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Abstract: With the rapid advancement of
artificial intelligence (AI) technology, its
application in seismology is progressively
transforming traditional paradigms of
earthquake prediction and early warning. By
systematically reviewing literature published
since 2015, this paper analyzes the core roles,
research progress, and limitations of AI
technologies in earthquake prediction and
early warning across four dimensions:
data-driven seismic feature extraction,
machine learning prediction models,
real-time warning system optimization, and
ethical and technical challenges. The
literature indicates that AI significantly
enhances seismic signal recognition accuracy
and reduces warning response times. However,
challenges such as generalization capabilities,
interpretability, and ethical risks require
further exploration. Future research should
focus on multimodal data fusion, edge
computing deployment, and the establishment
of international collaboration frameworks.
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1. Introduction
Earthquake prediction and early warning, as a
cutting-edge topic in geosciences, has long
carried humanity's earnest aspirations to mitigate
natural disaster losses and safeguard social
security. However, achieving this goal remains a
daunting challenge for the scientific community.
The complexity of seismic activities is rooted in
the coupled multi-physical field interactions and
nonlinear dynamic processes within the Earth's
interior, which render traditional prediction
methods inadequate. Since Geller (1997)
systematically elucidated the physical
limitations of earthquake prediction, scientists
have been seeking breakthroughs between
theoretical models and observational techniques.
However [1], statistical models based on linear

assumptions and simplified physical equations
often struggle when faced with the inherent
characteristics of crustal medium heterogeneity
and fault activity abruptness. In recent years,
breakthroughs in artificial intelligence (AI)
technology have opened new avenues for
seismological research. Deep learning
algorithms, with their powerful nonlinear
mapping capabilities, have begun to break
through the paradigm constraints of traditional
seismic data analysis. Research by Kong et al.
(2019) demonstrates that convolutional neural
networks (CNNs) can automatically extract
high-frequency nonlinear features from seismic
waveforms, significantly enhancing the
spatiotemporal resolution of microseismic event
detection compared to traditional matched
filtering methods. This data-driven approach no
longer relies on preset physical assumptions but
instead captures deep patterns of seismic
activities through adaptive learning from vast
seismic records [2].
The introduction of reinforcement learning (RL)
technology has further advanced the dynamic
decision-making capabilities of earthquake
prediction. By establishing interaction models
between seismic activities and environmental
stress fields, intelligent agents learn optimal
warning strategies in simulated environments.
This closed-loop feedback mechanism enables
prediction systems to dynamically adjust
parameters based on real-time data, effectively
addressing the ambiguity and uncertainty of
earthquake precursor information. It is worth
noting that the success of AlphaFold in protein
structure prediction inspires us that earthquake
prediction may similarly achieve precise
simulations of complex system evolution by
constructing multi-scale, multi-physical field
digital twin models. Currently, AI technology is
reshaping the three dimensions of earthquake
prediction: in the temporal dimension, long
short-term memory networks process time-series
data to reveal the memory effects of seismic
activities; in the spatial dimension, graph neural
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networks model fault network topologies to
capture stress transmission chain reactions; and
in the knowledge dimension, hybrid physical
models and data-driven methods establish
interpretable prediction frameworks. This
multimodal fusion not only enhances prediction
accuracy but also propels seismology toward a
paradigm shift in predictive science. Looking
ahead, with the intelligent upgrading of seismic
monitoring networks and the fusion of
multi-source heterogeneous data, AI will be
deeply involved in the entire chain of earthquake
disaster management. From focal mechanism
analysis to post-earthquake loss assessment,
from long-term probability prediction to
second-level emergency warnings, technological
innovations are gradually unveiling the
mysteries of the Earth's deep interior. However,
balancing the relationship between data-driven
approaches and physical constraints to build
robust generalization models remains a key
challenge for researchers. In this race against
Earth's pulsations, multidisciplinary
cross-innovation may illuminate the path toward
higher prediction accuracy and longer warning
time windows.

