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SUMMARY: Gamma-ray bursts (GRBs) are recognized as the most energetic and luminous as-
trophysical phenomena whose high-energy photons can ionize atmospheric particles and thus affect
electrical conductivity. Consequently, electromagnetic waves such as Very Low and Low Frequency
(VLF/LF) radio signals used for the lower ionosphere monitoring can be used to detect disturbances,
i.e. the impact of GRBs on the area in which these signals propagate. This paper addresses application
of deep learning for automatic detection the short-term peaks in VLF/LF signals around the time of
satellite registration of GRBs. We utilized a refined hybrid architecture combining Convolutional Neural
Networks (CNN) for automatic feature extraction and Long Short-Term Memory network (LSTM) for
modeling sequential dependencies in the multi-channel time-series data. We used derived, peak-based
representations of the raw ionospheric waveforms and trained the proposed neural network architec-
ture on such pre-processed data representations. The experiments with the sample of 54 short-lasting
GRBs revealed limitations due to extreme class imbalance; however, a refined approach utilizing man-
ual adjustment of positive-class weights and optimization of the classification threshold achieved the
best detection performance. The final CNN–LSTM model demonstrated strong performance metrics,
confirming the viability of CNN–LSTM approaches in this task.

Key words. Gamma-ray bursts – X-rays: bursts – Techniques: spectroscopic – Techniques: data analysis
– Methods: statistical – Methods: numerical – Techniques: miscellaneous

1. INTRODUCTION

Gamma-ray bursts (GRBs) are among the most
energetic and luminous events, releasing an immense
amount of energy, capable of significantly affecting
Earth’s atmospheric layers, particularly the iono-

© 2026 The Author(s). Published by Astronomical Ob-
servatory of Belgrade and Faculty of Mathematics, University
of Belgrade. This open access article is distributed under CC
BY-NC-ND 4.0 International licence.

sphere Gehrels et al. (2009). There is a consider-
able interest in understanding the extent to which
a GRB event can disturb the Earth’s atmosphere.
It is anticipated that high-energy photons can influ-
ence the ionosphere’s electrical conductivity. In pre-
vious studies, it is shown that its disturbances can
be manifested as changes in local electron density
in the domain of low ionospheric heights and below,
where Very Low Frequency (VLF, 3 kHz–30 kHz)
and Low Frequency (LF, 30 kHz–300 kHz) radio sig-
nals propagate within the Earth-ionosphere waveg-
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uide. The resulting perturbation in electron density
causes time variations in the recorded amplitude and
phase of these VLF/LF signals. Accurate detection
and timely analysis of GRBs are crucial not only
for astrophysical research but also for understanding
their potential impacts on terrestrial systems such as
communication networks.

While rare, the intensive GRB events have been
reported to cause significant disturbances in the lower
ionosphere that can persist for several minutes or over
an hour (Fishman and Inan 1988, Huang et al. 2008,
Hudec et al. 2010, Inan et al. 2007, Kerrache et al.
2024, Maeda et al. 2005, Pal et al. 2023, Tanaka et al.
2010, Slosiar et al. 2011). However, detecting low-
intensity ionospheric perturbations is a very complex
task, as the ionosphere is continually perturbed by
numerous phenomena, including lightnings, solar ac-
tivity, seismic processes, and electron precipitation
(Arnaut et al. 2023, Hayakawa 2025, Kolarski et al.
2022a,b, Nina et al. 2021, Nina 2024a,b, Price et al.
2007, Silber and Price 2017). It is difficult to iso-
late a subtle perturbation and conclusively relate it
to a specific GRB event. Nina et al. (2015) addressed
this challenge by applying statistical analysis to the
VLF/LF radio signals from six worldwide transmit-
ters, successfully confirming detectability of short-
term ionospheric responses to a sample of 54 short-
lasting GRBs. This study showed that statistically
significant perturbations could be observed immedi-
ately after the beginning of the GRB event, or with
a delay of 60 to 90 seconds.

Despite the successful confirmation of the physi-
cal phenomenon through statistical techniques, the
signals associated with these less intense reactions
are often subtle and hover near the noise floor. A
detailed, automated method is needed to reliably
extract these faint, rare signatures from the multi-
channel radio time-series data. Accurate detection
and timely analysis are crucial for astrophysical re-
search and for understanding potential impacts on
terrestrial systems, such as communication networks.

