
Swarm and Evolutionary Computation 97 (2025) 102023 

A
2

 

Contents lists available at ScienceDirect

Swarm and Evolutionary Computation

journal homepage: www.elsevier.com/locate/swevo  

An improved genetic algorithm and clone selection optimization-based gated 

recurrent unit networks for earthquake magnitude prediction
Wen Zhou a, Xinchun Yi a , Changyi Li a, Zhiwei Ye a ,∗, Qiyi He a, Xiuwen Gong b, Qiao Lin c
a School of Computer Science, Hubei University of Technology, Wuhan, 430068, China
b School of Computer Science, The University of Sydney, Sydney, NSW 2006, Australia
c School of Computer Science, University of Nottingham, Nottingham, NG7 2RD, United Kingdom

A R T I C L E  I N F O

Dataset link: https://github.com/123fggv/expe
rimental-data

Keywords:
Earthquake prediction
Genetic algorithm
Gated recurrent units
Clone selection optimization
AETA

 A B S T R A C T

Earthquake magnitude prediction is a vital rendezvous for human safety, economic and property losses. 
The earthquake occurrence process represents a highly complex nonlinear problem. Meanwhile, artificial 
intelligence methods have emerged as automated and intelligent frameworks for addressing magnitude 
prediction challenges. However, these approaches ignore redundant features and have lower prediction 
accuracy. Genetic Algorithms (GA) excel in feature selection and Gated Recurrent Units (GRU) have strong 
time series prediction capabilities. Therefore, we propose a novel earthquake magnitude prediction method, 
named Improved GA and a Clone Selection Optimization-based GRU (IGA-CSOGRU). First, an improved GA 
with generation gap strategy is presented to enhance the feature selection capability of time-series data in 
prediction models. Second, GRU is implemented as the core prediction model. To optimize its hyperparameters, 
a novel approach combining Latin hypercube sampling with adaptive mutation CSO is introduced, thereby 
enhancing prediction performance. Finally, to validate the performance of the proposed IGA-CSOGRU, a novel 
earthquake magnitude prediction dataset is constructed, which is acquired from the self-developed Acoustic 
& Electromagnetics to AI (AETA) platform. Evaluation metrics such as Root Mean Squared Error (RMSE), 
Mean Absolute Error (MAE), Mean Squared Error (MSE), and 𝑅2 were used for assessment. The proposed IGA-
CSOGRU model demonstrates significant performance improvements across all datasets, achieving an average 
RMSE reduction of 5%–7% compared to all baseline methods, highlighting the model’s superior capability in 
handling challenging time series prediction tasks. The implementation code supporting the findings of this 
study is available at https://github.com/123fggv/Earthquake-prediction.
1. Introduction

The earthquake is among the worst natural disasters and can cause 
other natural disasters, such as floods and tsunamis [1,2]. The global 
earthquake data demonstrate that there are more than 5 million earth-
quakes every year according to crustal movement and other reasons, 
and tens of thousands of earthquakes every day. Among these earth-
quake events, although the vast majority of events are too small on the 
Richter scale for people to feel, the medium–large earthquakes can be 
fatal and result in severe economic and material losses. Earthquakes 
are a force of nature with a strong randomness; therefore, earthquake 
magnitude prediction has always been a difficult problem. Meanwhile, 
improving the accuracy of earthquake magnitude prediction is an 
important research topic.

Earthquake magnitude prediction can be broadly divided into two 
categories, (1) seismic precursors-based methods; and (2) historic earth-
quake data-based methods [3]. This paper focuses on the former one.

∗ Corresponding author.
E-mail address: hgcsyzw@hbut.edu.cn (Z. Ye).