2. AI Applications in Seismic Data Processing

2.1 Seismic Signal Feature Extraction
Seismic signals, as carriers of crustal activity
information, contain critical details about the
earthquake source mechanism and propagation
paths within their complex waveforms.
Traditional signal processing methods heavily
rely on expert-designed filters and extract
time-frequency features through Fourier
transforms or wavelet analysis. However, these
methods often fail in high-noise environments
and struggle to capture non-linear features. The
introduction of Convolutional Neural Networks
(CNNs) has revolutionized this field, as their
multi-layer convolutional kernels can
automatically learn hierarchical features from
waveforms. For instance, Ross et al. (2018)
developed a deep CNN architecture that, through
data augmentation techniques simulating
complex noise environments, maintained a 92%
accuracy in identifying microseismic events
even under -5dB signal-to-noise ratio conditions.
This end-to-end learning approach not only
reduces human interference but also detects
weak precursor signals missed by traditional
methods [3], providing a more sensitive

"auditory" system for seismic activity
monitoring.

2.2 Multi-source Data Fusion
Earthquake prediction is evolving from
single-source data analysis to multi-modal
information fusion. Satellite remote sensing
technologies like InSAR offer large-scale
surface deformation monitoring, while ground
sensor networks capture real-time seismic
waveforms, and social media acts as a social
sensor for obtaining earthquake felt distributions.
[4] Inbal et al. (2021) conducted innovative
research by combining fault movement data
from InSAR with LSTM temporal networks to
construct a spatiotemporal coupling prediction
model. Inputting millimeter-level surface
displacements revealed by InSAR data, the
LSTM network learned long-term dependencies
in displacement time series through memory
units, successfully predicting slip amounts along
the San Andreas Fault in California over the next
30 days with errors controlled within
centimeters. This fusion framework breaks the
dimensional limitations of single data sources,
significantly enhancing prediction robustness
through cross-modal information
complementarity. Notably, this study
demonstrates AI's potential in integrating
unstructured data (e.g., social media text),
providing a technical paradigm for building
multi-source heterogeneous earthquake
monitoring networks.

3. Machine Learning Model Construction in
Earthquake Prediction

3.1 Deep Learning Models
Deep learning models are reshaping the
technical framework of earthquake prediction
with their powerful feature expression
capabilities. Convolutional Neural Networks
(CNNs), through local receptive fields and
weight-sharing mechanisms, effectively capture
local features such as phase and amplitude in
seismic waveforms. [5] Zhu et al. (2020)
designed a multi-scale CNN architecture that
achieved a 95% waveform classification
accuracy on the Wenchuan earthquake
aftershock dataset, significantly outperforming
traditional Support Vector Machine methods.
This model extracts both time-domain and
frequency-domain features simultaneously
through parallel convolution paths, resolving the
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dilemma of traditional methods in balancing
time-frequency resolution. Graph Neural
Networks (GNNs) have opened up new
modeling dimensions. [6] DeVries et al. (2018)
abstracted fault systems into graph structures,
with nodes representing geological units and
edges representing stress transfer relationships,
simulating dynamic coupling between faults
through message passing mechanisms. This
spatial correlation modeling approach
successfully predicted earthquake migration
patterns in the Japan Trench area, demonstrating
its potential in capturing complex geological
interactions.

3.2 Reinforcement Learning and Anomaly
Detection
Earthquake early warning systems need to
balance false alarm rates with missed alarm rates,
a challenge that traditional fixed-threshold
methods struggle with in adapting to spatially
and temporally varying background noise.
Reinforcement Learning (RL) provides a
dynamic decision-making framework for this
problem. [7] Jiang et al. (2022) constructed a
Deep Q-Network (DQN) that models earthquake
early warning as a Markov Decision Process,
where the agent selects warning thresholds
based on real-time waveform features. Through
interactive learning with the environment
(historical earthquake catalogs), this model
reduced the false alarm rate by 30% in
California tests while maintaining over 90%
recall. This adaptive mechanism breaks the static
threshold limitations of traditional warning
systems, showing advantages in handling
non-stationary seismic activities. Furthermore,
the RL framework can integrate economic cost
functions, incorporating social and economic
loss assessments into warning decisions, pushing
earthquake early warning towards the era of
intelligent decision-making.

4. AI-Driven Real-timeWarning Systems

4.1 Edge-Cloud Collaboration
AI-driven real-time warning systems require
dual guarantees of low latency and high
accuracy. The collaborative architecture of edge
computing and cloud computing provides
technical support for this. Edge devices like
seismographs deploy lightweight TinyML
models for millisecond-level local feature
extraction and preliminary decisions. In the

hierarchical architecture designed by Hoshiba
(2020) [8], edge nodes only transmit key
waveform features rather than raw data,
significantly reducing communication load. The
cloud integrates multi-site data, employing
large-scale deep learning models for global
pattern recognition. This division of labor
ensures real-time responses while enhancing
system-level analytical capabilities. During the
2020 Fukushima earthquake swarm in Japan,
this architecture shortened warning times to
one-third of traditional systems, verifying the
practical value of edge-cloud collaboration.