The main motivation of this paper is to advance
traditional statistical and threshold-based methods
by investigating modern machine learning approaches
for automatic detection of GRBs based on anoma-
lies in the VLF/LF radio signals. This paper ex-
plores the application of deep learning, specifically
leveraging a hybrid architecture combining Convolu-
tional Neural Networks (CNNs) Zhao et al. (2024)
with Long Short-Term Memory (LSTM) networks
Speranza (2022). The CNN component is utilized
for the automatic extraction of local patterns, such
as transient oscillations or spectral spikes in the radio
data, while the LSTM component processes these ex-
tracted features as a time series, enabling the network
to capture crucial long-term sequential dependencies.
Through the development and implementation of a
refined CNN–LSTM model employing rolling-window
preprocessing, this work demonstrates the viability of
deep learning approaches for detection of changes in

peak numbers before and after beginnings of the GRB
events.

There are two main practical implications of
this research study. First, the validation of GRB
detectability via ground-based VLF/LF monitoring
adds a valuable tool to the astrophysicists’ repertoire,
enabling synchronization between ground and space-
based measurements. Second, the timing analysis of
ionospheric responses supports radio engineers and
forecasters, especially under intense space weather
conditions when traditional ionospheric models may
lack sufficient accuracy. Also, the study proved that a
simple threshold-based technique is capable of detect-
ing both long- and short-term ionospheric responses
to GRBs.

The foundational success achieved through statis-
tical peak counting established the basis for investi-
gating modern machine learning methods to auto-
matically extract these faint, rare signatures from
noisy, multi-channel radio time-series data. The com-
plexity of transient signal analysis in noisy environ-
ments has driven methodological convergence across
related fields toward hybrid deep learning architec-
tures. The CNN hierarchically extracts invariant
spatial features or local patterns from individual in-
puts (such as transient oscillations or spectral spikes),
which are then flattened and reshaped through a
bridge mechanism to be compatible with recurrent
processing. The LSTM unit subsequently processes
these features to capture long-term temporal dynam-
ics and complex sequential relationships, passing the
information to a classification head—typically con-
sisting of fully connected layers and a softmax func-
tion—to determine the final class. High-level archi-
tecture of such solution is depicted in Fig. 1.

This approach is methodologically aligned with re-
cent research addressing transient events in related
radio and gravitational time-series data. For ex-
ample, the paper (Czech et al. 2018) employed a
CNN–LSTM backbone in combination with sliding
windows and explicit countermeasures against class
imbalance (such as loss weighting) to perform eight-
class identification of human-made radio-frequency
interference (RFI) recorded by autonomous monitor-
ing stations. Similarly, in (Lin and Wu 2021) authors
utilized a complex Bayesian Convolutional Long-
Short Term Memory Deep Neural Network (CLDNN)
structure, also within a sliding-window framework,
for the real-time detection and temporal segmenta-
tion of gravitational-wave (GW) events in interfer-
ometer strain data. These analogous studies vali-
date the adoption of a hybrid CNN–LSTM architec-
ture for processing raw one-dimensional astrophys-
ical time-series data, providing a compelling moti-
vation to apply these advanced sequential modeling
capabilities to the challenging task of automatically
detecting short-term GRB-induced VLF/LF anoma-
lies. Both studies process raw one-dimensional astro-
physical time-series data using a hybrid CNN–LSTM
back-bone within a sliding-window framework, and
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Fig. 1: Overall architecture of the CNN-LSTM network.

both explicitly address class imbalance during train-
ing. The key differences lie in the Bayesian versus
deterministic treatment of weights. Also, both pa-
pers are methodologically related while targeting dis-
tinct transient phenomena under different experimen-
tal constraints.

Both investigations employ raw one-dimensional
radio time-series, atwo-stage CNN-LSTM back-
bone, sliding windows for sample generation,
and explicit countermeasures against class imbal-
ance.Accordingly, Czech et al. (2018) and the present
study are methodologically aligned, yet they remain
distinct in scope: the former performs eight-class
identification of human-made RFI, whereas the lat-
ter executes binary detection of astrophysical γ-ray
bursts across multiple monitoring stations.

In this work, the CNN and LSTM networks were
applied to 6 VLF and LF signals broadcast in Europe,
the USA, and Australia and recorded in Serbia with
a time resolution of 0.02 s. The periods of about 54
GRBs recorded by the Swift satellite were observed.

