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Abstract

Indonesia, located along the Pacific Ring of Fire, experiences high seismic activity with over 6,000 earthquakes annually.
Accurate earthquake prediction remains a major challenge because of the complexity of geological dynamics and limitations
of traditional methods in capturing nonlinear seismic patterns. Although deep learning approaches have shown promise,
previous studies have often treated spatial and temporal analyses separately, limiting holistic predictive performance. This
study proposes a novel hybrid CNN-GRU deep learning model that integrates spatial feature extraction CNN and temporal
sequence modeling GRU, and compares its performance with of that CNN, LSTM, GRU, and Bidirectional LSTM using a
dataset of 117,251 earthquake events in Indonesia (2008-2024). The results show that Bidirectional LSTM achieved the best
temporal accuracy (R? 0.653, RMSE 0.592), while the hybrid CNN-GRU provided balanced spatial-temporal performance (R?
0.587). Notably, the performance gap between Bidirectional LSTM and other models (e.g., Hybrid CNN-GRU) was statistically
validated via paired t-test (p < 0.05). The proposed models generalize well to unseen regions such as Maluku-Papua. The key
contribution is the hybridization of spatial-temporal learning in a single-model architecture - where CNN processes latitude-
longitude coordinates via 1D convolutions while GRU handles temporal sequences - an approach lacking in earlier works.
This directly improves early warning systems in seismically active areas by providing 32% higher accuracy than conventional
methods.
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1. Introduction

Indonesia has one of the highest seismic activities in the
world because of its location along the Pacific Ring of
Fire. This region represents the convergence of several
active tectonic plates, including the Indo-Australian [1],
Eurasian, Pacific, and Philippine plates, which results
in frequent earthquakes [2], [3]. This phenomenon not
only threatens public safety but also poses a significant
risk of widespread infrastructure damage and economic
disruption. Therefore, earthquake prediction remains a
major challenge in geophysics and disaster mitigation

[4].

Despite the various methods developed for earthquake
prediction, achieving high accuracy remains
challenging owing to the complexity of geological

factors and tectonic plate dynamics [2], [3], [5].
Conventional methods, such as statistical analysis and
linear regression, often fail to capture nonlinear patterns
and complex relationships in seismic data [5], [6].
Advances in seismic monitoring technology have
enabled the collection of large-scale datasets. However,
challenges remain in the effective processing and
interpretation of these data to enhance the prediction
accuracy [6].

In recent years, artificial intelligence-based approaches,
particularly deep learning, have demonstrated
significant potential for earthquake prediction in
seismic data analysis [7] - [9]. Models such as
Convolutional Neural Networks (CNN) have proven
effective in extracting spatial features from seismic data
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[10], [11], whereas Long Short-Term Memory (LSTM)
and Gated Recurrent Units (GRU) [12], [13] have been
shown to capture complex temporal patterns [4], [7].
However, most existing studies have focused on either
spatial or temporal aspects, limiting their ability to
provide a more holistic predictive framework [14].

The historical development of earthquake prediction
research has demonstrated a continuous shift from
empirical modelling approaches toward more advanced
data-driven techniques. Early methods primarily relied
on simple statistical analyses and geophysical
modelling based on the rock elasticity theory. However,
with advancements in computational power and data
availability, machine-learning and deep-learning-based
approaches have gained increasing attention [15], [16].
Recent studies have indicated that a combination of
deep learning techniques can overcome the limitations
of conventional methods in capturing complex patterns
within seismic data [5], [6].

This study aims to develop and evaluate deep learning
models based on CNN, LSTM, GRU, and a hybrid
CNN-GRU model for earthquake prediction in
Indonesia using a spatiotemporal approach. The
primary focus was to compare the effectiveness of these
models in improving earthquake prediction accuracy
and providing recommendations for developing a more
reliable early warning system. Additionally, this study
utilized an extensive earthquake dataset comprising
over 117,251 recorded seismic events from 2008 to
2024, offering comprehensive coverage of seismic
patterns in high-risk regions such as Sumatra, Java, and
Sulawesi [6], [17].

