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Abstract: Continuous monitoring of solar radio bursts using ground spectrometers is now essential for solar researchers,
particularly in predicting space weather. Type Il, Type I11, and Type IV solar bursts are linked to significant solar flares
and coronal mass ejections (CMEs), which affect Earth's magnetosphere and human activities. Since 2002, CALLISTO
spectrometers have gathered data, available at e-Callisto.org, but detecting and classifying these bursts was labor-
intensive. This study aims to enhance the monitoring of solar radio bursts (SRBT II, SRBT I, SRBT IV) by automating
the CALLISTO system. The developed system includes three stages: burst-finder, burst-classifier, and monitoring. Tested
on both pre-training and real data, it achieved 87% success in burst detection and 61% in burst classification. Results
are displayed on the user-friendly website http://solar.myfik.net, providing a valuable tool for CALLISTO-based solar
burst monitoring and supporting space weather forecasting research.
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1. INTRODUCTION

The Sun, amidst billions of stars in the Milky Way, serves
as the radiant heart of our Solar System, illuminating its
planets with hot plasma enveloped in a vast magnetic
field predominantly composed of hydrogen and helium.
Its influence extends profoundly to Earth and
neighboring planets, shaping their climates and
electromagnetic environments. Periodically, the Sun
exhibits dynamic solar activity, marked by intense
phenomena such as solar flares and coronal mass
ejections (CMES). These events unleash torrents of high-
energy electrons and ionized atoms into space, capable of
disrupting not only the solar environment but also
perturbing Earth's magnetic field, occasionally triggering
geomagnetic storms [1].

The emanations from these solar eruptions traverse
interplanetary space alongside the solar wind, interacting
with celestial bodies along their trajectory, engendering
both transient and sustained disturbances. Solar flares,
originating from sudden magnetic energy releases in
active regions, and CMEs, stemming from colossal solar
eruptions [2, 3, 4], are frequently accompanied by bursts
of radio emissions known as solar radio bursts (SRBS).
These bursts, categorized into five types based on their
frequency characteristics, play a pivotal role in space
weather research [7]. They encompass noise-storm bursts
(Type 1), slow-drift bursts associated with CMEs (Type
I1), fast-drift bursts from energetic particle movements
(Type 1l1), broad-band continuum emissions following
Type Il events (Type 1V), and continuum emissions at
meter wavelengths (Type V).

Type Il bursts, characterized by a gradual frequency drift,
are linked to shock waves propagating through the solar
corona triggered by CMEs, while Type IIl bursts,
featuring a rapid frequency drift, arise from accelerated
charged particles escaping the Sun's magnetic field [5, 6,
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8]. Type IV bursts, appearing post-Type Il events, persist
for extended durations and are attributed to electron
spiraling within the solar corona's magnetic field.

The observation and classification of these SRB types are
integral to forecasting space weather, as solar activity
profoundly impacts technology and daily life on Earth [5,
6, 8]. The reliance on technology in modern society has
spurred heightened efforts in monitoring solar activities
using advanced radio receivers and magnetometers.
However, the sheer volume and complexity of recorded
solar radio spectra present significant challenges in
effectively  identifying and classifying  SRBs,
exacerbated by diverse burst shapes and spectral noise.
In response, researchers have increasingly focused on
developing automated systems for detecting and
categorizing solar radio bursts since the early 2000s.
These systems aim to expedite and enhance the accuracy
of SRB identification, offering timely insights for solar
researchers and operational agencies. This study
proposes the development of an automated monitoring
system tailored specifically for detecting and classifying
Type Il, Type I11, and Type IV SRBs with high precision.
The system will integrate advanced signal processing
algorithms and machine learning techniques to achieve
robust detection capabilities. Importantly, it will provide
real-time results accessible via a dedicated web interface
synchronized with continually updated spectrum
databases, facilitating rapid response to evolving solar
conditions.