2. SIGNAL PROCESSING AND MODEL
TRAINING PIPELINE FOR
GAMMA-BURST DETECTION

This chapter presents an end-to-end pipeline for
processing the VLF/LF radio-wave recordings and
preparing them for training a neural network that
detects GRBs. It begins by outlining the data set, its
structure, and inherent limitations, proceeds through
the full pre-processing workflow – from CSV conver-
sion and cleaning to peak detection and adaptive bin-
ning at 5 s and 30 s resolutions and validates the im-
plementation against the reference results. The chap-
ter closes with three weighting strategies for an em-
bedded Conv1D-LSTM network and a quantitative
assessment of each on a held-out test set.

2.1. Dataset description

The data for gamma-ray burst (GRB) detection
were provided by authors Nina et al. (2015) based
on their publication. The dataset contains a list of
all considered GRB events with the following infor-
mation:

1. Burst date in the format YYMMDD (e.g., 090831
stands for 31 August 2009),

2. Start hour (UTC),

3. Start minute,

4. Start second,

5. Burst order within the day (1, 2, etc.).

The dataset contains amplitude values of 6 signals
recorded by the AWESOME (Atmospheric Weather
Educational System for Observation and Modeling of
Electromagnetics) receiver located in Belgrade, Ser-
bia in periods around 54 GRB events, each stored in
a separate file. Each file includes data from 5 minutes
before to 5 minutes after the burst, sampled at 0.02 s
intervals. The columns in each file are:

1. Measurement index,

2. Signal amplitude from NWC transmitter (Aus-
tralia),

3. Signal amplitude from NAA transmitter (USA),

4. Signal amplitude from NRK transmitter (Ice-
land),

5. Signal amplitude from ICV transmitter (Italy),

6. Signal amplitude from GQD transmitter (UK),

7. Signal amplitude from DHO transmitter (Ger-
many).

The main limitations and potential sources of bias
are:
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� Limited data volume. Only 54 bursts, which
may reduce the statistical significance of analy-
ses on rare effects.

� Geographic station distribution. Uneven
placement creates differences in sensitivity and
signal delay across stations.

2.2. Data preprocessing

Methods and algorithms described in this section,
as well as all peak detection formulas, are adopted
from Nina et al. (2015) and adapted to reproduce
the results of the original study.

2.2.1. Format conversion and initial cleaning

Raw VLF recordings were supplied as plain-text
tables whose first eight columns correspond to trans-
mitter amplitudes and auxiliary fields. All files were
ingested and converted to comma–separated values
(CSV) and stored in a dedicated repository to ensure
a uniform downstream interface.

Six radio signals are included in the data —
NWC (Australia), NAA (USA), NRK (Iceland), ICV
(Italy), GQD (UK) and DHO (Germany). Because
the GRB response is expected within a few minutes
of the trigger, each record was clipped to the interval
[−120, +120] s. Given the native sampling rate ∆t =
0.02 s this corresponds to exactly 12 000 samples. Af-
ter slicing, the index was reset and converted to a
physical time axis via ti = i∆t (i = 1, . . . , 12 000).

2.2.2. Signal-peak detection

For each of the six transmitting stations (NWC,
NAA, NRK, ICV, GQD, DHO), the measured ampli-
tude A(t) was converted into a binary peak indicator.
First, a 240 second segment was divided into consec-
utive 20 s windows. The mean amplitude within each
window yielded a discrete series Abase(tk). By apply-
ing linear interpolation between the centers of these
windows, we obtained a continuous baseline curve
Abase(t), which effectively removed any slow drift in
the signal.

The deviation from this baseline was defined as

∆A(t) = A(t) − Abase(t) . (1)

To normalize ∆A(t), we computed a “robust”
noise estimate Anoise as the 98th percentile of |∆A|
in other words, Anoise is the value exceeded by only
the top 2% of absolute deviations. A data point at
time t was classified as a peak if

A(t) − Abase(t)

Anoise
≥ 2, 3 . (2)

Whenever this condition was satisfied, the cor-
responding output column (peak australia,
peak italy, etc.) was set to 1; otherwise, it

remained 0. In this way, each continuous radio-
amplitude trace is compressed into a sparse sequence
of “peak” events, which serve as features for
subsequent machine-learning classification of GRBs.

2.2.3. Temporal binning and adaptive thresholding

Single, isolated peaks often arise from random
fluctuations. To suppress this noise and retain both
rapid and slower accumulations of events, the binary
peak indicators were aggregated on two timescales:

1. Thirty-second bins. Divide the 240 s interval
into eight non-overlapping bins of duration 30 s
each. For station s and bin b, let Pbs be the
count of peaks in that bin, and let

P s =
1

8

8∑
b=1

Pbs (3)

be the mean number of peaks per bin for station
s. We then mark bin b as “active” if

Pbs ≥ 1.15P s . (4)

This threshold (1.15 times the mean) identi-
fies moderately elevated activity over a 30 s
timescale.

