Com.puters, Materials & <Térch Science Press
Continua -

D0i:10.32604/cmc.2025.066421

ARTICLE Check for

updates

Error Analysis of Geomagnetic Field Reconstruction Model Using Negative
Learning for Seismic Anomaly Detection

Nur Syaiful Afrizal', Khairul Adib Yusof ", Lokman Hakim Muhamad',
Nurul Shazana Abdul Hamid”’, Mardina Abdullah”’, Mohd Amiruddin Abd Rahman',
Syamsiah Mashohor’ and Masashi Hayakawa"’

'Department of Physics, Faculty of Science, Universiti Putra Malaysia, Seri Kembangan, 43400, Malaysia

“Space Science Center, Institute of Climate Change, Universiti Kebangsaan Malaysia, Bangi, 43600, Malaysia

*Department of Applied Physics, Faculty of Science and Technology, Universiti Kebangsaan Malaysia, Bangi, 43600, Malaysia
*Department of Electrical, Electronic and Systems Engineering, Faculty of Engineering and Built Environment, Universiti
Kebangsaan Malaysia, Bangi, 43600, Malaysia

>Department of Computer and Communication System Engineering, Faculty of Engineering, Universiti Putra Malaysia, Seri
Kembangan, 43400, Malaysia

SUEC Alliance Center, Hayakawa Institute of Seismo Electromagnetics Co., Ltd. (Hi-SEM), Chofu, Tokyo, 1820026, Japan

7 Advanced Wireless & Communications Research Center (AWCC), University of Electro-Communications, Chofu, Tokyo, 182-8585,
Japan

*Corresponding Author: Khairul Adib Yusof. Email: adib.yusof@upm.edu.my

Received: 08 April 2025; Accepted: 21 August 2025; Published: 09 December 2025

ABSTRACT: Detecting geomagnetic anomalies preceding earthquakes is a challenging yet promising area of research
that has gained increasing attention in recent years. This study introduces a novel reconstruction-based modeling
approach enhanced by negative learning, employing a Bidirectional Long Short-Term Memory (BiLSTM) network
explicitly trained to accurately reconstruct non-seismic geomagnetic signals while intentionally amplifying reconstruc-
tion errors for seismic signals. By penalizing the model for accurately reconstructing seismic anomalies, the negative
learning approach effectively magnifies the differences between normal and anomalous data. This strategic differenti-
ation enhances the sensitivity of the BILSTM network, enabling improved detection of subtle geomagnetic anomalies
that may serve as earthquake precursors. Experimental validation clearly demonstrated statistically significant higher
reconstruction errors for seismic signals compared to non-seismic signals, confirmed through the Mann-Whitney
U test with a p-value of 0.0035 for Root Mean Square Error (RMSE). These results provide compelling evidence of
the enhanced anomaly detection capability achieved through negative learning. Unlike traditional classification-based
methods, negative learning explicitly encourages sensitivity to subtle precursor signals embedded within complex
geomagnetic data, establishing a robust basis for further development of reliable earthquake prediction methods.
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1 Introduction

Research into potential earthquake precursors through the observation of non-seismological (i.e.,
not related to seismic waves) Earth and space parameters began in late 1980s [I]. These parameters,
collectively termed seismo-electromagnetic phenomena, encompass anomalous geoelectric currents, ultra-
low frequency (ULF) and radon gas emissions in the lithosphere, over-the-horizon very-high frequency
(VHE), and thermal anomalies in the atmosphere, along with very-low-frequency (VLF) transmitter signals
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and abnormal changes in total electron content (TEC) in the ionosphere [2,3]. Among various methods,
analyzing disturbances in ground-based magnetometer data has gained popularity, thanks to the wealth
of publicly available data, such as SuperMAG, employed in this study. In particular, this study focuses
on detecting low-frequency fluctuations in the geomagnetic field, typically evolving over multi-hour to
multi-day timescales, which may be indicative of lithospheric or ionospheric processes during earthquake
preparation [4,5]. Ground-based measurements are deemed more practical for real earthquake prediction
compared to satellite measurements due to their ability to trace spatiotemporal variations more precisely [2].