For seismic precursor-based tasks, each instance is associated with 
the observed earthquake signals, and this task always has large-scale 
seismic data. Therefore, many artificial intelligence methods have been 
used to predict the magnitude of earthquakes. Berchich et al. [4] pro-
posed an earthquake magnitude prediction method based on Recurrent 
Neural Network (RNN) algorithms, employing Long-Short-Term Mem-
ory (LSTM), GRU, and their hybrid model LSTM-GRU for earthquake 
prediction. This approach takes advantage of the strong long-term 
memory capabilities of LSTM and GRU, which can capture long-term 
trends and patterns that precede earthquakes, thus reducing overfitting 
on training data. In the following, Berchich et al. [5] introduced 
an attention-based LSTM network to predict the magnitudes of large 
earthquakes. This method demonstrates superior capability in capturing 
critical information from long-sequence data, effectively managing se-
quences of varying lengths and complexities. To deal with the massive 
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amount of seismic precursors, Ye et al. [6] presented an Elite Genetic 
Algorithm-based LSTM (EGA-LSTM) for earthquake prediction. This 
method introduces the EGA for feature selection to address feature re-
dundancy in earthquake magnitude prediction. By selecting important 
features, model performance is significantly improved. Furthermore, 
the EGA exhibits a fast convergence rate, allowing it to find optimal 
parameter configurations in a relatively short time, thus accelerating 
the training process of the earthquake prediction model. Unfortunately, 
these methods suffer from three major limitations.

• Low accuracy: The performance of training models and redun-
dant seismic data limits the accuracy of earthquake magnitude 
methods, especially for large-scale seismic data. For instance, 
the feature selection method EGA may converge prematurely to 
a certain local optimal solution, thus losing the opportunity to 
further search for the global optimal solution. This is usually 
caused by the selection mechanism in the algorithm being overly 
inclined to retain excellent individuals, resulting in a reduction in 
population diversity.

• Low generalization ability: The GRU model exhibits a high 
dependence on data quality and hyperparameter tuning, resulting 
in significant variations and instability in prediction performance 
across different variants of seismic datasets and hyperparameters.

• High costs and poor efficiency: The complexity of GRU leads 
to high computational costs for training, especially when deal-
ing with large-scale seismic data, resulting in poor prediction 
efficiency.

Hence, it is nontrivial to solve the above-mentioned drawbacks by 
focusing on two aspects: improving the quality of seismic data and 
proposing an effective earthquake magnitude prediction method.

This study systematically studies how to efficiently obtain optimal 
features and learn the appropriate hyperparameters to solve the earth-
quake magnitude prediction task. To achieve our goal, we propose a 
novel Improved Genetic Algorithm and a Clone Selection Optimization-
based Gated Recurrent Unit network (IGA-CSOGRU) for earthquake 
magnitude prediction. In addition, the generation gap strategy is in-
troduced to IGA. This process first randomly selects a parent individual 
and checks the diversity on the basis of the Hamming distance between 
the randomly selected individual and the current partner, and the 
generation gap strategy can get population update, thus enhancing 
the effectiveness of feature selection. This is particularly beneficial 
when dealing with the complex and large datasets commonly found 
in earthquake data, addressing the issue where spatio-temporal models 
may fail to capture the significant features and potentially overlook 
critical ones [7].