2. Five-second bins. Subdivide the same 240 s
interval into forty-eight consecutive 5 s bins. For
each station s and 5 s bin b, compute Pbs as the
number of peaks in that bin; then let

P s =
1

48

48∑
b=1

Pbs (5)

be the mean peak count across all forty-eight 5
s bins. A bin is flagged “active” if

Pbs ≥ 2P s . (6)

The stricter multiplier of 2 ensures that only sig-
nificant short-term spikes survive.

Each station’s results-stored as
bin flag australia, bin flag usa, etc. By
combining these two binning scales, we reduce
random-noise artifacts while preserving both fast (5
s) and slower (30 s) accumulations of events.

Finally, all per-station tables are merged into a
united table, which serves as the input feature set for
the ANN classifier of gamma-ray bursts.

2.2.4. Verification of preprocessing results

To verify the correctness of the implemented
preprocessing pipeline, the results were compared
against the original data from Nina et al. (2015). The
figures below show comparisons of the detected peak
counts for individual stations obtained in this study
with the corresponding results from original data.
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The plots demonstrate that the distribution and
quantitative characteristics of peaks in the analyzed
time intervals agree closely with those reported in
original study, confirming the validity of the pre-
processing procedure and allowing us to proceed to
model training.

Fig. 2: Comparison of the number of peaks in NWC sig-

nal for 30-second bins obtained in this study (histogram)

and in Nina et al. (2015) (dots). The value 0 at the x axis

indicates the time of the beginning of GRB detection by

the Swift satellite.

Example comparisons of peak-count plots

� Figure 2: Comparison for the NWC signal emit-
ted in Australia (peak australia) for 30-second
bins.

� Figure 3: Comparison for the DHO signal emit-
ted in Germany (peak germany) for 5-second
bins.

After this verification, we can proceed directly to
the neural network model training stage.

Note: We trained and evaluated the model only on
30-second bins, because the 5-second-bin results were
empirically indistinguishable.

2.3. Model training and evaluation

At the outset, the two directories – each contain-
ing 27 processed CSV files for individual GRB events
- were concatenated into two master tables: one con-
taining the 5 s binned data and the other containing
the 30 s binned data. These two tables were identical
in structure and differed only in the temporal reso-
lution of the binned data. They formed the input
datasets for all subsequent model preparation and
training steps.

2.3.1. Experiment 1: distinct weighting assigned to
each time bin

In this experiment we used a labelled time–series
data set in csv format as previously described in
the earlier chapter that contains signals recorded by
six geographic stations together with pre-computed
binary flags for every thirty-second interval (“time

Fig. 3: Comparison of the number of peaks in DHO signal

for 5-second bins obtained in this study (histogram) and

in Nina et al. (2015) (dots). The value 0 at the x axis

indicates the time of the beginning of GRB detection by

the Swift satellite.

bin”). Each row corresponds to a particular time
stamp (seconds) and a specific station; the columns
bin flag peak <station> indicate whether a peak
(1) or no peak (0) was present in that time bin. Sam-
ples belonging to the same case share the same iden-
tifier stored in the data column.

Rows containing missing values in any of the re-
quired columns (data, Time, the six station signals
and the six pre-computed bin flags) were discarded.
The unique case identifiers were then split at ran-
dom (fixed seed) into training and test subsets in
80 %/20 % ratio. For each training case the time
axis was divided into eight non-overlapping windows
[0, 30), [30, 60), . . . , [210, 240) s. Within every win-
dow, all available signal values of each station were
collected; if fewer than 1500 samples were present,
the last value was repeated until the length reached
1500. Station–case pairs with zero samples in a win-
dow were removed. Thus, eight vectors of length 1500
were obtained per station, yielding a 1500 × 8 input
matrix. The corresponding output label is the eight-
element binary vector of pre-computed flags for that
station. After processing all stations for all cases, the
resulting matrices were stacked into a training tensor
Xtrain of shape (ntrain, 1500, 8) and the binary labels
into ytrain of shape (ntrain, 8). The test set was built
in exactly the same way, giving Xtest ∈ Rntest×1500×8

and ytest ∈ {0, 1}ntest×8.
Because each of the eight output channels is

strongly imbalanced, a time-bin-specific positive
weight was introduced. For bin i = 0, . . . , 7 let ”pos”i
and ”neg”i be the numbers of ones and zeros in ytrain;
both counts were floored to 1 and

pos weighti =
negi
posi

These eight weights were supplied to a custom
weighted binary-cross-entropy loss implementation.
If the true label equals 1 the loss term of that bin is
scaled by pos weighti; if the label equals 0 the term
is left unweighted.
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The per-bin losses were averaged to obtain a scalar
loss per sample. The architecture of the neural net-
work used is presented in Table 1.