By advancing the automation of SRB detection and
classification, this research seeks to bolster the efficacy
of space weather forecasting and mitigate potential
impacts on space missions, satellite operations, and
terrestrial infrastructure.



2. METHODOLOGY

The methodology for developing the automated
monitoring system for solar radio bursts begins with a
comprehensive review and synthesis of foundational
research on solar radio burst formation and underlying
physics. This initial phase is crucial for establishing a
robust understanding of the spectral characteristics and
classification criteria essential for accurate detection and
classification within the system.

The algorithmic framework for the automated system is
implemented using MATLAB, selected for its
computational robustness, versatility in handling various
input spectrum formats, and efficient data manipulation
capabilities through matrix operations. MATLAB's
suitability for scientific computing ensures optimal
performance in processing and analyzing large volumes
of solar radio spectrum data.

The system operates through a structured workflow
consisting of two primary processes. Initially, it accesses
and extracts compressed "*.fit' image output spectra from
the CALLISTO database, a comprehensive repository
renowned for its extensive collection of solar radio
emissions data. This database is configured to update
automatically at 15-minute intervals, ensuring that the
system incorporates the latest observational data
available. Users have the flexibility to specify the date of
interest for the input data retrieval, facilitating targeted
analysis based on temporal variations in solar activity.
Upon extraction, the system seamlessly converts the
compressed spectral data into an uncompressed format
suitable for subsequent processing within the MATLAB
environment. This preprocessing step prepares the data
for rapid analysis and classification of solar radio burst
types.

The algorithm then executes rapid spectral analysis,
leveraging predefined detection and classification
algorithms tailored to identify distinct types of solar radio
bursts, including Type I, Type Ill, Type 1V, and other
relevant classifications. Upon detection, the system
generates comprehensive output files formatted to
include critical metadata such as station identifiers,
timestamps of observations, maximum intensity
measurements, geographic coordinates (latitude and
longitude) of monitoring stations, and the categorized
burst type.

To enhance usability and facilitate intuitive interpretation
of results, the system integrates advanced visualization
tools. A global representation visually maps the detected
solar radio bursts across different CALLISTO stations,
employing a color-coded scheme based on their
respective maximum intensity values. This spatial
visualization aids in identifying spatial patterns and
hotspot regions of solar activity.

Furthermore, the system presents graphical displays
depicting the maximum intensity measurements for each
CALLISTO station, complemented by annotations
indicating the specific type of detected bursts (Type II,
Type Ill, Type 1V, or others). These graphical
representations provide a concise overview of solar
activity dynamics at each monitoring location, enabling
comparative analysis and trend identification.

Users can conveniently access and interact with the
generated results through a dedicated web interface
hosted at http://solar.myfik.net. The website is designed
with a user-centric approach, featuring systematic layout
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and intuitive navigation to ensure accessibility and
comprehension of complex solar radio burst data. This
user-friendly interface enhances the dissemination and
utilization of findings among researchers, operational
agencies, and the broader scientific community.

2.1 Observational data

Following the development phase, the algorithm
underwent rigorous training using a dedicated testing
dataset. This dataset was meticulously curated to ensure
comprehensive coverage of solar radio burst types
(SRBT II, SRBT Ill, and SRBT 1V) observed in
CALLISTO spectra from 2014. The selection criteria
prioritized spectra where the edges of solar radio bursts
were distinctly clear, facilitating accurate training of the
algorithm.

The training dataset consisted of 100 CALLISTO spectra
manually classified based on observed bursts types.
Specifically, 20 spectra were classified as Type |l bursts
(SRBT 11), 34 as Type Il bursts (SRBT I1ll), and 14 as
Type IV bursts (SRBT IV). In cases where multiple burst
types occurred within a single spectrum, 7 spectra were
categorized as having mixed burst types, while 10 spectra
showed no discernible bursts, and 15 contained only
noise.