Recall that CSO has shown good performance in hyperparameter 
optimization [8]. Motivated by this, we propose a novel CSOGRU to 
obtain the optimal hyperparameter. GRU has a simpler structure with 
fewer parameters compared to LSTM, which will be more conducive to 
model training. An improved CSO was introduced to perform GRU hy-
perparameter optimization. Latin Hypercube Sampling (LHS) is applied 
for CSO population initialization to generate uniformly distributed sam-
ples that address the issue of nonuniform sampling and susceptibility to 
local optima in the original CSO. This approach enhances the diversity 
of the population and enables a more comprehensive exploration of the 
solution space, thereby reducing the likelihood of becoming trapped 
in local optima. Additionally, the fixed mutation rate in the original 
CSO leads to ineffective exploration of the search space in the early 
stages and lacks fine-grained local search capabilities when approach-
ing the global optimum. To address this issue, we propose an adaptive 
mutation strategy that adaptively adjusts the mutation rate at different 
search stages. That is, for poorer solutions, a larger mutation rate is 
given to increase exploration capabilities, while for better solutions, a 
smaller mutation rate is applied for fine-tuning. This improves the local 
search capabilities of the algorithm and the accuracy of the prediction.
2 
Lastly, a novel earthquake magnitude prediction dataset is con-
structed to validate the performance of the proposed seismic magnitude 
prediction method, which is based on our self-developed AETA and 
China Earthquake Networks Center (CENC). In this study, we propose a 
novel approach that combines IGA feature selection with a GRU model, 
optimized through the CSO algorithm. This method has been evaluated 
with various Evolutionary Algorithms (EAs) and Machine Learning 
(ML) techniques as benchmarks, and four ML evaluation metrics are im-
plemented to rigorously assess the performance of our approach. Exper-
imental results demonstrate that the proposed IGA-CSOGRU framework 
significantly exceeds the performance of state-of-the-art methods.

The main contributions are as follows.

• A seismic magnitude dataset is constructed. The original dataset 
was collected by the AETA system and CENC, and our self-
developed AETA system is shown in Fig.  1, including seismic 
instances in China and surrounding areas by detecting electro-
magnetic and acoustic waves.

• For feature selection task, we propose an IGA methodology using 
the generation gap strategy. This approach ensures that effective 
features are better extracted, thus improving the accuracy of 
earthquake prediction.

• Considering the influence of correctly setting the parameters of 
the GRU model on the accuracy of seismic prediction, a novel 
CSO with LHS and adaptive mutation strategy is presented for 
hyperparameter optimization of the GRU. Therefore, this method 
can reduce the difficulty of manually adjusting the parameters 
and improve the generalizability of the GRU model.

The remainder of the study is organized as follows. Section 2 
presents the related work. The proposed method is described in Sec-
tion 3. In Section 4, the IGA-CSOGRU related experiments are described 
in detail. Conclusions and future work are shown in Section 5.

2. Related work

Numerous researchers have conducted extensive studies on earth-
quake magnitude prediction tasks, including machine learning-based 
methods and deep learning-based methods [9,10].

Machine learning-based earthquake prediction approaches are data-
driven and non-parametric, requiring fewer prior assumptions [11]. 
Hence, machine learning has been widely implemented in seismolog-
ical problems [12,13]. Ikram and Qamar [14] proposed an expert 
system to predict earthquakes from previous data, which is achieved 
by applying association rule mining on earthquake data from 1972 to 
2013. These associations are polished using predicate-logic techniques 
to draw stimulating production rules to be used with a rule-based 
expert system. Moustra et al. [15] used Seismic Electric Signals (SES) 
to evaluate the performance of artificial neural networks in predicting 
earthquakes occurring in the region of Greece with the use of dif-
ferent types of input data. Rouet-Leduc et al. [16] applied machine 
learning to datasets from shear laboratory experiments to identify 
hidden signals that precede earthquakes, thus predicting earthquake 
magnitudes. Hoque et al. [17] used artificial neural networks as a pre-
diction model, which have provided accurate earthquake predictions 
for multiple regions. Salam et al. [18] proposed two hybrid machine 
learning models for earthquake magnitude prediction. The first model, 
FPA-ELM, combines the Flower Pollination Algorithm (FPA) with the 
Extreme Learning Machine (ELM). The second model, FPA-LS-SVM, 
integrates FPA with the Least Squares Support Vector Machine (LS-
SVM). The experimental results demonstrated that the proposed models 
outperform traditional machine learning models in prediction accuracy. 
Joshi et al. [19] introduced a novel SeisEML model for earthquake 
prediction. This model integrates hybrid models, kernel regression 
algorithms, tree regression algorithms, and regression algorithms. Ex-
perimental results indicate that SeisEML significantly enhances the 
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Fig. 1. The sampled signals in AETA.

