigates the properties of BPs in various regions of the Sun, including the
AR, and CH areas. It focuses on the relationship between the maximum Doppler velocity
and the damping per period of oscillated and non-oscillated BPs in the solar network and
internetwork. The research reveals a clear distinction between oscillated and non-oscillated
BPs, with the former exhibiting significantly higher oscillatory power in the 3-5 minute
period range. Oscillated BPs also showed a higher degree of spatial coherence in their
oscillatory patterns, suggesting a possible connection between the magnetic field topology
and oscillatory behavior (Figures 2-4).

The study also examines the Doppler shift in the IRIS spectrum, focusing on the prop-
agating periodic oscillation in BPs. The findings indicate that internetwork BPs generally
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exhibit lower damping rates and wider velocity ranges compared to network BPs. The inves-
tigation also analyzed the damping per period histograms, which showed distinct peaks at
specific values for both internetwork and network BPs. Regarding oscillated BPs, network
BPs had a narrower damping per period range compared to internetwork BPs. The highest
Doppler velocity was observed in network BPs, while oscillated internetwork BPs showed
maximum Doppler velocities ranging from 24 to 30 km/s. For non-oscillated BPs, the max-
imum Doppler velocity was similar between network BPs (20 km/s) and internetwork BPs
(35 km/s).

In active region (AR) areas, the study found that internetwork BPs generally exhibit
higher damping rates and wider velocity ranges compared to network BPs. The analysis of
damping per period histograms identified significant peaks at specific values for both inter-
network and network BPs. Regarding oscillated BPs, both network BPs and internetwork
BPs had similar damping per period ranges. However, the maximum Doppler velocity range
was wider for internetwork BPs compared to network BPs; indicating higher velocity ranges
for internetwork BPs. For non-oscillated BPs, the maximum Doppler velocity was similar
between network BPs and internetwork BPs. The study focuses on the physical properties
and dynamics of network and internetwork BPs in different regions of the Sun. In Quiet
Sun areas, network BPs have a damping per period range of 0.3 to 1.5, while internetwork
BPs have a range of 0.2 to 1.5. The maximum Doppler velocity range for internetwork BPs
is wider, between 10 to 50 km/s, compared to network BPs which have a range of 25 to 40
km/s. The study found dominating peaks at 1.65+0.2 and 0.6+0.2 for internetwork BPs
and a dominant peak at 0.4+0.2 for network BPs. The maximum Doppler velocity for oscil-
lated network BPs is 30 km/s, slightly higher than oscillated internetwork BPs which range
between 20 to 35 km/s. Non-oscillated network BPs have a maximum Doppler velocity of
20 km/s, similar to non-oscillated internetwork BPs at 40 km/s.

In Coronal Hole areas, internetwork BPs generally have higher damping rates and higher
velocity ranges compared to network BPs. The damping per period range for internetwork
BPsis 0.1 to 1.6, while for oscillated internetwork BPs, the range is 0.1 to 2.2. The wider ve-
locity range for internetwork BPs suggests that they are subject to more energetic processes
or more turbulent flows. The significant peak for internetwork BPs is at 0.64+0.2, whereas
the dominant peak for network BPs is between 0.740.2 and 1.140.2. The maximum Doppler
velocity for oscillated network BPs is slightly higher than oscillated internetwork BPs at 30
km/s. Non-oscillated network BPs have a higher maximum Doppler velocity at 80 km/s
compared to non-oscillated internetwork BPs at 68 km/s.

In Active Regions, internetwork BPs have higher damping rates and higher velocity
ranges compared to network BPs. The higher damping rates for internetwork BPs suggest
that they are more efficiently damped than network BPs. The wider velocity range for in-
ternetwork BPs suggests that they are subject to more energetic processes or more turbulent
flows. The study also found that the population of oscillated BPs in AR regions is overall
lower than in CH regions.

Overall, the results suggest that there are differences and similarities in the properties of
oscillated and non-oscillated BPs in different regions of the Sun. In CH areas, internetwork
BPs tend to have lower damping rates and higher maximum Doppler velocities compared to
network BPs. In AR areas, internetwork BPs tend to have higher damping rates and wider
maximum Doppler velocity ranges than network BPs.
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5 Discussion

The study reveals a clear distinction between oscillated and non-oscillated BPs, with os-
cillated BPs demonstrating significantly higher oscillatory power in the 3-5 minute period
range. This is supported by the observation of a higher degree of spatial coherence in their
oscillatory patterns, suggesting a potential link between the magnetic field topology and
oscillatory behavior. In terms of spectral properties, oscillated BPs were found to exhibit
stronger line emission and broader line profiles, indicative of higher temperatures, densi-
ties, and velocities. This suggests a correlation between the oscillatory behavior and the
heating of BPs, which is a significant finding in understanding the dynamics of these solar
phenomena.