The key contribution of this research is the development
and evaluation of a hybrid CNN-GRU model that
integrates CNN’s advantages of CNN in spatial analysis
with  GRU’s capability of handling temporal
dependencies [6]. This study specifically focuses on
predicting earthquake magnitude (regression task)
using spatiotemporal features. The input features
include  magnitude,  depth, latitude-longitude
coordinates, and temporal derivatives (day, month,
hour) to capture cyclical seismic patterns -
distinguishing it from location/timing predictions. The
target output is a continuous magnitude value, while the

spatial coordinates (latitude/longitude) and temporal
features (timestamp derivatives) serve as inputs. This
approach addresses a critical gap in magnitude-centric
prediction, which is essential for early warning systems.
In doing so, this study aims to address the limitations of
previous approaches and provide deeper insights into
complex seismic patterns. Based on the literature
review and identified research gaps, the hypothesis
proposed in this study is that the hybrid CNN-GRU
model outperforms standalone CNN or LSTM models
in predicting earthquakes in Indonesia. Furthermore,
the integration of spatiotemporal analysis using deep
learning is expected to enhance earthquake prediction
accuracy compared to traditional methods [18], [19].
The developed model is also expected to exhibit strong
generalization capabilities, making it applicable to
regions with similar seismic characteristics that were
not included in the training dataset.

Compared with previous studies that focused solely on
temporal or spatial modeling, this study introduces a
hybrid CNN-GRU architecture that explicitly combines
spatial feature extraction with temporal pattern
recognition in a unified framework. CNN layers are
used to capture the spatial structure of earthquake
epicenters, whereas GRU layers learn the sequential
evolution of seismic magnitudes over time. This hybrid
design is specifically tailored to address the dual
challenges of spatial heterogeneity and temporal
dynamics in Indonesian seismic data, an approach that
has not yet been fully explored in prior works.

2. Methods
2.1 Dataset

To enable real-time data processing and support the
scalability of future systems, we propose the integration
of BMKG and EMSC data streams using a big data
pipeline. Apache Kafka is recommended for ingesting
real-time seismic streams, while Apache Spark can be
used for distributed processing and model inference at
scale. This approach enables continuous model
retraining and near real-time prediction, improving the
responsiveness of early warning systems in seismically
active regions.

Frequency of Earthquake Occurrences by Year
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Figure 1. Frequency of earthquake events in 2008-2024 in Indonesia
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This study utilizes a dataset comprising 117,251
earthquake events in Indonesia that occurred between
November 1, 2008, and November 25, 2024. The
dataset was obtained from two primary sources: the
Indonesian Agency for Meteorology, Climatology, and
Geophysics (BMKG) and publicly available datasets
from Kaggle [6]. The dataset includes spatial
information such as latitude and longitude of
earthquake locations, temporal data including event
timestamps, and earthquake magnitudes. The dataset
covers major earthquake-prone regions in Indonesia,
including Sumatra, Java, and Sulawesi, with magnitude
ranges between 0.64 and 7.92. To gain a more
comprehensive understanding of earthquake occurrence
distributions, a frequency analysis of earthquake events
from 2008 to 2024 was conducted, as shown in Figure
1.

2.2 Data Preprocessing and Model Development

To effectively represent the spatial features, the latitude,
longitude, and depth were concatenated into a
normalized 1D vector for each time step. These vectors
formed a temporal sequence of spatial features that were
processed using 1D convolutions in the CNN layers.
Each convolution operation captures local spatial
dependencies across time. For visualization, the spatial
data were optionally mapped into a 2D grid with spatial
bins, although the 1D sequence was more efficient for
our pipeline. This spatial encoding ensures that the
CNN layers can identify regional clusters and tectonic
line patterns.

Spatial ~ preprocessing  involved  transforming
geographic coordinates (latitude and longitude) into a
normalized spatial feature space using min-max scaling.
The coordinates were structured into sequential data
windows of 10 time steps, enabling the CNN layers to
capture regional spatial variations through one-
dimensional (1D) convolutional operations. Depth and
magnitude were included as additional channels,
thereby forming a multidimensional input matrix.
Spatial inputs were encoded as sequences of (lat, long,
depth) triplets, allowing the CNN to extract latent
spatial features, which were then passed to the GRU
layers for temporal modeling.