prediction of peak ground acceleration, thus improving the accuracy 
of earthquake forecasts. Kubo et al. [20] proposed a hybrid approach 
combining machine learning and conventional ground motion predic-
tion equations for earthquake prediction. However, its effectiveness is 
highly dependent on data quality and feature selection, and it exhibits 
significant limitations in processing time-series data. Zhang et al. [21] 
introduced a methodology that involves clustering microseismic data 
prior to model construction, followed by model training to improve 
prediction accuracy. Experimental results indicate that spatiotempo-
ral clustering analysis of microseismic events significantly improves 
the model’s prediction accuracy. Yuan [22] adopted an earthquake 
prediction model based on the clustering of global seismic data, uti-
lizing the Space-Time-Magnitude (STM) distance. It has shown good 
performance in earthquake prediction models. These approaches can 
accurately predict earthquakes in relevant areas and do not require a 
lot of computing resources to perform well on small datasets. However, 
their effectiveness largely depends on the quality of the data and 
feature selection. Furthermore, these models may exhibit insufficient 
generalization capabilities when applied to new and unseen data.

Deep learning algorithms have recently made significant progress in 
solving a wide range of earthquake prediction problems [12,23]. Bao 
et al. [24] proposed a Convolutional Neural Network (CNN) and de-
signed a three-dimensional feature map that leverages the advantages 
of both shallow features and high-dimensional information. Experimen-
tal results indicate that this method effectively distinguishes seismic 
magnitudes and improves the accuracy of magnitude prediction to a 
certain extent. Asim et al. [25] adopted neural networks, recurrent 
neural networks, random forests, and linear programming boost en-
semble classifiers to predict earthquakes. These approaches yielded 
significant predictive results. To extract spatiotemporal features from 
seismic data and enhance the feature extraction capability of prediction 
models for temporal data, Zhang et al. [26] proposed a convolution-
based LSTM model for global spatiotemporal earthquake prediction. 
The results demonstrate that this method effectively predicts earth-
quakes with higher resolution and accuracy. Vardaan et al. [27] used 
an RNN with LSTM to model seismic sequences and used the trained 
model for earthquake prediction. The experimental results indicate that 
the proposed method significantly improves performance compared to 
traditional deep learning approaches. Puthran [28] proposed a hybrid 
seismic prediction model based on a combination of CNN and GRU 
for spatio-temporal analysis. The results show that this method has 
excellent superiority in predicting major earthquake events, achieving 
an accuracy of up to 98.67%. These approaches outperform traditional 
prediction methods and have become the most mainstream approach 
currently. However, the large volume of seismic data and the difficulty 
3 
in tuning the hyperparameters of the prediction models can affect the 
accuracy of seismic predictions.

Machine learning and deep learning based works for earthquake 
prediction are summarized in Table  1. In earthquake prediction tasks, 
traditional approaches like association rule mining [14] and basic 
neural networks [15,17] provide valuable frameworks but heavily de-
pend on historical patterns and data enhancement. More advanced 
hybrid models like FPA-ELM [18] and SeisEML [19] improved pre-
diction accuracy but still suffered from data quality dependencies. 
Recent deep learning approaches using CNN [24], RNN [25,27], and 
hybrid architectures like CNN-GRU [28] have shown improved spa-
tiotemporal feature extraction and generalization capabilities, however 
they face challenges in hyperparameter tuning and interpretability. 
Our proposed IGA-CSOGRU model addresses some of these limitations 
by optimizing redundant feature information and achieving improved 
RMSE on self-collected earthquake datasets, though interpretability 
remains a challenge. To improve the accuracy of earthquake magni-
tude prediction approaches, it is essential to address issues such as 
feature redundancy, time-series data selection, and hyperparameter 
tuning. Therefore, we propose an IGA-CSOGRU model that effectively 
addresses these challenges and significantly improves the accuracy of 
earthquake magnitude predictions. In addition, the IGA is implemented 
to enhance the feature extraction capability of time-series data in 
prediction models. The GRU is adopted as the prediction model, and the 
CSO is used for hyperparameter optimization of the GRU, to improve 
the prediction performance.