Several mechanisms have been proposed to explain geomagnetic anomalies preceding significant earth-
quakes, including underground conductivity changes and electrokinetic effects resulting from water-gas
migration through the ground medium [6]. These mechanisms are integral to the lithosphere-atmosphere-
ionosphere-magnetosphere coupling (LAIMC) theory, which is regarded as the primary framework for
understanding various seismo-electromagnetic phenomena [7]. Despite the potential, previous studies have
consistently demonstrated that geomagnetic anomalies tend to be relatively weak [8]. To address the chal-
lenge of detecting such subtle anomalies, researchers have applied various signal processing techniques and
data analysis methods, including polarization ratio [4], diurnal variation range ratio [8], natural time [5]and
vertical variance methods [9] analyses. The focus of most methods has been on the vertical component of
the geomagnetic field due to its heightened sensitivity to underground structural heterogeneity, particularly
during earthquake preparation phases [4,10]. Moreover, the vertical component is less susceptible to distur-
bances from solar-terrestrial signals, which are more likely to be plane waves affecting only the horizontal
component [11]. While these methods have showcased their effectiveness in enhancing earthquake-related
geomagnetic anomalies, previous studies have typically been confined to case or regional investigations with
limited observation periods [1]. Such limitations may impede progress toward achieving accurate earthquake
forecasting, as comprehensive large-scale or global studies are crucial for robust model development.

In the contemporary landscape, artificial intelligence (AI) has emerged as the preferred approach for
modeling complex processes, driven by the availability of extensive datasets [12]. Despite this trend, literature
on the adoption of Al for non-seismological pre-earthquake anomalies, particularly in the geomagnetic
field, remains sparse. A recent prospective study introduced a Convolutional Neural Network (CNN)
model trained using data from three magnetometer stations in European tectonic zones, revealing a subpar
performance with a maximum accuracy of 66.40% [13]. Other relevant studies have primarily explored
seismo-ionospheric anomalous variations induced by earthquakes using TEC time series data. Notably,
studies that developed Recurrent Neural Network (RNN)-based models reported higher accuracies of
around 78.05% [14] and 91.05% (R?) [15]. Among the various RNN models, the Long Short-Term Memory
(LSTM)-based model stands out as a commonly employed architecture for handling time-series data [16].
The capability of LSTM models in detecting geomagnetic as well as various ionospheric and atmospheric
anomalies (e.g., outgoing longwave radiation, air temperature, relative humidity, and vertical TEC) prior
to a sizeable earthquake has been demonstrated in the past [17,18]. Bidirectional LSTM (BiLSTM) further
improves on regular LSTM by processing input sequences in both forward and backward directions.
Equipped with memory cells featuring input, output, and forget gates, a BILSTM network can selectively
retain or release information over extended sequences, proving effective in time series analysis [19].

In earlier attempts at earthquake prediction based on geomagnetic field data, we adopted a direct
classification approach, where each event was labelled as seismic or non-seismic depending on its temporal
proximity to an earthquake. Our preliminary findings suggested that a simple classification model struggled
to detect subtle anomalies thus limiting its performance, probably due to the inherent variability and
complexity of the geomagnetic signals. To address these challenges, a reconstruction-based approach was
explored as an alternative. It focuses on training models that are able to recognize the pattern of normal
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(non-seismic) data and reconstruct them accurately. Through reconstruction error analysis by comparing
the actual and reconstructed signals, anomalies potentially associated with seismic activities can be detected.
This method avoids reliance on ambiguous class labels and is thus better suited for capturing the weak,
nonstationary nature of precursor signals. However, conventional reconstruction-based models typically
treat all errors symmetrically, which may limit their sensitivity to subtle seismic deviations. To address this,
we employed a negative learning approach, inspired by recent advances in computer vision [20,21], where
the model is explicitly penalized for accurately reconstructing known anomalies. While previous work has
applied this idea in the image domain for visual anomaly detection, to the best of our knowledge, our study
is the first to extend negative learning to geophysical time series data for seismic anomaly detection.