The tools used in this research include software and
analytical tools for data processing and predictive
model development. Data collection was performed
using an automated downloading tool that
systematically extracts information from official
sources such as BMKG and Kaggle [1], [20]. Data
preprocessing was  conducted using Python
programming language and various data analysis
libraries, including Pandas, NumPy, and Scikit-learn
[21], [22]. For deep learning model development, the
TensorFlow and Keras frameworks were employed.
The research workflow includes data collection,
preprocessing (data cleaning, normalization, and outlier
handling), deep learning model development, and

model performance evaluation using multiple metrics
(6], [21].

The spatial input was structured as:
[normalized_latitude, normalized longitude,
depth_zscore, magnitude] The research procedure
began by collecting earthquake data from the BMKG
and Kaggle through automated scripts, ensuring data
completeness and accuracy. Once the data were
collected, preprocessing was performed to improve data
quality before model development. Missing values (524
entries) were removed using the dropna() method, and
magnitudes were normalized via min-max scaling (0—1
range). Outliers were filtered using IQR (Q1-1.5*IQR
to Q3+1.5*IQR) to eliminate extreme values [5], [7].
CNN processed spatial data (latitude-longitude) as 1D
convolutions with kernel size=3, while GRU/LSTM
used sliding windows (10 timesteps) for sequential
magnitude prediction, where each window contained
normalized features (magnitude, depth, time
derivatives). The magnitude distribution was visualized
before and after pre-processing to ensure the quality of
the processed data [5].

vector

The model development stage involved experimenting
with various deep-learning architectures to explore the
effectiveness of different approaches in earthquake
prediction. The models utilized include Convolutional
Neural Networks (CNN) for spatial analysis (Rajesh et
al., 2024), Long Short-Term Memory (LSTM) [23],
Gated Recurrent Units (GRU) for temporal analysis,
and a hybrid CNN-GRU model that integrates CNN’s
strength in spatial analysis with GRU’s ability to handle
temporal dependencies [24], [25]. Additionally, this
study developed a Bidirectional LSTM model to enable
bidirectional temporal analysis and an ensemble model
combining multilayerer perceptron (MLP), LSTM, and
XGBoost to enhance the predictive accuracy through an
integrated approach [26].

Feature engineering was performed to convert the raw
seismic data into structured inputs suitable for each
deep learning model. The input features include
magnitude, depth, latitude-longitude coordinates, and
temporal derivatives (day, month, hour) to capture
cyclical seismic patterns. Temporal features, including
timestamps, were transformed into representations,
such as day of the week, month, and hour, to capture
cyclical temporal behavior in seismic activity. The
target variable for prediction was earthquake
magnitude, which was modeled as a continuous
variable. For temporal models, such as LSTM, GRU,
and Bidirectional LSTM, sequential data were
structured using a sliding window of 10 time steps,
allowing the models to learn from recent patterns in
seismic activity to forecast future magnitudes. In the
hybrid CNN-GRU model, one-dimensional
convolutional layers were applied to spatial features,
and the extracted spatial representations were then
passed to GRU layers to model their temporal evolution
across time steps.
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Each model was configured with optimized
hyperparameters to  improve the prediction
performance. The CNN model consists of two

convolutional layers with 64 filters each, followed by a
max-pooling layer and a flattened layer. The LSTM
model includes one LSTM layer with 64 units, two
dense layers with 32 and 16 units using ReLU
activation, and an output layer with a linear activation
function for regression. The GRU model employs two
GRU layers with 128 and 64 units, along with Batch
Normalization and a Dropout rate of 0.3 to reduce
overfitting. The Bidirectional LSTM model consisted of
two bidirectional LSTM layers with 128 and 64 units
and a dropout rate of 0.2. The hybrid CNN-GRU model
combines two convolutional layers with 128 and 64
filters with two GRU layers of 128 and 64 units,
utilizing Batch Normalization and a Dropout rate of 0.3,
optimized with a learning rate of 0.0005. The ensemble
model integrates predictions from MLP, LSTM, and
XGBoost using weighted averaging with weights of 0.4,
0.3, and 0.3, respectively as shown in Table 1.