To validate the algorithm's performance, each training
dataset was cross-checked against authoritative sources,
including the CALLISTO spectrum burst catalogue and
daily solar activity reports from the Space Weather
Prediction Center (SWPC), NOAA. Monthly burst
activity reports compiled by Christian Monstein also
served as a benchmark for comparison. This
comprehensive validation process ensured the reliability
and accuracy of the training data used to optimize the
algorithm's detection capabilities.

Throughout the testing phase, the algorithm was
evaluated against manually classified CALLISTO
spectra from 2014. This testing dataset encompassed the
entire spectrum of solar radio burst events recorded
during that year, further verifying the algorithm's efficacy
across diverse solar activity scenarios.

In cases where discrepancies or uncertainties arose
regarding the algorithm's decision-making thresholds,
iterative refinement cycles were conducted. The
MATLAB code underlying the algorithm's design
concept was systematically reviewed and revised to
enhance detection accuracy. Successive iterations
continued until the algorithm consistently achieved a
satisfactory detection rate exceeding 80%, demonstrating
robust performance in identifying and classifying SRBT
I, SRBT Ill, and SRBT IV bursts.

All outcomes, including training results, algorithm
adjustments, and  performance  metrics, were
meticulously documented and analysed. The iterative
development process ensured that the algorithm
effectively leveraged machine learning principles and
signal processing techniques to accurately discern solar
radio burst signatures from complex spectral data.

2.2 Pre-processing

The initial stage of the data processing algorithm focuses
on optimizing data visualization by mitigating unwanted
signals inherent in solar radio burst spectra. Upon reading
the input data spectrum, several critical steps are
undertaken to prepare the data for accurate analysis and
interpretation.



Firstly, the algorithm initiates a comprehensive check for
missing values within the data spectrum. If no missing
values are detected, indicating data completeness, the
spectrum proceeds to the next processing stages. In cases
where missing values are identified, the corresponding
data spectrum is removed from further analysis to
maintain data integrity and reliability.

Subsequently, the algorithm standardizes the size of the
data spectrum to ensure uniformity across all input
datasets. This involves adjusting the spectrum's
dimensions by either adding or removing columns and
rows as necessary. Any added columns or rows are
populated with a default value of 0 to maintain
consistency in data structure and facilitate subsequent
computational operations.

Following size standardization, the algorithm
implements background cancellation techniques to
further refine the data spectrum. This critical step
involves subtracting the local mean intensity observed
during daylight periods from the global background
mean intensity recorded during nighttime or periods of
minimal solar activity. By nullifying background noise
and environmental interference, this process enhances
the clarity and accuracy of signal detection within the
spectrum.

Together, these sequential steps in the data processing
algorithm—checking for missing values, standardizing
spectrum size, and applying background cancellation—
form the foundational framework for optimizing data
visualization in solar radio burst analysis. This
meticulous preprocessing approach aims to streamline
subsequent data interpretation and facilitate insightful
visualization of solar activity dynamics.

2.3 Burst detection

The automated system for solar radio burst classification
employs three primary characteristics (C1, C2, C3) based
on intensity values measured across temporal and
frequency domains within the spectrum. These
characteristics serve as foundational criteria for assessing
the presence and attributes of solar bursts, ensuring
robust detection and classification.

C1 evaluates the temporal occurrence of solar bursts
within the spectrum, primarily determined through
manual observation and analysis. It quantifies the
differences between the average intensity values across
each temporal channel (column) and the overall average
intensity value spanning the entire time range (Dt(diff)).
The criterion for C1 to be considered true is met when
these differences exceed a predefined threshold value,
reflecting significant temporal variations indicative of
solar burst activity.

C2 focuses on the frequency occurrence of solar bursts
within the spectrum, also assessed through manual
observation and calculation. It involves comparing the
average intensity values across each frequency channel
(row) with the average intensity value across the entire
frequency range (Df(diff)). Similar to C1, C2 is validated
when these differences surpass a specified threshold
value, highlighting pronounced frequency fluctuations
associated with solar burst emissions.