Table 1: Neural-network architecture.

Layer Configuration Output
Input – (1500, 8)
Conv1D 128 filters, kernel=5,

padding=same, act=relu
(1500,128)

Batch norm – (1500,128)
Max pooling pool=2 (750,128)
Dropout rate=0.2 (750,128)
Conv1D 256 filters, kernel=3,

padding=same, act=relu
(750,256)

Batch norm – (750,256)
Max pooling pool=2 (375,256)
Dropout rate=0.2 (375,256)
LSTM 64 units, return seq=false (64)
Dropout rate=0.2 (64)
Dense 8 units, linear output (8)

The model was compiled with the Adam optimiser
(learning rate 0.001) and the custom loss. Training
used a batch size of 16 for up to 100 epochs; 10 % of
the training data were reserved for validation. Early
stopping (patience = 10, best-weight restoration) and
model checkpointing (lowest validation loss) were ap-
plied Hussein and Shareef (2024).

After training the logits of shape (ntest, 8) were
passed through a sigmoid and binarised at 0.5. Three
metrics were reported:

1. exact-match accuracy: fraction of test samples
whose eight predicted bits match the ground
truth simultaneously,

2. bitwise accuracy: fraction of individual bits pre-
dicted correctly,

3. Matthews correlation coefficient (MCC) com-
puted on the flattened bit vectors Obi (2023).

To optimise thresholding a grid search over T ∈
[0, 1] in steps of 0.01 maximised the flattened MCC.
The classification report (precision, recall, F1-score,
support) was then recomputed at the optimal thresh-
old.

Table 2 summarises the global metrics on the test
set before and after threshold tuning (T = 0.51) and
a detailed flattened-bit classification report is given
in Table 3.

Table 2: Performance before and after threshold tuning

(T = 0.70) in Experiment 1.

Metric Before After
Exact-match acc. 0.0455 0.0152
Bitwise acc. 0.7083 0.6913
Overall MCC 0.0501 0.2646

Before threshold tuning the model achieved a bit-
wise accuracy of approximately 70.8 % but only 4.6 %

Table 3: Classification report for flattened bits in Ex-

periment 1.

Class
Before tuning After tuning (T = 0.70)

Precision Recall F1 Precision Recall F1

0 0.82 0.82 0.82 0.83 0.99 0.90
1 0.23 0.23 0.23 0.80 0.12 0.21

Macro avg. 0.53 0.52 0.53 0.81 0.56 0.55
Weighted avg. 0.71 0.71 0.71 0.82 0.83 0.77

exact matches; the MCC was close to 0, indicating
difficulty in detecting the rare positive class. After
tuning the threshold the MCC increased to 0.2646;
precision for class (1) rose markedly while recall de-
clined, reflecting a common precision–recall trade-off
in imbalanced problems.

2.3.2. Experiment 2: universal weighting across all
time bins

In Experiment 2 we repeated the entire data-
processing pipeline, network architecture and train-
ing protocol of Experiment 1, changing only the loss-
weighting scheme. Instead of a separate positive
weight for every time bin, all training labels were
flattened into a single vector and one global positive
weight was computed as

pos weight =
total negatives

total positives
,

which was applied uniformly to every bit.
Table 4 summarises the global metrics on the test

set before and after threshold tuning (T = 0.51).
Despite using a single weight, all metrics improve
slightly compared with Experiment 1.

Table 4: Performance before and after threshold tuning

(T = 0.51) in Experiment 2.

Metric Before After
Exact-match acc. 0.0455 0.0483
Bitwise acc. 0.7235 0.7700
Overall MCC 0.2900 0.2959

A detailed flattened-bit classification report is
given in Table 5. Relative to Experiment 1, class
(0) metrics stay high, whereas class (1) precision
and recall improve modestly at the tuned threshold
T = 0.51.

Table 5: Classification report for flattened bits in Ex-

periment 2.