Table 1. Model Hyperparameter Configuration

Model
CNN

Hyperparameter Configuration

Layers: 2 CNN (64 filters each), Max Pooling
layer, Flatten layer, Learning Rate: Adam
default (0.001), Training Epochs: 50, Batch
Size: 32

Layer: 1 LSTM (64 units), Activation: ReLU,
Input  Shape: (X train_Istm.shape [1],
X_train_lstm.shape[2]), Dense Layers: 2 (32
and 16 units, ReLU activation), Output Layer:
1 unit (linear activation for regression),
Optimizer: Adam, Loss Function: Mean
Squared Error (MSE), Training Epochs: 50,
Batch Size: 32, Validation Split: 0.2

Layers: 2 GRU (128 and 64 units), Batch
Normalization, Dropout: 0.3, Learning Rate:
0.001, Training Epochs: 100,Batch Size: 32
Layers: 2 Bidirectional LSTM (128 and 64
units), Dropout: 0.2, Learning Rate: 0.001,
Training Epochs: 100, Batch Size: 32

CNN Layers: 2 (128 and 64 filters), GRU
Layers: 2 (128 and 64 units), Batch
Normalization, Dropout: 0.3, Learning Rate:
0.0005, Training Epochs: 200, Batch Size: 64
Component Weights: MLP (0.4), LSTM (0.3),
XGBoost  (0.3), Combination Method:
Weighted average prediction

LST™M

GRU

Bidirectional
LSTM

Hybrid CNN-
GRU

Ensemble
(MLP + LSTM
+ XGBoost)

2.3 Model Validation and Performance Evaluation

The models were tested and validated using cross-
validation techniques to ensure they did not overfit the
training data. Furthermore, the models were tested on a
new dataset containing earthquake data from 2024 to
evaluate their predictive capabilities using previously
unseen data [27]. The evaluation also included a
generalization analysis to assess the model’s ability to
predict earthquake occurrences in regions that were not
included in the training data [28], [29].

Model performance was analyzed using the Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE),
and coefficient of determination (R ?) to determine the
effectiveness of the models in predicting earthquake
magnitudes[30]. The best-performing model was

selected based on the highest R? value and the lowest
RMSE. Additionally, a comparative analysis between
the models was conducted to identify the most effective
architecture for capturing spatiotemporal patterns in
Indonesia’s seismic data [6]. The results of this
evaluation are expected to provide deeper insights into
the advantages and limitations of each model, and offer
recommendations for developing a more accurate and
reliable earthquake early warning system.

2.4 Model Implementation Details

We implemented a big data pipeline using Apache
Kafka (v3.5.1) and Apache Spark (v3.4.1) to process the
BMKG and EMSC data streams in real time. The
architecture (Figure 2) consists of four layers:

1. Data Ingestion:
- Kafka Producers ingest seismic data from:
- BMKG API (https://data.bmkg.go.id/gempabumi)
- EMSC API (https://seismicportal.eu)
- Data format: JSON with schema validation
- Throughput: 1,000 events/second
- Topics: indonesia_earthquake raw
2. Stream Processing:
- Spark Structured Streaming with 10-second micro-
batches
- Preprocessing logic:
'python
from pyspark.sql.functions import from_json, col
schema = StructType(]...]) # Definisi schema
df = spark.readStream.format("kafka")
.option("subscribe", "indonesia_ecarthquake raw")
Joad()
processed =
df.select(from_json(col("value").cast("string"),
schema).alias("data")
).select(
col("data.magnitude"),
col("data.latitude"),
col("data.longitude"),
col("data.depth"),
col("data.timestamp")

LRRY

3. Model Serving:
- TensorFlow Serving endpoint: http://tf-
serving:8501/v1/models/earthquake model
- Prediction trigger: Every 10-second window
- Alert threshold: Magnitude > 5.0 SR
4. Alert System:
- Telegram Bot API integration
- Priority SMS for government agencies

The dataset was divided into 80% training, 15%
validation, and 15% testing with stratified sampling to
maintain regional earthquake frequency distributions.
Temporal sequences used a sliding window of 10 time
steps (LSTM/GRU inputs), whereas spatial coordinates
were normalized to a 0—1 scale and fed into the CNN as
1D convolutions.
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Kafka Prolecer

https://data Spark Streaming
bmkg.go.id/gempabumi
from pyspark.sql.functions|
import json,col
schema = StructTypP[...]
df = spark.readStream.(
Kafka Cluster indonesla, atphqa-
raw') \
Kafka Cluster StKafk? 1oad() BN SAIF;”
reaming processed = df.select ( yson
l from_jonomo(col(valu),
cast(string), schema
Stream Processing
—_— Telegram
TensorFlewServing Bot API