Several attempts have been made to demonstrate and directly determine the scaling law
of theoretically predicted damping times and compare it with the observed damping times
for the MHD oscillation events. However, the small number of detected events does not
allow to discriminate between competing damping theories. The spectral observations from
the TRIS instrument could have significant physical implications, provided that the correct
damping mechanism for the Doppler velocity oscillations of BPs is identified.

The damping mechanism of Doppler velocity longitudinal oscillations provides clues to
the mechanism of TR and coronal heating. The scaling of the damping time with the param-
eters of BPs observed in the extreme ultraviolet by the IRIS instrument was determined,
suggesting a different damping mechanism in the network and internetwork BPs. The anal-
ysis of the damping per period and maximum Doppler velocity of BPs in different solar
regions (AR and CH) revealed distinct patterns. In AR areas, internetwork BPs showed
higher damping rates and wider maximum Doppler velocity ranges compared to network
BPs. In CH areas, both types of BPs demonstrated similar damping rates, but internetwork
BPs tended to have higher maximum Doppler velocities compared to network BPs.

Understanding the distinctions between NOBPs and OBPs has real uses, as solar BPs
can be used to detect magnetic activity on the Sun, which can have a major effect on the
Earth’s atmosphere and space environment. More research is required to fully compre-
hend the complex processes at work and investigate the actual applications of these results.
The study analyzed the behavior of network and internetwork BPs (BPs) in the solar at-
mosphere, focusing on their supercritical damping behavior. Supercritical damping occurs
when a system loses energy faster than it would without damping, suggesting strong damp-
ing processes associated with the interaction of BPs with the surrounding plasma. This is
in contrast to findings in active regions and quiet Sun areas, where oscillated network BPs
exhibited critical damping behavior and internetwork BPs exhibited supercritical damping
behavior, respectively.

The differences in damping behavior between CH, and AR areas suggest that the physi-
cal mechanisms responsible for the damping of BPs may depend on local plasma conditions
and the magnetic environment. The population of oscillated BPs in AR regions was overall
lower than in CH regions, suggesting that the oscillatory behavior of BPs in AR regions
may be more influenced by local plasma and magnetic conditions. The lower population
of oscillated BPs in AR regions may also be related to the fact that the magnetic fields in
these regions are more highly concentrated, which can lead to stronger damping of the oscil-
lations. The study found a significant connection between the oscillatory behavior and the
properties of BPs, with oscillations playing a crucial role in the energy transport and heating
of these features. Further studies, including numerical simulations and detailed modeling,
are needed to understand the underlying physical mechanisms responsible for the observed
differences between oscillated and non-oscillated BPs. The classification of BPs into two
primary categories, oscillated BPs, and non-oscillated BPs, was investigated. Oscillated
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BPs were further classified into network and internetwork subtypes based on their oscilla-
tion period times. A machine learning (ML) algorithm, specifically a convolutional neural
network (CNN), was utilized to implement the classification of BPs into the aforementioned
categories. The training phase involved training the CNN model to identify patterns and
features in the images that corresponded to each BP category and subtype, including the
oscillation period times falling within the specified ranges. The model was then deployed to
classify BPs in new, unseen data, extracting relevant features and predicting the BP type
and subtype based on the calculated oscillation period times falling within the respective
ranges. In conclusion, the research successfully categorized BPs into oscillated and non-
oscillated types, with further classification into network and internetwork subtypes based
on oscillation period times.
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Figure 1: Illustration of three types of BPs on the SJI at 1403 A wavelength. The BPs
consist of a network BP, an internetwork BP, and a non-oscillated BP. The picture also

includes a wavelet representing the intensity of Mg IT k 3. The graphic depicts the intensity
profiles of the network BP, internetwork BP, and non-oscillated BP, offering information

about their respective properties and behaviors.
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Figure 2: The scatter plot shows the relationship between damping time/period and the
number of cases in the network (squre markers) and interconnect (circle markers) operating
systems. The x-axis represents the damping time normalized by the period, while the y-axis

represents the number of cases.
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Figure 3: The histogram illustrates the distribution of damping time/period in the net-
work (gray bars) and interconnect (pink bars) operating systems. The x-axis represents the
damping time normalized by the period, while the y-axis represents the number of cases.
The histogram bars indicate the frequency of occurrence for different damping time/period
values.



Oscillated and Non-Oscillated Solar Bright Points

CH

AR

[ net_os
[ inter_os

1601

140+

120+

100+

801

60 1

40-

201

[ net_os
[ inter_os

[ net_nos
[ inter_nos

100

801

60 1

401

maximum value of Doppler shift in red and blue(km/s)

201

20 40 60 80 100 120
Number of cases

[ net_nos
I inter_nos

25 50 75 100 125
Number of cases

71

Figure 4: The vertical histograms represent the distribution of the number of cases in
different scenarios. The green bars represent the number of cases in the network operating
system, the yellow bars represent the number of cases in the interconnect operating system,
the red bars represent the number of cases in the network non-operating system, and the
blue bars represent the number of cases in the interconnect non-operating system.
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