Class
Before tuning (T = 0.50) After tuning (T = 0.51)
Prec. Rec. F1 Prec. Rec. F1

0 0.88 0.76 0.82 0.87 0.85 0.86
1 0.36 0.58 0.45 0.42 0.46 0.44

Macro 0.62 0.67 0.63 0.64 0.65 0.65
Weighted 0.78 0.72 0.75 0.78 0.77 0.78
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2.3.3. Experiment 3: manually specified class
weights

This experiment reproduces exactly the same pre-
processing pipeline, network architecture and train-
ing settings used in the previous experiments, but
changes the loss–weighting strategy. Instead of
data–dependent weights we ran the code twice with
two manually chosen positive weights:

� Run 1: pos weight= 5;

� Run 2: pos weight= 3 (negative weight implic-
itly = 1).

The training procedure (batch size 16, learning
rate 0.001, early stopping with patience 10, etc.)
was identical in both runs; only the scalar weight
changed. During loss computation we passed the cho-
sen pos_weight, so false negatives were penalised 5×
(run 1) or 3× (run 2) more strongly than false posi-
tives.

Table 6 contrasts the key metrics of run 1
(pos weight = 5) with those of run 2 (pos weight =
3). For the further evaluation we proceeded with (
pos weight = 3).

Table 6: Impact of the manual positive weight in Exper-

iment 3.

Metric
pos weight = 5 pos weight = 3
(T = 0.50) (T = 0.35)
Neural Network

Exact-match acc. 0.0000 0.3333
Bitwise acc. 0.5587 0.6837
Overall MCC 0.1315 0.3592

After training we evaluated the model on the
test set (i) with the default threshold T = 0.50
and (ii) with the threshold tuned by a grid search
(T ? = 0.35; step 0.01) to maximise the MCC. The
resulting global metrics for are summarised in Ta-
ble 7.

Table 7: Performance before and after threshold tuning

(run 2) (T ? = 0.35) in Experiment 2.

Metric Before After
Exact-match acc. 0.3333 0.3333
Bitwise acc. 0.6837 0.6837
Overall MCC 0.2965 0.3592

The complete class-wise breakdown is with the
final set of tuned parameters is given in Table 8.
Here, we also compared CNN-LSTM model with se-
lected baseline machine learning models. Using the
identical train/test split, the same flattened-input
preprocessing for traditional models, a MultiOutput
wrapper to match the CNN-LSTM’s multi-bit out-
puts, and identical evaluation criteria (simple hyper-
parameter tuning, exact-match accuracy, bitwise ac-
curacy, MCC and per-class precision/recall/F1 with

MCC-driven threshold search), the baseline mod-
els serve in complementary diagnostic role. Logis-
tic Regression provides a fundamental linear bench-
mark that tests whether flattened features alone ex-
plain the labels, Random Forest captures non-linear
interactions and threshold-like decision structure in
tabular representations, and the margin-based SVM
can explain, whether margin maximization outper-
forms probabilistic log-loss in this high-dimensional
setting. In case that the CNN-LSTM model signifi-
cantly outperforms all three across the same metrics,
the most probable explanation is that sequence-aware
convolutional and recurrent components are extract-
ing temporally-local patterns and cross-time depen-
dencies lost by flattening.

The experiments show, that the CNN-LSTM
model dramatically improves recall and F1 for the
minority class, which the baseline classifiers (Logistic
Regression, Random Forest, calibrated SVM) com-
pletely ignore (precision/recall/F1 = 0.00). After
optimizing thresholds by MCC, the baselines recover
the recall for the minor class, but remain substan-
tially weaker than the neural network.

Table 8: Classification report for flattened bits (run 2)

in Experiment 3 compared with baseline models.

Class
(T = 0.50) (T = 0.35/opt.)

Prec. Rec. F1 Prec. Rec. F1

Neural network (original)
0 0.90 0.68 0.78 0.99 0.45 0.62
1 0.34 0.68 0.45 0.30 0.99 0.46
Macro avg. 0.62 0.68 0.62 0.65 0.72 0.54
Weighted avg. 0.79 0.68 0.72 0.86 0.55 0.59

Logistic Regression (baseline)
0 0.80 1.00 0.89 0.81 0.95 0.88
1 0.00 0.00 0.00 0.44 0.14 0.21
Macro avg. 0.40 0.50 0.44 0.63 0.55 0.55
Weighted avg. 0.64 0.80 0.71 0.74 0.79 0.74