3. Approach

In this section, the proposed IGA-CSOGRU earthquake magnitude 
prediction model is described in detail. The model combines IGA 
and the CSOGRU model to improve the accuracy and efficiency of 
earthquake prediction. IGA is used to optimize the selection of input 
features, reduce redundancy, and improve the quality of seismic data. 
Meanwhile, the CSOGRU module is able to effectively capture time-
dependent and complex patterns in time-series data, which are crucial 
for accurate earthquake magnitude prediction.  Additionally, during the 
iterative processes of both IGA and CSO algorithms, individual fitness 
values serve as the evaluation metric for solution quality. Lower fitness 
values indicate higher solution quality and closer proximity to the 
optimal solution of the optimization problem. This inverse relationship 
between fitness values and solution quality aligns with our research 
objective of minimizing prediction error, where lower fitness values 
correspond to higher prediction accuracy of the model. 
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Table 1
Summary of machine learning and deep learning based works.
 Work Proposed approach Results Merits Limitations  
 [14] Association rule mining with 

predicate-logic
Earthquake occurrence 
prediction

- Production rules were improved
- System reliability was increased

- Required the data enhancement
- High dependency on historical patterns

 

 [15] Artificial Neural Networks 
with SES

Earthquake occurrence 
prediction

- SES data utilization was improved
- Strong generalization

- Required the data enhancement
- Sensitive to signal quality

 

 [16] ML on shear laboratory 
experiments

Earthquake magnitude 
prediction

- Signal detection was enhanced
- Precursor identification was increased

- Required the data enhancement  

 [17] Artificial neural networks Earthquake occurrence 
prediction

- Multi-region accuracy was improved
- Model generalization was enhanced

- Required the data enhancement
- Network structure optimization needed

 

 [18] FPA-ELM and FPA-LS-SVM 
hybrid models

Earthquake magnitude 
prediction

- Hybrid model accuracy was improved
- Optimization efficiency was increased

- Required the data enhancement  

 [19] SeisEML hybrid model Peak ground acceleration 
prediction

- Peak ground acceleration accuracy was 
improved
- Model integration efficiency was enhanced

- Required the data enhancement
- Parameter sensitivity

 

 [20] Hybrid ML with ground 
motion equations

Ground motion prediction - Traditional method integration was 
improved
- Ground motion accuracy was enhanced

- Data quality dependent
- Limited feature selection

 

 [21] Clustering-based ML with 
microseismic data

Ground motion prediction - Spatiotemporal analysis was improved
- Clustering efficiency was enhanced

-Clustering quality dependent  

 [22] STM distance-based clustering Earthquake occurrence 
prediction

- STM feature utilization was improved 
- Clustering performance was enhanced 
- Global data analysis was increased 

- Required the data enhancement
- Distance metric sensitivity

 

 [24] CNN with 3D feature map Earthquake magnitude 
prediction

- 3D feature extraction was improved
- Feature map efficiency was enhanced

- Difficulty of hyperparameter
adjustment

 

 [25] Neural networks, RNN, 
random forests

Earthquake occurrence 
prediction

- Multiple classifier performance was 
improved
- Strong generalization

- Difficulty of hyperparameter
adjustment

 

 [26] Convolution-based LSTM Earthquake magnitude 
prediction

- Feature extraction was improved
- Global prediction accuracy was increased

- Required the data enhancement  

 [27] RNN with LSTM Earthquake magnitude 
prediction

- Temporal sequence modeling was 
improved

- Difficulty of hyperparameter
adjustment

 

 [28] Hybrid CNN-GRU Earthquake magnitude 
prediction

- Major event accuracy was improved
- Strong generalization

- Difficulty of hyperparameter 
adjustment
- Non-interpretability

 