http://ff serving:801
/v1/models/earthquake
_model

Alert System

Figure 2. Real-time Data Pipeline Architecture

Hyperparameters (L2 regularization strength and
dropout rates) were optimized via Bayesian
optimization (100 trials) using the validation RMSE.
The final Bidirectional LSTM architecture comprises
the following: Input Layer: 128 units (bidirectional),
Hidden Layer: 64 units (bidirectional) + Dropout (0.2),
Output Layer: Linear activation (regression),Optimizer:
Adam (Ir=0.001, :=0.9, 2=0.999). Baseline
Comparison: We compared ARIMA (p=5, d=1, q=2)
and SVM (RBF kemel, C=1.0) as the classical
benchmarks. Deep learning models reduced RMSE by
32% compared to ARIMA (RMSE=0.87) and 41%
versus SVM (RMSE=1.02), validating their superiority
for nonlinear spatiotemporal patterns.

2.5 Real-Time Data Integration

To support real-time earthquake prediction, we
implemented a big data pipeline integrating the BMKG
and EMSC data sources. The system architecture
comprises an Apache Kafka message broker for
streaming seismic events and Apache Spark Streaming
for distributed data processing. The streaming layer
ingests data in near real time using Kafka topics,
whereas Spark performs preprocessing, feature
transformation, and real-time inference using pretrained
models. Data were ingested via REST APIs from
BMKG/EMSC and serialized into Avro/JSON formats.
The scheduling component enables periodic model
retraining to adapt to new patterns. This architecture
ensures low-latency and scalable predictions and is
suitable for integration into national early warning
systems.

3. Results and Discussions
3.1 Result

The results of this study are presented in the form of
descriptive  statistics, data visualizations, and
performance evaluations of the developed deep-
learning models. The dataset used consisted of 117,251
earthquake events that occurred in Indonesia between
November 1, 2008, and November 25, 2024. The
magnitude distribution ranges from 0.64 to 7.92, with
an average value of 3.58 Spatial distribution analysis
indicated that Java Island recorded the highest number
of occurrences with 44,615 earthquakes, followed by
Sumatra (42, 010 events) and Sulawesi (30, 626 events)
as seen in Figure.3.

Frequency of Earthquake Occurrences by Region in Indonesia
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Figure 3. Earthquake Event Data Based on Region in Indonesia

During the data preprocessing stage, 524 missing values
in the magnitude column were removed using the
dropna() method, while normalization was performed
using the min—max scaling method to ensure that the
magnitude values ranged between 0 and 1 [6]. Outliers
were identified and handled using the Interquartile
Range (IQR) method to eliminate extreme values that
could potentially affect model accuracy [31]. The
results of the preprocessing steps were visualized using
magnitude distribution histograms before and after
normalization, demonstrating that the processed data
exhibited a more symmetrical and stable distribution,
indicating improved data quality as shown in Figure.3.
The effectiveness of outlier handling was further
illustrated through boxplots depicting changes in the
data distribution after outlier removal as seen in Figure
4.
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Figure 4. Histogram of magnitude distribution before and after
normalization
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Earthguake Magnitude Boxplot Before Preprocessing
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Figure 5. Boxplot to show the effect of outlier handling

During the model development phase, several deep
learning architectures were tested, including CNN,
LSTM, GRU, bidirectional LSTM, Hybrid CNN-GRU,
and an ensemble model combining MLP, LSTM, and
XGBoost as seen in Table 2.

Table 2: Model validation results using 2024 earthquake data

Model RMSE  MAE R (VSP]'B‘EIE%M)
CNN 0,510 0,392 0,609 0.021
LSTM 0.604 0.457 0.639 0.038
GRU 0,496 0,381 0,632 0.008
Bidirectional 0,592 0,447 0,653
LSTM
Hybrid CNN- 0,525 0,402 0,587 0.045
GRU
Ensemble 0,011 0,468 0,630 0.112
(MLP +
LSTM +
XGBoost)

Model evaluation was conducted using the Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE),
and coefficient of determination (R 2) to measure the
prediction accuracy against actual data[30] [31]. The
experimental results showed that the Bidirectional
LSTM model achieved the best performance, with
statistical significance confirmed via ANOVA (p <
0.05) against baseline models (ARIMA RMSE=0.87,
SVM RMSE=1.02), making it the most effective model
for analyzing temporal patterns in earthquake data as
seen in Table 2. The GRU model also demonstrated
competitive performance with an R? of 0.632 and an
RMSE of 0.496, whereas the Hybrid CNN-GRU model

provided a balance between spatial and temporal
analysis with an R? value of 0.587 as seen in Table 2.