Negative learning is an emerging approach in deep learning that emphasizes models training on
explicitly penalizing undesirable patterns and anomalies. It was inspired by contrastive learning with
the objective to minimize intra-class variance (normal and anomalous data) while maximize inter-class
separation (normal vs. anomalous data). Negative learning is different compared to traditional anomaly
detection method which involves unsupervised or semi-supervised frameworks to model normal and flag
deviations. Instead, this method include both normal and anomalous data during training, then, explicitly
teaching the model to recognize and penalize anomalous signals. This approach has been applied in time
series domain for example in fraud detection [22]. These applications usually involve in training the models
to reconstruct normal data accurately while deliberately failing in reconstructing anomalous ones. The major
component that enable this is a loss function that penalizes errors asymmetrically based on the classes,
forcing the distinction innately. Thus, in the context of rare events such as earthquakes, where precursor
are often embedded within complex temporal dependencies, this approach is particularly powerful for
identifying subtle variations.

In summary, classification-based approaches offer the advantage of end-to-end detection pipelines and
decision boundaries but depend heavily on accurately labeled data, and may generalize poorly due to the
temporal uncertainty and weak amplitude of seismic precursors. They often require event-specific tuning and
perform inconsistently across geographies. Reconstruction-based models, including the one proposed here,
offer an alternative by focusing on the normal signal distribution and identifying deviations without relying
on explicit event labels. Our proposed method, enhanced by negative learning, further amplifies class-level
separability by penalizing accurate reconstruction of anomalous sequences. However, it does not provide
real-time classification or assign probabilistic earthquake risk levels, and is instead best suited for post-hoc
anomaly analysis or early-warning signal exploration. This trade-off favors interpretability and generalization
but limits deployment as a direct forecasting system.

The work done in the present study is illustrated in Fig. 1, where the steps are labeled from (a) to (f).
First, the vertical Z component of the geomagnetic field was acquired from their respective databases in (a),
labeled similarly to our preliminary study. Both input and original signal uses the same data, in which it
will undergo detrending to isolate short term fluctuations that may indicate anomalies, followed by down-
sampling in (b). To introduce perturbation in the input, Gaussian noise were added as shown in (c). Next,
training on both seismic and non-seismic dataset to obtain a sequence-to-sequence reconstruction model
(d). The model was then tested on unseen data from both seismic and non-seismic datasets that have been
segmented to enable temporal analysis as shown in (e). The reconstruction error between the classes was
analyzed and compared to assess whether significant differences existed.
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Figure 1: The present study workflow

2 Methodology
2.1 Data Description

Geomagnetic field data with a sampling period of 1 min, covering the period from January 1970 to
December 2021, were sourced from the SuperMAG online database (www.supermag.jhuapl.edu, accessed
on 12 July 2025). The vast SuperMAG project encompasses 138 magnetometer stations located around the
world, allowing for large-scale, worldwide studies to be carried out [23]. The stations are installed and
maintained by different organizations; thus, their data might have different configurations. These differences
are mitigated by the SuperMAG network through data transformation into a common coordinate system,
namely geomagnetic northward N, eastward E, and vertical Z, where the latter was the primary focus of this
study. In addition, the data underwent a baseline removal process that includes the daily baseline, annual
trend, and residual offset [24]. By removing noise and concentrating on the significant fluctuations in the
magnetic field, the reliability and uniformity of the data from different locations were ensured. The study
also incorporates earthquake catalog data from the United States Geological Survey (USGS) online database
(www.earthquake.usgs.gov, accessed on 12 July 2025). The catalog includes seismic event records providing
key information about event locations, depths, magnitudes, and occurrence times.

2.2 Dataset Formation

The datasets used in this study consist of geomagnetic field records combined with earthquake catalog
data. We first listed all global earthquake events from 1970 to 2021 with magnitudes of at least M5.5 and
depths shallower than 50 km. For each earthquake, magnetometer stations located within 200 km of the
epicenter were identified. If the stations were operational, geomagnetic field data were extracted for the 14
days leading up to the earthquake. In total, 1478 seismic-class samples were obtained. The 200 km threshold
was estimated from the empirical relation 0.025d > M — 4.5 [3], which implies that d < 200 km represents
the maximum detectable range for the largest recorded earthquake (M9.5). The depth criterion < 50 km was
chosen because geomagnetic ULF anomalies are most prominent in upper and mid-crustal depths [25,26].