 Ours IGA-CSOGRU Earthquake magnitude 
prediction

- RMSE improvement
- Optimizing redundant feature information
- Training is conducted using self-collected
and processed Earthquake datasets

- Non-interpretability  
Fig. 2. The overall structure of IGA-CSOGRU.
4 
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Algorithm 1 IGA-CSOGRU
Input: Fusion of AETA seismic data 𝑋
Output: Magnitude of next day
1 Maxiter-IGA: The maximum number of iterations of the IGA algorithm
2 Maxiter-CSO: The maximum number of iterations of the CSO algorithm
3 𝑋̄: The selected optimal feature subset
4 𝐻 : Hyperparameters of GRU model
5 𝐻̄ : Optimized GRU model hyperparameters
6 Initialize population and parameters of IGA
7 while 𝑡 < Maxiter-IGA do
8  Calculate fitness for each individual
9  for each individual do
10  Roulette selection operation
11  Two-point crossover operation
12  Binary mutation operator operation
13  end for
14  Generate new population with generation gap strategy
15 end while
16 𝑋̄ = best fitness individual
17 Initialize CSO population by Hypercube Initialization (LHS), Initialize CSO parameters
18 while 𝑡 < Maxiter-CSO do
19  Calculate fitness for each individual
20  for each individual do
21  Selection operation
22  Clone operation
23  Perform mutation operations based on the mutation rate dynamically adjusted by fitness
24  end for
25 end while
26 𝐻̄ = CSO(𝐻)
27 Train GRU using hyperparameters 𝐻̄
28 𝑀 = GRU(𝑋̄)
29 return 𝑀
3.1. Proposed method

The overall structure of the proposed method is shown in Fig.  2. It 
consists of four basic modules: the data collection and fusion module, 
the feature extraction module, the seismic prediction module, and the 
hyperparameter optimization module. The data collection and fusion 
module uses the data from our self-development AETA system, which 
is acquired from our self-development geoacoustic sensors and elec-
tromagnetic sensors. The feature selection module primarily processes 
seismic data, removes redundant information, and provides selected 
features as input to the earthquake prediction module. The seismic pre-
diction module includes a GRU for earthquake magnitude prediction. 
The hyperparameter optimization phase includes a CSO mechanism for 
the hyperparameter tuning of the GRU to improve the accuracy of the 
prediction. The pseudocode of IGA-CSOGRU is described as Algorithm 
1.

3.2. Data collection and fusion

Our team has deployed 300 sets of self-designed geoacoustic sensors 
and electromagnetic sensors around the world. The AETA is a platform 
to show the 12 indicators acquired from these sensors, including full-
frequency electromagnetic (30 kHz), low-frequency electromagnetic 
(500 Hz), full-frequency ground sound (150 kHz) and low-frequency 
ground sound (500 Hz). Each type of signal contains 3 indicators: mean, 
ring count, and peak frequency. The AETA time series  [29] data are a 
set of observation samples 𝑋 = (𝑥1, 𝑥2,… , 𝑥𝑖,… , 𝑥𝑚) collected at equal 
intervals in the time sequence, where 𝑥𝑖 = (𝑥𝑖,1, 𝑥𝑖,2,… , 𝑥𝑖,𝑗 ,… , 𝑥𝑖,𝑛), 
𝑥𝑖,𝑗 represents the observation value of the observation component 
𝑗th at the 𝑖th time point, 𝑥𝑖 is a vector of dimensions 𝑛. The ob-
served feature is described as 𝐹 , 𝐹 = (𝐹1, 𝐹2,… , 𝐹𝑗 ,… , 𝐹𝑛), 𝐹𝑗 =
(𝑥1,𝑗 , 𝑥2,𝑗 ,… , 𝑥𝑖,𝑗 ,… , 𝑥𝑚,𝑗 ). Therefore, the 𝑚 observation samples and 𝑛
observation features can be more intuitively expressed as a matrix in 
Eq. (1), 𝑚 is the number of observed samples, 𝑛 indicates the number 
of features.
5 
⎡