C3 encompasses two sub-conditions that evaluate the
intensity variations between both temporal and frequency
channels within the spectrum. This criterion aims to
refine burst resolution by enhancing the system's

sensitivity to intensity changes indicative of solar activity.

By scrutinizing intensity differences across channels, C3
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enhances the accuracy and reliability of burst detection
capabilities.

In the decision-making process, the automated system
identifies a positive solar burst event when either all three
primary characteristics (C1, C2, and at least one sub-
condition of C3) or at least two out of the three
characteristics are validated as true. This comprehensive
approach ensures a robust assessment of solar burst
phenomena, accounting for temporal, frequency, and
intensity dynamics observed within the spectrum.

Upon confirming the presence of a solar burst based on
these criteria, the system proceeds to the next stage of
burst classification. This classification phase leverages
predefined algorithms and machine learning models to
categorize detected bursts into specific types (e.g., Type
11, Type I1, Type 1V), thereby facilitating comprehensive
analysis and interpretation of solar radio burst data.

2.4 Burst classification

The burst-classifier algorithm is designed to categorize
detected solar radio bursts into three specific types:
SRBT II, SRBT IlI, and SRBT IV. Developed through a
synthesis of solar burst theory principles and curve fitting
techniques, the algorithm exclusively processes positive
burst results obtained from intensity measurements
across both temporal and frequency channels.
Classification 1 adapts the theory of frequency drift
calculation by integrating information from both
frequency and temporal channels. This approach
enhances the algorithm's ability to discern characteristic
frequency drift patterns exhibited by Type Il solar radio
bursts, providing a quantitative basis for classification.
In Classification 2, the algorithm employs Gaussian
nonlinear least squares curve fitting techniques. This
methodology is applied to the mean intensity observed
across the frequency channel. By fitting Gaussian curves
to intensity data, cl2 aims to identify and classify Type
111 solar radio bursts, which are characterized by rapid
frequency drifts typically associated with energetic
particle accelerations in solar flares.

Similarly, Classification 3 utilizes Gaussian nonlinear
least squares curve fitting, but this time applied to the
mean intensity observed in the temporal channel. This
approach enhances the algorithm's capability to detect
Type 1l solar radio bursts based on temporal intensity
variations indicative of dynamic plasma processes in the
solar corona.

Classification 4 calculates the Sum of Squares Due to
Error (SSE) value from polynomial curve fitting of
intensity variations across the frequency channel. This
statistical approach helps quantify the accuracy of
polynomial models fitted to the observed intensity data,
facilitating the classification of Type IV solar radio bursts
characterized by broad-band continuum emissions.

In contrast, Classification 5 computes the SSE value from
polynomial curve fitting of intensity variations across the
temporal channel. This methodological step assists in
identifying Type IV solar radio bursts based on temporal
intensity characteristics, providing additional insights
into the burst's temporal evolution and duration.
Together, these five classifications (cl1 to cI5) form the
foundational framework of the burst-classifier algorithm.
By integrating theoretical insights from solar burst
physics with advanced curve fitting techniques, the
algorithm enables precise categorization and analysis of



detected solar radio burst events. Each classification
parameter leverages specific methodologies tailored to
capture distinct burst characteristics across temporal and
frequency domains, thereby supporting comprehensive
research in solar physics and space weather forecasting.

3. RESULT AND DISCUSSION

In this study, we have documented a Solar Radio Burst
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(SRB) of Type Il observed in the radio spectrum of
Banting, Malaysia, on April 11, 2022. As per the solar
and geophysical report provided by SWPC, NOAA, this
Burst Type Il event occurred from 05:11 to 05:16 UT,
lasting for a duration of 5 minutes. During this event, the
frequency exhibited a drift rate of 0.67 MHz per second
(Figure 1).
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Fig. 1. Type Il observed in the radio spectrum of Banting, Malaysia, on April 11, 2022.