Random Forest (baseline)
0 0.80 1.00 0.89 0.81 0.99 0.89
1 0.00 0.00 0.00 0.64 0.08 0.15
Macro avg. 0.40 0.50 0.44 0.73 0.54 0.52
Weighted avg. 0.64 0.80 0.71 0.78 0.80 0.74

Calibrated Linear SVM (baseline)
0 0.80 1.00 0.89 0.81 0.98 0.89
1 0.00 0.00 0.00 0.53 0.07 0.13
Macro avg. 0.40 0.50 0.44 0.67 0.53 0.51
Weighted avg. 0.64 0.80 0.71 0.75 0.80 0.73

3. DISCUSSION AND FUTURE WORK

The viability of applying a hybrid deep learning
architecture, specifically combining CNN with LSTM
networks, to detect subtle, short-term VLF/LF iono-
spheric anomalies related to GRBs has been demon-
strated in this paper. This methodological approach
builds upon previous research, which initially con-
firmed the detectability of short-term reactions in
the low ionosphere following GRB events. The
established pipeline successfully processed VLF/LF
recordings from six geographically distributed trans-
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mitting stations into binned peak indicators, con-
firming the presence of statistically significant signa-
tures in the radio signals. However, consistent with
expectations for detecting low-intensity events, the
extracted patterns associated with these short-term
perturbations proved to be subtle and often near the
background noise floor. This inherent subtlety com-
plicates detection, as the ionosphere is continually
perturbed by numerous phenomena including solar
activity and lightning, making it difficult to isolate
the GRB-specific perturbation.

A significant limitation encountered during this
research was the reliance on a relatively small dataset,
featuring only 54 short-lasting GRBs detected by
the Swift satellite, which may reduce the statisti-
cal significance and generalizability of the findings.
The low occurrence rate of genuine positive events,
characteristic of this astrophysical phenomenon, re-
sulted in an extreme class imbalance during training.
Initial classification experiments utilizing generalized
weighting schemes and default thresholding settings
yielded only moderate results, indicating that classi-
fication accuracy remained below expectations when
attempting to detect the rare positive class. For
instance, despite achieving acceptable bitwise accu-
racy, the overall MCC was often close to zero be-
fore optimization, reflecting the model’s initial dif-
ficulty in reliably isolating the positive signatures.
Optimal detection rates, achieving an overall MCC
of 0.3592, were ultimately realized only through the
manual adjustment of positive-class weights and a se-
lection of the classification threshold. This necessity
for specialized hyperparameter tuning strongly sug-
gests that while the deep learning model can perceive
the weak multi-station GRB signature, it requires ex-
plicit algorithmic guidance to distinguish it reliably
from ambient background noise.

In the current experimental setup, the baseline
classifiers appear to fail at detecting the minority
class even with the same class-weighting and thresh-
old optimization. The achieved result may be a com-
bination of severe label imbalance and asymmetries.
Still, important differences remain even using the
same weighting because the methods optimize differ-
ent objectives and produce scores with different cal-
ibration properties. The neural network architecture
additionally benefits from sequence-aware feature ex-
traction that is not available to flattened-tabular es-
timators; consequently, weighted baselines often close
much of the performance gap but do not always elim-
inate it, especially on metrics sensitive to tempo-
ral structure or on individual outputs with very low
prevalence. To make comparisons fairer in the evalu-
ation phase, an identical global threshold-search pro-
cedure based on maximizing the MCC was applied to
every model, and probability outputs that were not
naturally probabilistic were calibrated beforehand so
that the threshold sweep operated on comparable
probability estimates. Such post-hoc alignment re-
duces, but does not remove, residual differences aris-

ing from training-time weighting, calibration vari-
ance, per-output prevalence heterogeneity, and the
neural model’s ability to leverage temporal patterns,
suggesting that the most robust fairness checks are
cross-validated calibration and per-output threshold
selection in addition to matched weighting during
training.

To advance this proof-of-concept toward a more
robust and automatically deployable detector, several
critical possibilities for future research exist. Primar-
ily, expanding the data volume and quality is cru-
cial, requiring either an extension of the recordings
duration or the incorporation of signals from addi-
tional transmitting stations to acquire a larger ref-
erence sample of true GRB events. Given the sig-
nal’s subtlety and the complexity of the propagation
environment, future work should investigate more
sophisticated noise-filtering techniques and multi-
channel signal synchronization methods to better iso-
late the specific GRB-associated signal from local-
ized fluctuations. Finally, integrating independent
data sources, such as satellite observations, for event
cross-validation will be vital, significantly increasing
confidence in the events identified by the VLF/LF
anomaly detector and providing a more comprehen-
sive understanding of the ionospheric reaction. The
work presented here confirms the methodological via-
bility of using modern machine learning to investigate
indirect GRB detection and delineates a clear path
forward for enhancing sensitivity and reliability.