The non-seismic dataset was constructed by selecting periods at the same stations that were not within
200 km of any earthquake. Because geomagnetic behavior is seasonally influenced by solar activity and
Earth’s axial tilt [27], non-seismic samples were taken from one month or one year before or after the
corresponding seismic intervals. Duplicate extractions were avoided to prevent overfitting. This procedure
yielded 1478 non-seismic samples. Each seismic sample was paired with a non-seismic sequence from the
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same station to reduce temporal bias. For the evaluation set, we ensured station-level balance by including an
equal number of seismic and non-seismic samples. A summary of the regional distribution is given in Table 1,
while the geographic coverage of magnetometer stations and earthquake epicenters is shown in Fig. 2. For
the development set, strict one-to-one matching at the station level was not always possible due to sample
limitations. Instead, we maintained global class balance (1024 samples per class for training and 181 per class
for validation) while maximizing spatial and temporal coverage. The remaining 273 non-seismic samples,
together with their seismic counterparts, were reserved for model evaluation.

Table 1: Regional distribution of seismic and non-seismic samples in the development and evaluation sets

Set Region Seismic Non-seismic
Development Australia & New Zealand 53 83
Development Central Asia 133 231
Development East Asia Mainland 139 202
Development Equatorial band 42 35
Development Other 103 180
Development Pacific Rim 688 458
Development Southeast Asia 47 16
Total 1205 1205
Evaluation  Australia & New Zealand 8 8
Evaluation Central Asia 17 17
Evaluation East Asia Mainland 53 53
Evaluation Equatorial band 2 2
Evaluation Other 27 27
Evaluation Pacific rim 156 156
Evaluation Southeast Asia 10 10
Total 273 273
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Figure 2: Locations of magnetometer stations (blue triangles) and earthquakes (red circles) included in this study,

Longitude

where (a) shows the global map, while (b) is a zoomed map of the region that is highlighted in green in (a).
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It is worth emphasizing that searching the non-seismic data within the same season and balancing
the classes for each station were done to ensure that the temporal and spatial characteristics between both
classes were as similar as possible. In other words, the spatiotemporal aspect of the data was the control
variable, while the presence of earthquakes in the vicinity of the data was the variable being tested in this
study. To ensure spatial and temporal representativeness, the dataset was analyzed by geographic region and
station coverage. A total of 38 unique magnetometer stations contributed data spanning 7 global regions,
including East Asia, Central Asia, South America, the Mediterranean, and Oceania. The most active stations
in terms of sample count include KAK (Japan), KNY (Japan), and HTY (Italy), all located in seismically
active tectonic regimes. The dataset was constructed by extracting Z-components of the geomagnetic field
for a total duration of 14 days. Both the input and the original signals were based on the same data. The Z
geomagnetic field were then z-score normalized, where the original signal is subtracted by its mean and then
divided by its standard deviation. The normalization was done on the combined development and evaluation
datasets, combined across different stations and observation periods to ensure the uniformity of features,
i.e., zero mean and unit variance [28].

The Z-component sequence was then detrended to remove slow-varying background trends, such as
daily baselines and seasonal fluctuations. This step isolates shorter-term variations relevant to potential
geomagnetic anomalies. After detrending, the data was downsampled by a factor of 10, reducing the sequence
length from 20,160 (14 days at I-minute resolution) to 2016. It is worth noting that no ULF components can be
extracted from the original signal of 1 min due to the Nyquist frequency being 8.3 mHz. This downsampling
improves training efficiency while preserving essential temporal structures, including diurnal and multi-day
variations rather than short-term fluctuations [2], and our target signals remain intact within the retained
frequency band [4]. The down-sampling reduces the signal length from 20,160 points (1 min x 24 h x 14 days)
to 2016 points. To prevent the model from trivially learning an identity function, since the input and target
are identical, a small amount of zero-mean Gaussian noise (¢ = 0.01) was added to the input during training.
This technique introduces controlled variability and promotes generalization by encouraging the model to
learn structural features rather than exact replication. The noise level was empirically selected to balance
signal preservation with effective regularization, in line with common practices in denoising autoencoders
and sequence modeling [22]. To prevent this and to ensure that the model maximizes anomalous errors, an
essential aspect for reconstructing the signal accurately, which was negative learning, was implemented at
the final stage of the process.