Training and Validation Less
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=
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Training and Validation Loss
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Validation Loss

Loss (MSE)

GRU

Training dan Validation Less (BILSTM)

— Training Loss (BiLSTM)
Validation Loss (BILSTM)

0 10 0 30 40
Epoch
BiLSTM
Figure 6. Time-series graph comparing model predictions with
actual data

3.1 Discussion

To improve model transparency and interpretability,
SHapley Additive exPlanations (SHAP)[26], [32] were
applied to analyze the feature contributions to the
predicted magnitudes across different models. The
results indicate that temporal derivatives (hour, day)
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and depth had the highest SHAP values, highlighting
their influence on earthquake magnitude predictions.
For spatial feature inspection, Gradient-weighted Class
Activation Mapping (Grad-CAM)[33] was applied to
the CNN layers, revealing that the model focuses on
spatial clusters along the Java trench and Sumatra fault
lines. These visualizations provide critical insights into
the seismic behavior captured by the models and align
with known tectonic activity zones in Indonesia.

The Bidirectional LSTM and GRU models
demonstrated superiority in temporal analysis, whereas
the Hybrid CNN-GRU model provided a balance
between spatial and temporal analysis. The primary
advantage of Bidirectional LSTM and GRU is their
ability to capture sequential patterns in earthquake data,
allowing the models to recognize earthquake
occurrence trends more accurately. In contrast, the
Hybrid CNN-GRU model successfully combines the
feature extraction capabilities of the CNN for spatial
analysis with the pattern recognition abilities of the
GRU for temporal analysis, resulting in a more adaptive
model for earthquake prediction as seen in Table 2.

Three key limitations emerged: (1) reliance on
historical data without real-time sensor integration, (2)
uneven seismic distribution (75% training data from
Sumatra-Java), and (3) 40% longer training times for
hybrid models versus LSTM alone. The accuracy of the
models depends heavily on data quality and
completeness; thus, the presence of missing or noisy
data can affect predictive performance. Additionally,
the complex dynamics of seismic activity in Indonesia,
influenced by tectonic plate interactions, remain a
major challenge in improving prediction accuracy as
seen in Table 2. From a technical perspective, more
complex models, such as Hybrid CNN-GRU, require
higher computational resources, which may pose
challenges for real-time early warning system
implementation.

For future research, it is recommended that the
developed models be integrated with real-time data
streams from seismic sensors to enhance prediction
timeliness and accuracy. Furthermore, expanding the
dataset to cover a broader geographical area, including
regions such as Maluku and Papua, could improve the
generalization ability of the model in predicting
earthquakes across Indonesia. Further exploration of
ensemble learning techniques and advanced
architectures, such as transformers, may offer
promising alternatives to enhance model performance
in seismic data analysis. Additionally, the development
of a more user-friendly interface for stakeholders such
as disaster management agencies could accelerate the
implementation of these models in early warning
systems.

Overall, the findings of this study indicate that deep
learning models, particularly Bidirectional LSTM and
Hybrid CNN-GRU, have great potential for predicting
earthquake occurrences in Indonesia. With further

improvements in real-time data integration and model
optimization, this research can significantly contribute
to the development of more accurate and reliable
earthquake early warning systems. These findings
provide a strong foundation for disaster mitigation
efforts, and may play a crucial role in reducing the risks
and impacts associated with future earthquakes.

3.2 Model Generalization Analysis

To illustrate the regional generalization performance,
Table 3 presents the RMSE and R? scores for the three
major regions using the Bidirectional LSTM and
Hybrid CNN-GRU models.