4. CONCLUSION

During this work, a methodology was developed
for collecting and pre-processing VLF/LF signals
from six geographically distributed transmitting sta-
tions, followed by the application of a CNN-LSTM
neural network for the classification of potential
GRBs. The main idea of the research presented
in this paper was to extract the peak-based rep-
resentations of the raw signal data and train the
proposed neural network architecture on such pre-
processed representations, instead of raw signal data.
The extracted patterns proved to be quite subtle and
hovered near the noise floor, which is an expected
outcome for such an experimental approach, given
that no previous studies have simultaneously ana-
lyzed multi-station VLF/LF spikes to detect GRBs.
Nevertheless, the mere ability to record these statis-
tically significant signatures attests to the viability
of the concept: the trained models are capable of de-
tecting rare and short-lived disturbances even when
they are barely discernible in any single channel.

The primary factors influencing classification per-
formance were the low occurrence rate of genuine
peak events and the heterogeneity of background
noise across different locations. Standard weighting
schemes and thresholding yielded only moderate re-
sults, and classification accuracy remained below ex-
pectations. However, when manual adjustment of
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positive-class weights was implemented alongside a
careful selection of thresholds, the model achieved
its best detection rates, demonstrating that even a
weak multi-station signal can be “extracted” through
meticulous tuning of algorithmic hyperparameters.

To enhance the model’s sensitivity, the next log-
ical step is to expand both the volume and quality
of the input data: incorporating additional trans-
mitting stations or extending the duration of record-
ings to collect more reference examples of true GRB
events. It is also advisable to investigate more sophis-
ticated noise-filtering techniques and multi-channel
signal synchronization to better isolate the GRB-
associated signal from local fluctuations. Further-
more, combining these data with independent infor-
mation sources (e.g., satellite observations) for cross-
validation of events will increase confidence in the
obtained results.

Thus, although the initial patterns were very
faint, the conducted experiments confirmed the fea-
sibility of applying modern machine learning meth-
ods to detect multi-station VLF/LF effects associ-
ated with gamma-ray bursts, and they have delin-
eated promising avenues for future research.
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Bǉeskovi gama zraka (eng. gamma ray bursts
- GRBs) su prepoznati kao najenergiqniji i
najsvetliji astrofiziqki fenomeni qiji fo-
toni visoke energije mogu jonizovati atmos-
ferske qestice i tako uticati na elektriq-
nu provodnost. Shodno tome, elektromagnet-
ni talasi poput radio signala veoma niske
i niske frekvencije (eng. very low and low fre-
quency - VLF/LF) koji se koriste za posmatra-
ǌe niske jonosfere mogu se koristiti za de-
tekciju poreme�aja, tj. uticaja GRB-ova na
podruqje u kojem se ovi signali xire. Ovaj
rad se bavi primenom dubokog uqeǌa za au-
tomatizovano otkrivaǌe kratkoroqnih pikova
u VLF/LF signalima oko vremena registraci-
je GRB-ova satelitom. Koristili smo rafi-
niranu hibridnu arhitekturu koja kombinu-

je konvolucione neuronske mre�e (eng. Convo-
lutional Neural Networks - CNN) za automatizo-
vanu ekstrakciju karakteristika i mre�u du-
ge kratkoroqne memorije (eng. Long Short-Term
Memory network - LSTM) za modeliraǌe sek-
vencijalnih zavisnosti u vixekanalnim vre-
menskim serijama podataka. Eksperimenti sa
uzorkom od 54 kratkotrajna GRB-a otkrili su
ograniqeǌa zbog ekstremne neravnote�e kla-
sa. Me�utim, usavrxeni pristup koji koris-
ti ruqno podexavaǌe te�ina pozitivnih kla-
sa i optimizaciju praga klasifikacije pos-
tigao je najboǉe performanse detekcije. Ko-
naqni CNN-LSTM model pokazao je jake metri-
ke performansi, potvr�uju�i odr�ivost CNN-
LSTM pristupa za pouzdanu detekciju GRB-a
na osnovu VLF/LF jonosferskih signala.
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