3 Model Development
3.1 Network Architecture

The architecture employed in this study leverages a BILSTM layer, which is a commonly used layer
in an RNN. This network configuration consists of several interconnected layers, structured sequentially
for optimal information processing as illustrated in Fig. 3. The first layer is an input sequence layer that
accepts a 2016 (signal length) x 1 (features) array as the input data representation. Subsequently, a BILSTM
layer, comprising 900 hidden units, is utilized to capture temporal dependencies and context within the
input data. Following the BiLSTM layer, a fully connected (FC) layer with 600 output nodes is integrated
into the architecture to facilitate feature extraction and transformation. To prevent overfitting and enhance
generalization, a dropout layer with a dropout rate of 0.2 is introduced. The number of hidden units (in
the BiLSTM layer) and number of output nodes (in the first FC layer) were selected through Bayesian
optimization. The search explored combinations of hidden units and FC layer widths over the range 100
to 1000 with step size of 100. The total number of 100 trials were conducted which produce the final
configuration of 900 hidden units and 600 FC nodes chosen based on the lowest validation loss. Another
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FC layer is employed to yield a 2016 x 1 array as the intermediate output. The last layer is an output sequence
layer that reconstructs the signals. The six layers of the network yield a total of around 7.5 million learnable
parameters that are capable of capturing temporal information in the input data for pattern recognition tasks.
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Figure 3: The network architecture consists of the sequence input layer, BILSTM layer, fully connected layer, dropout
layer, fully connected layer, and output sequence layer. Line plots on the left and right represent the dimensions of data
on both ends.

3.2 Negative Learning

In this study, negative learning is applied to detect geomagnetic field anomalies that precedes earth-
quakes. Model was trained to reconstruct non-seismic (normal) geomagnetic field sequences while being
penalized for accurately reconstructing seismic (anomalous) sequences. This is achieved through a composite
loss function that comprises three main components.

The first component is weighted reconstruction error that measures the reconstruction error between
the original and reconstructed sequences. Errors are weighted by their magnitude in order to prioritize larger
deviations that are more likely present in seismic data. This was achieved by scaling the MSE term with a
factor proportional to the absolute error as shown in:

1T
Weighted MSE = T S A+[pe—yi) - (Pe— ye)?
=1
where j; is the constructed value, y; is the original value. The concept of weighting errors by their magnitude
initially stems from focal loss that prioritizes challenging or difficult-to-classify instances in classification
modeling. Thus, in anomaly identification, this would ensure that the model focuses on significant deviations
rather than smaller noise or fluctuations.

The second aspect is in class-specific penalty that computes reconstruction error separately and
combined it with a weighing factor that determine the contribution of seismic anomalous signal. It mirrors
contrastive loss that wanted to learn the embeddings or features that separates classes [29]. The equation
could be expressed as:

Ltass = MSEnormal + A - MSEanomaly
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where A = 0.1 which has been selected based on empirical evaluation during model development, with the
goal of maximizing RMSE separation between seismic and non-seismic data. The chosen value yielded the
best class separability on the test set while preserving stability in non-seismic reconstructions. Such term is
needed due to the indistinguishable nature of anomalous and normal signal when used on a classification
model, with an assumption that the model are able to recognize and decides which section contributes as a
precursory signal.

Next, the loss function also considered temporal consistency by utilizing temporal smoothness penalty.
This concepts has been widely used in sequence modeling to ensure coherence such as in video predic-
tion [30] or CNN outputs stabilization [31]. Physical process such as geomagnetic field evolves smoothly
over time which necessitates temporal consistency. Hence, in order to prevent erratic reconstructions due
to maximizing error on anomalies, a penalty term is introduced to minimize the difference between two
consecutive predictions. This expression is shown as:

1 &,
Ltemp =M- ﬁ Z(yt _yt*1)2
=2

where the M term controls the strength of the penalty. A coefficient of M = 0.01 was selected based on
its ability to suppress high-frequency artifacts without oversmoothing genuine variation. Essentially, this
term discourages sudden fluctuations in reconstructed signals, following the gradual nature of pre-seismic
geomagnetic changes [7]. The total loss function integrates these components such that:

Liotal = Lelass + -Ltemp

During model development, we manually tested the contribution of each loss component. The model
using only standard MSE (normal learning) produced minimal class-wise RMSE difference. Introducing
the class-specific penalty term enhanced anomaly sensitivity by elevating seismic reconstruction error. The
temporal smoothness regularizer was found to be essential in mitigating erratic outputs when seismic errors
were deliberately amplified. These findings support the conclusion that the full composite loss improves both
model discriminability and signal quality.

3.3 Model Training

The BiLSTM network was then trained on the training dataset comprising 1205 non-seismic and seismic
samples for updating the model’s weights and optimizing its performance. The training hyperparameters
were configured to facilitate effective convergence and optimal model performance. An optimal balance
between computing efficiency and model update frequency is achieved by selecting a mini-batch size of 128.
The initial learning rate is set at 0.0001, and a piecewise learning rate scheduling strategy is adopted, reducing
the learning rate by a factor of 0.95 every 30 epochs to fine-tune the model’s convergence. Simultaneously, the
model’s generalization capability was assessed using the validation dataset every 25 epochs. After training,
the neural network corresponding to the training iteration with the lowest validation loss was selected. This
ensured that the BILSTM network not only converged effectively but also maintained its ability to generalize
to unseen data. The training and validation loss throughout the training process are depicted in Fig. 4, with
the lowest loss observed at the 1636 iteration with the values of 5.1626.
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Figure 4: Training and validation loss throughout the training period. The lowest loss value was achieved after 1636
iterations, indicated by the vertical dashed line.

Fig. 5 further illustrates the distinct separation between normal (non-seismic) and anomalous (seismic)
MSE values that highlights the effects of negative learning in differentiating the two classes. The MSE
for normal samples (represented by the cyan and magenta lines for training and validation, respectively)
remains consistently lower compared to anomalous samples (depicted by the green and black dashed lines)
throughout the training progress, reflecting the network’ ability in identifying anomalous signals. This gap
in error values underscores the robustness of the model in distinguishing between normal and anomalous
instances, further reinforcing the impact of the training strategy. The vertical dashed line marks the iteration
at which the lowest validation loss was achieved, indicating the optimal model state.
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Figure 5: Training and validation loss for normal and anomalous samples. The clear separation highlights the model’s
ability to distinguish anomalies using negative learning. The vertical dashed line marks the iteration with the lowest
validation loss.
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4 Model Evaluation and Analysis

The developed model was evaluated on an unseen evaluation dataset comprising seismic and non-
seismic classes. The objective was not only to assess the model performance but also to observe significant
performance differences between the two classes to test our hypothesis: the model’s performance is expected
to be worse in the seismic data set since the model has been trained to reconstruct non-seismic better
compared to seismic data. If such an observation could be made, we could conclude that the Z geomagnetic
field measured in proximity to an earthquake exhibits anomalous and distinguishable characteristics prior to
the event when compared with similar data without any nearby earthquake. The input signals were inserted
into the model and the output were evaluated against the original by using two metrics to measure the model
error. The metrics are RMSE, mean absolute scaled error (MASE), and coefficient of determination (R?),
which are calculated as follows:

RMSE = % Y (yi—5i)? 1)
\I i-1

15 L
MASE — o Zi=t i =i )
o1 ei=2 yi = yil
n ppp— A. 2
R2 -1- Zi;l(yl y_l)z (3)
Yia(yi—7)

In the formulae, # is the total number of observations, y; and J; are the actual and predicted i-th
observation, respectively, whereas y is the average of actual observational values. RMSE measures the average
magnitude of the errors between predicted and actual values whereas MASE evaluates the model accuracy
by comparing the mean absolute error to the mean absolute error of a naive (baseline) model. MASE has
been formulated as a new method for measuring the accuracy of forecasts by modifying the mean absolute
percentage error (MAPE) and symmetric MAPE (SMAPE) methods. It has been found to perform well in
measuring the accuracy of forecast data that have intermittent demand or seasonal patterns [32]. For both
metrics, their values range from zero to positive infinity, with lower values indicating better accuracy [33].
On the other hand, R? quantifies the proportion of the variance in the dependent variable that is predictable
from the independent variables, with values between 0 and 1 indicating the percentage of variability in the
dependent variable that can be explained by the model [34].