⎢

⎢

⎢

⎢

⎢

⎣

1 𝑥1,1 ... 𝑥1,𝑗 ... 𝑥1,𝑛
... ... ... ... ... ...
𝑖 𝑥𝑖,1 ... 𝑥𝑖,𝑗 ... 𝑥𝑖,𝑛
... ... ... ... ...
𝑚 𝑥𝑚,1 ... 𝑥𝑚,𝑗 ... 𝑥𝑚,𝑛

⎤

⎥

⎥

⎥

⎥

⎥

⎦

(1)

The Finite Impulse Response (FIR) filter and eigenvalues extraction 
technology are implemented to fuse the observed signals, and 95 fea-
tures can be observed, 51 features for electromagnetic signals, and 44 
features for acoustic signals. However, MW is not detected in AETA. 
Hence, the Moment Magnitude scale (MW) data are chosen from CENC. 
As a result, we merge 95 features and MW in a given time. The time 
interval is short, and the MW prediction in a short period makes less 
sense. Hence, we select a typical value in each feature to represent a 
whole day. This means that the size of the original one-day data is 
144 × 96. After the fusion phase, the size becomes 1 × 96. The fused 
seismic samples are described as 𝑋̂ = (𝑛𝑢𝑚, 𝑥1, 𝑥2,… , 𝑥𝑖,… , 𝑥𝑚,𝑀𝑊 ), 
where the 𝑛𝑢𝑚 is the number of each sample, and the seismic samples 
are indicated as Eq. . 
⎡

⎢

⎢

⎢

⎢

⎢

⎣

1 𝑥1,1 ... 𝑥1,𝑗 ... 𝑥1,95 𝑀𝑊1
... ... ... ... ... ... ...
𝑖 𝑥𝑖,1 ... 𝑥𝑖,𝑗 ... 𝑥𝑖,95 𝑀𝑊𝑖
... ... ... ... ... ...
𝑚 𝑥𝑚,1 ... 𝑥𝑚,𝑗 ... 𝑥𝑚,95 𝑀𝑊𝑚

⎤

⎥

⎥

⎥

⎥

⎥

⎦

(2)

3.3. Feature selection for IGA

Although EGA has been successfully introduced in feature selection, 
it still performs poorly in the handling of time-series data. Therefore, 
in the IGA, a generation gap strategy is applied in the population 
update phase to enhance the feature selection capability of time-series 
data in prediction models. The IGA framework is described in Fig. 
3. The generation gap strategy and diversity maintenance strategy of 
IGA make it robust and able to consistently find high-quality feature 
subsets when faced with different types of feature selection problems. 
When selecting seismic features, the process typically includes the 
following steps: initializing the population, selecting parents, crossover, 
mutating operation, selecting children to replace the generation of the 
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Fig. 3. The framework of IGA.

parents with generation gap strategy, and repeating these steps until the 
predetermined stopping criteria are met. The final output is the optimal 
feature subset 𝑋 = (𝑛𝑢𝑚, 𝑥1, 𝑥2,… , 𝑥𝑖,… , 𝑥𝑚,𝑀𝑊 ). Crossover is the 
core of the algorithm. This process first randomly selects a parent indi-
vidual and checks the diversity on the basis of the Hamming distance 
between the randomly selected individual and the current partner. If 
the diversity exceeds a preset threshold, a crossover is performed to 
produce offspring; otherwise, the current partner is mutated to produce 
offspring.