Upon reading the .fit file in MATLAB, it became
apparent that the file contained multiple instances of
noise, manifesting as horizontal lines on the spectrum. To
rectify this issue, the file underwent a standardization
process where the noise was eliminated through
background cancellation. Subsequently, the size of the
spectrum, which initially consisted of 200 rows and 3600
columns, was reduced to a more manageable 200 rows
and 900 columns. All these processes can be observed in
Figure 2.
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Fig. 2. The pre-processing process for CALLISTO
Banting, Malaysia, on April 11, 2022.
For Burst Type Ill, the differences in average intensity

values for each time channel (column) compared to the
average intensity value for the entire time range (Dt(diff))
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exhibit an increasing consistent pattern, with increasing
flux observed from 05:10 to 05:15 UT (Figure 3(a). On
the other hand, the differences in average intensity values
for each frequency channel (row) compared to the
average intensity value for the entire frequency range
(DAf(diff)) display two distinct peaks in flux, occurring in
the frequency range of 80 to 100 MHz (Figure 3(b)).

Intensity

dB.

05:07 05:08 05:09 05:10 05:11 05:12 05:13 05:14 05:15 05:16 05:17 05:18 05:19 05:20 05:21
Observation time [UTC]

(@)

Intensity

dB.

Frequency

(b)

Fig. 3. Differences between average value intensity for
each time channel (column) and average value intensity
for all ranges of time, Dt (diff) in (a), while (b)
differences between average value intensity for each
frequency channel (row) and average value intensity for
all ranges of frequency, Df (diff).

Subsequently, the flux of the spectrum was enhanced to
improve visualization and aid in classification. This
enhancement is clearly depicted in Figure 4, where Burst
Type 11 is prominently visible on the spectrum visible on
the spectrum.
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Fig. 4. The intensity of the spectrum was enhanced to get better resolution for bursts on the spectrum CALLISTO

Banting, Malaysia, on April 11, 2022.

The curve fitting technique employed here is the
Gaussian function, which is calculated using the equation
specified. The predictions made using this Gaussian
function are constrained within a 95% confidence
interval. The coefficient 'c' in this equation represents the
Gaussian RMS width, determining the width of the 'bell
curve' utilized for comparison. Gaussian curve fitting is
applied to both channels, and it is configured to fit a
single peak using the bisquare robust method, which
minimizes the weighted sum of squares as Figure 5. The

value of 'c'is crucial in identifying the width of the curve,
aligning with theoretical burst characteristics. The
process involves identifying the value of 'c' specifically
for the frequency channel. Once 'c' is determined, the
decision-making step follows. In this step, the value of
'c1l' is compared with a predefined threshold for three
types of bursts, likely to be SRBT Il, SRBT IlI, and
SRBT IV.
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0 Type: Gaussian
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0
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un
Fig. 5. The Gaussian curve fitting applied in the spectrum.

For Burst Type I, all parameters identified as
characteristic of this type of burst were collected and
consolidated. Following this, the fourth step in the
process entails automatically reading and displaying
positive bursts.

4. CONCLUSION

This study presents a web-based automated monitoring
system for solar radio bursts of Type Il, I1l, and IV using
CALLISTO spectra. The primary aim is to assist solar
radio researchers in analysing and documenting these
bursts, providing a user-friendly, time-saving, and
efficient alternative to manual observations. This system
has the potential to revolutionize solar burst monitoring
and may serve as a reference for both researchers and
solar enthusiasts. Additionally, the development of the
solar radio burst detection and classification algorithm,
explained here and based on physical observations, holds
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promise for broader applications. It successfully detected
87% of solar radio bursts and classified them with a 61%
success rate in testing data, with processing times of
about 2 minutes and a maximum of 30 hours for full
processing. The system handles a vast amount of
CALLISTO spectra, making data retrieval and
processing seamless and accessible through the
solar.myfik.net website.
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