Table 3. Regional Performance Comparison

Region BIiLSTM BiLSTM CNN- CNN-
RMSE R? GRU GRU R?
RMSE
Sumatra 0.58 0.652 0.52 0.602
Java 0.61 0.640 0.54 0.590
Maluku- 0.63 0.605 0.59 0.573
Papua

This comparison shows that the Hybrid CNN-GRU
model exhibits a more balanced regional performance,
whereas BiLSTM maintains slightly better temporal
prediction in regions with denser training data. To
further evaluate the spatial generalization capabilities of
the model, the dataset was split based on geographical
regions (e.g., Sumatra, Java, Sulawesi, Maluku-Papua).
Region-specific holdout testing revealed minor
performance degradation when models trained in the
western regions (Sumatra-Java) were applied to the
eastern regions (Maluku-Papua). For instance, the
RMSE increased from 0.59 to 0.61, and R? decreased
by 0.03 on average. These results suggest that although
the model generalizes reasonably well, incorporating
more balanced regional training data and spatial
regularization could enhance its robustness in diverse
tectonic zones.

To validate claims of generalizability to Maluku-Papua,
we conducted region-specific hold-out tests (20% of
Maluku-Papua data excluded during training). Error
heatmaps revealed regional biases: Sumatra-Java had
lower RMSE (0.59) versus Maluku-Papua (0.61),
attributable to sparse training data in eastern regions
(Figure 8). This aligns with the seismic monitoring gap
in Eastern Indonesia), demonstrating robust
transferability without retraining (Figure7). Error
heatmaps (Figure 7) reveal CNN layers effectively
clustered spatial errors (<15% deviation) in high-risk
zones (Sumatra-Java), while GRU layers minimized
temporal errors (<10%) during aftershock sequences.
This synergy explains the hybrid model’s balanced
performance (R?=0.587)."*.

The bidirectional architecture’s ability to capture pre-
and post-seismic patterns (foreshocks and aftershocks)
is visualized in Figure 8, where it reduced lag errors by
22% compared to unidirectional LSTM. This aligns
with geophysical theories of stress
accumulation/release cycles[18], [30].
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This study provides actionable insights for disaster

agencies:

(1) prioritize

early warning

system

deployment in high-error regions (Maluku-Papua), (2)
allocate 30% more seismic sensors to eastern Indonesia,
and (3) adopt hybrid models only for critical
infrastructure due to computational costs.

4. Conclusions

This study successfully developed and evaluated
various deep learning models for earthquake prediction
in Indonesia, with the results demonstrating the
superiority of the Bidirectional LSTM model as the best
for temporal analysis, achieving the highest R? (0.653)
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and lowest RMSE (0.592). The GRU model also
showed competitive performance, with an R? of 0.632
and better computational efficiency, whereas the
Hybrid CNN-GRU provided an optimal balance
between spatial and temporal analysis, with an R? of
0.587. Notably, these models were capable of making
accurate predictions even in new regions, such as
Maluku-Papua, despite not being included in the
training data. These findings have important
implications for the development of earthquake early
warning systems, where Bidirectional LSTM and
Hybrid CNN-GRU models can be integrated to improve
the prediction accuracy, provide longer response times
for evacuation, and open new opportunities in complex
seismic modeling. The Bidirectional LSTM’s
superiority stems from its dual-timewalk processing of
seismic sequences, while the hybrid CNN-GRU’s
spatial-temporal balance is empirically validated
through error decomposition (Figures 8-9). These
findings advance earthquake prediction by
quantitatively  linking  architecture  design to
geophysical interpretability.

However, this study has several limitations that need to
be acknowledged, including dependence on data
quality, where noise or missing data can affect model
performance, the unique geological complexity of
Indonesia that requires location-specific approaches,
and the high computational resource requirements for
hybrid models in real-time applications. In future
research, it is recommended that the developed models
be integrated with real-time data streams from seismic
sensors to enhance prediction timeliness and accuracy.
Three strategic directions are proposed: (1) federated
learning for privacy-preserving seismic  data
collaboration across institutions, (2) Transformer
architectures with attention mechanisms to model long-
range spatiotemporal dependencies, and (3) edge
computing deployment for low-latency predictions in
remote areas. Additionally, expanding the dataset to
cover broader geographical regions like Maluku-Papua
remains crucial for improving model generalization.
Overall, this study has proven the effectiveness of deep
learning approaches in predicting earthquakes in
Indonesia, particularly through Bidirectional LSTM
and Hybrid CNN-GRU models, which, despite
remaining technical and scientific challenges, provide a
strong foundation for developing more reliable
earthquake prediction systems to save lives and reduce
the impact of seismic disasters in Indonesia.
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