4.1 Case Studies of Model Reconstruction

We first looked at four case studies to exemplify good and poor reconstructions (corresponding to the
highest and lowest RMSE, respectively) for seismic and non-seismic classes. Fig. 6 displays the original (blue
lines) and the reconstructions (red lines) on the left axis, whereas the MASE of the corresponding time
segment (i.e., MASEcgment) is indicated by the grey bars on the right axis. As indicated in the plots, the
minimum RMSE for both classes was between 0.2582-0.2609, while the maximum was 0.6260-0.7358, which
it was higher for the seismic class in both cases. The reconstructed and original plots are more overlapping
for the minimum RMSE (Fig. 6a,b) and vice versa. In Fig. 6¢, the signal was noisier than the signal in Fig. 6d,
shown by the significantly higher value of RMSE for the former compared to the latter. The observation
implies that reconstruction error was not influenced by the signal noise, hence, other factors might be
in effect. We then conducted a temporally localized examination by looking at MASEegmen; that reveals
irregular variations in error magnitude throughout each timeframe, without apparent temporal coherence
or clear anomalies consistently aligned with seismic activity. This irregular pattern of error might result from
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the model’s negative learning strategy, which inherently amplifies errors during the reconstruction of seismic
segments, occasionally leading to notable, localized fluctuations. Nevertheless, the temporal loss strategy
appears effective in mitigating abrupt and excessive deviations. The discussed case studies provided insights
into the model behavior towards individual data. Meanwhile, analysis of the distribution of error metrics
involving all available data revealed the statistical difference between the two classes, which is discussed in
the subsequent section.

a) Seismic, RMSE = 0.2609 (min) 0 b) Nonseismic, RMSE = 0.2582 (min) 0
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Figure 6: Case studies of earthquakes that record minimum and maximum RMSE for seismic and non-seismic classes.

4.2 Distribution of Error Metrics

In the investigation of error metric distributions, we segmented both the reconstructed and observed
signals into intervals of 24-time steps (240 min or 4 h). For each interval, we calculated RMSE, MASE,
and R* metrics separately and obtained the median value of each metric per sample. Fig. 7 visualizes the
resulting histograms of these medians, where seismic data is represented by blue and non-seismic data by red.
Examining the RMSE (top panel), a noticeable separation is evident; seismic segments are predominantly
shifted toward higher errors, indicating that the model reconstructs seismic segments with less accuracy
compared to non-seismic ones. Specifically, the median RMSE value for seismic data (0.3776) is higher than
for non-seismic data (0.3579). A Mann-Whitney U test, used to statistically evaluate the difference between
these two groups, yields a p-value of 0.003519. This result is significant at the stringent threshold of p <
0.005, recently advocated as a more robust standard for statistical significance [35]. Thus, the test strongly
supports the notion that the model can effectively differentiate seismic from non-seismic segments based on
reconstruction error, potentially enhanced by the model’s negative learning characteristic.

Conversely, for the MASE metric (middle panel), the median values for seismic (7.2950) and non-
seismic (7.3214) data are closely aligned, suggesting a negligible distinction. The Mann-Whitney U test further
confirms this lack of significant difference (p-value = 0.611960). Similarly, the R* metric (bottom panel) also
shows minimal separation between seismic (median = 0.0839) and non-seismic (median = 0.0860) segments,
resulting in another statistically non-significant difference (p-value = 0.301603). Therefore, while RMSE
distinctly captures differences between seismic and non-seismic signals, neither MASE nor R* provides
substantial discriminatory power in this analysis. We subsequently examined the temporal evolution of
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these metrics, aiming to determine whether increases in reconstruction error could precede seismic events,
potentially offering predictive insights.
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Figure 7: Histograms of median values of (a) RMSE, (b) MASE and (c) R?. The blue and red histograms correspond to
seismic and non-seismic classes, respectively, where the median of medians, m, and the p-value for the Mann-Whitney
U test are included for each metric.