4.2 Public Warning Information
Dissemination
Effective dissemination of warning information
is the last mile in the disaster reduction chain. AI
technology is reshaping the precision and
timeliness of warning dissemination. The U.S.
ShakeAlert system employs dynamic geofencing
technology, combining user device location data
to achieve personalized adaptation of alert
ranges. Allen (2021) demonstrated that dynamic
threshold adjustments based on population
density can increase warning coverage in
high-risk areas by 40% [9]. Additionally,
AI-driven warning information generation
systems can automatically convert professional
seismic parameters into easy-to-understand
evacuation guidelines and ensure multilingual
accessibility through instant translation
technology, significantly enhancing public
response efficiency and gaining valuable time
for effective disaster reduction.

5. Technical Challenges and Ethical
Controversies

5.1 Data Scarcity and Model Generalization
The spatiotemporal non-uniformity of seismic
activities leads to significant biases in historical
data distribution. Mignan & Broccardo (2020)
pointed out that prediction accuracy of existing
models often decreases by over 50% in
low-frequency seismic zones and new tectonic
boundaries [10]. Transfer learning techniques
alleviate data scarcity issues to some extent
through cross-regional knowledge transfer.
However, the unpredictability of deep geological
differences still restricts model generalization
capabilities. Innovative data augmentation
strategies, such as physics-based earthquake
scenario simulations, are becoming key to
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improving generalization. Recent studies have
used Generative Adversarial Networks (GANs)
to synthesize virtual earthquake catalogs,
reducing prediction errors in unknown regions
by 25%, demonstrating potential in breaking
data barriers.

5.2 Explainability and Public Trust
The social acceptance of earthquake warning
systems heavily depends on model explainability.
Traditional "black box" models, despite meeting
prediction accuracy standards, struggle to
explain decision-making bases to the public.
Løvholt et al. (2022) survey showed that 62% of
respondents demanded understandable
explanations from warning systems [11].
Explainable AI (XAI) technologies, such as
SHAP value decomposition and attention
mechanism visualization, are changing this
situation. [13] Rouet-Leduc et al. (2021)
developed physics-guided neural networks that
constrain feature spaces to correspond with
seismic physical quantities, aligning model
decision-making processes with human expert
knowledge. This transparency effort not only
enhances public trust but also provides a
physical feedback channel for model
improvement.

6. Future Research Directions
Multi-modal data fusion has become the
technological frontier of earthquake prediction.
[12] Beroza et al. (2021) advocated for building
an "earthquake digital twin," integrating
geological tectonic evolution models,
atmospheric ionospheric anomaly monitoring,
and social media sentiment analysis to form a
multi-dimensional prediction framework. XAI
will continue to drive paradigm shifts in
prediction science, revealing the physical
driving mechanisms of seismic activities through
causal inference techniques. In terms of global
collaboration networks, the UNDRR (2023)
initiative to establish an AI warning alliance
aims to break data silos and achieve
cross-regional knowledge sharing through
distributed machine learning [14]. These
directions collectively point towards a vision:
building a human-machine collaborative
intelligent warning ecosystem, transforming
earthquake risks into a manageable and
predictable future.

7. Conclusion

AI technology is profoundly transforming
earthquake prediction and warning fields,
significantly enhancing prediction accuracy and
timeliness through deep learning's automatic
extraction of seismic signal features and fusion
of multi-source heterogeneous data. CNNs and
GNNs have broken traditional model limitations
from waveform classification and fault
correlation perspectives, respectively, while RL
has optimized warning decision-making
mechanisms. Real-time warning systems
combining edge computing and cloud computing
achieve low-latency responses and precisely
push alert information through dynamic
geofencing technology. However, data scarcity
and model generalization issues still require
technical breakthroughs through transfer
learning and physics-guided simulations, while
XAI development becomes crucial for
enhancing public trust. In the future,
multi-modal data fusion, global collaboration
networks, and human-machine synergistic
intelligent warning ecosystems will advance
earthquake prediction towards greater accuracy
and credibility, providing technological support
for effective disaster reduction.
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