4.3 Superposed Epoch Analysis

The temporal analysis was conducted based on the superposed epoch analysis (SEA), a statistical
technique designed to investigate recurring trends by aligning events of interest to a common reference point.
By averaging or superposing these aligned data points, underlying patterns and collective behaviors of the
events can potentially be revealed [36]. This approach was implemented by computing the summation of the
metric values across segments that coincide temporally relative to each earthquake event, as defined by:

S(t) = iyi(t—t,) (4)

where y;(t —t,) represents the shifted time series. The resulting summed values for each metric (RMSE,
MASE and R?) are shown in Fig. 8, with seismic and non-seismic datasets depicted by blue and red
lines, respectively.

For RMSE, both classes exhibit irregular fluctuations over time without a consistent or monotonic
trend leading up to the earthquake. While there is a general shift toward higher reconstruction error in
seismic data, this shift is not localized to a specific temporal window relative to the event onset. This finding
suggests that, although our model effectively distinguishes seismic from non-seismic sequences in a statistical
sense, it does not identify a temporally fixed precursor signature. Likewise, analysis of MASE and metrics
also demonstrates inconsistent temporal patterns, without identifiable anomalies or temporal alignment
specifically preceding earthquakes. To systematically quantify the temporal differences between seismic and
non-seismic classes, the normalized difference (ND) was calculated using the following equation:

ND = €i,seismic ~ €i,nonseismic

x 100 (5)

€max ~ €min
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where €; seismic and €; nonseismic are the error metrics at the i-th time segment for seismic and non-seismic
datasets, respectively. The ND, represented by grey bars in Fig. 8, further confirms this irregularity, exhibiting
no consistent temporal peaks or anomalies indicative of seismic precursors.
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Figure 8: Superposed values (left axis) and normalized difference (right axis) of (a) RMSE, (b) MASE, and (c) R?. The
blue and red marked lines correspond to seismic and non-seismic classes, whereas the grey bars represent ND.

These results reinforce the notion that geomagnetic anomalies, if associated with seismic activity, do
not manifest at uniform time intervals before earthquakes. Rather, the detected differences in reconstruction
error reflect broader class-level distinctions between anomalous and normal geomagnetic behavior. This
outcome is consistent with previous findings reporting variable and case-dependent lead times, ranging from
a few days [5,37] to several weeks or even months [8].

5 Conclusion and Recommendation

This research successfully developed and validated a reconstruction-based anomaly detection approach
augmented by negative learning, significantly improving the identification of geomagnetic anomalies preced-
ing seismic events. By deliberately maximizing reconstruction errors for seismic signals, the BILSTM model
demonstrated a statistically significant ability to differentiate between seismic and non-seismic classes, as
evidenced by the Mann-Whitney U test results (p-value = 0.0035 for RMSE). The effectiveness of this strategy
underscores the advantage of explicitly penalizing correct reconstructions of seismic anomalies, thereby
enhancing model sensitivity to subtle earthquake precursors often overlooked in conventional methods.

Given the promising outcomes achieved in this study, future research efforts should further enhance
model performance through targeted improvements. Expanding the datasets to include a more comprehen-
sive range of seismic events across diverse geographic and tectonic contexts could strengthen generalizability
and further validate the robustness of the negative learning approach. Additionally, optimizing the negative
learning framework—such as fine-tuning the composite loss function and adjusting hyperparameters—
may further heighten sensitivity to subtle anomalies and reduce false positives. Future work could also
extend this research by benchmarking the proposed method against baseline models such as CNN-LSTM or
Transformer-based architectures, to evaluate whether negative learning within a reconstruction framework
offers a feasible and interpretable alternative for detecting earthquake-related anomalies. Integrating comple-
mentary geophysical indicators, including ionospheric total electron content, radon gas emission, or thermal
infrared anomalies, may provide additional contextual information and enhance overall anomaly detection
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capability. Finally, the adoption of more expressive architectures, such as hybrid or attention-based networks,
could improve the model’s capacity to capture complex temporal dependencies, potentially advancing the
accuracy and robustness of future earthquake forecasting systems.
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