In addition, the specific IGA-based seismic feature selection method 
is shown in Fig.  4. First, the generated seismic feature data is input, 
then IGA is used for feature selection. The selected feature subset is 
then input into the GRU prediction model for validation. The RMSE is 
calculated based on the actual and predicted values output by the GRU 
model, and then incorporated into Eq. (3) to calculate the fitness value, 

𝑓𝑔 = 𝑅𝑀𝑆𝐸 ∗ 𝜔𝛼 +
𝑆𝑒𝑙𝑒𝑐𝑡𝑒𝑑𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠
𝑇 𝑜𝑡𝑎𝑙𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠

∗ 𝜔𝐹 (3)

where 𝜔𝛼 represents the weight controlling the prediction error, 𝜔𝐹
represents the weight controlling the penalty for the number of selected 
features, ‘‘Selected Features’’ refers to the number of selected features 
and ‘‘Total Features’’ refers to the total number of available features. 
Then this fitness value is fed back into the IGA feature selection process. 
The algorithm terminates and outputs the final feature subset when 
either the fitness value remains unchanged for 10 consecutive iterations 
or the maximum iteration count is reached. The final feature subset is 
then mapped back to the original seismic dataset to form the ultimate 
seismic feature data, where 1 represents selected seismic data features 
and 0 indicates redundant seismic data features.

Initialization strategy: Generate the initial population
𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 = (𝑝1, 𝑝2,… , 𝑝𝑖,… , 𝑝𝑁 ), the chromosome is described as 
𝑝𝑖, 𝑝𝑖 = (𝑠𝐹1 , 𝑠𝐹2 ,… , 𝑠𝐹𝑖 ,… , 𝑠𝐹96 ), 𝑠𝐹𝑖 ∈ [0, 1]. The 𝑠𝐹𝑖  equal to 1 
means that the feature 𝐹𝑖 is selected; otherwise, it is not selected. 
The individual encoding rule is binary encoding, and the population 
generation method is a random method.

Genetic strategy: Roulette selection is used to select individuals 
with higher fitness to generate offspring; the two-point crossover strat-
egy and binary mutation operator are adopted to generate offspring.

Generation gap strategy:  The Generation gap strategy was in-
corporated into the traditional GA for preserving historical optimal 
solutions while introducing new genetic information. In this strategy, 
we determine how many offspring replace the worst individuals in the 
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parent population based on the preset generation gap rate 𝑔. After 
completing crossover and mutation operations, through the generation 
gap strategy, a portion of the parent population is replaced by offspring. 
According to the preset generation gap ratio 𝑔, high-quality offspring 
with lower fitness values replace individuals with higher fitness values 
in the parent population to generate a new population. This approach 
not only preserves historical optimal solutions but also introduces new 
optimal individuals, maximizing the algorithm’s convergence speed and 
population diversity. This can be specifically expressed as Eq. (4), 

𝑓𝑔
𝑡+1

= 𝑔 × 𝑓𝑔
𝑡+1
𝑆 + (1 − 𝑔) × 𝑓𝑔𝑠𝑢𝑟𝑣

𝑡+1 (4)

where 𝑓𝑔𝑡+1𝑆  denotes the expected fitness of the selected individuals, 
𝑓𝑔𝑠𝑢𝑟𝑣𝑡+1 indicates the expected fitness of the survivors.

Finally, the optimal fitness features are selected, which is described 
as 𝑋 = (𝑛𝑢𝑚, 𝑥1, 𝑥2,… , 𝑥𝑖,… , 𝑥𝑚,𝑀𝑊 ).

3.4. GRU for earthquake prediction

GRU is a simpler variant of LSTM. It uses hyperparameters alongside 
a sliding window time-step mechanism, akin to other deep networks, 
to meticulously configure and fine-tune the model [30]. The GRU 
integrates the input gate, forget gate, and output gate structures of the 
LSTM into an update gate and a reset gate. Using a single update gate, 
the GRU can achieve forgetting and selection of memories in the neural 
network. This significantly reduces the number of parameters, making 
the internal structure simpler, the computation less intensive, and the 
training process easier compared to the LSTM [31].

The gating mechanism in the GRU allows it to capture information 
more effectively across different time steps. The GRU can effectively 
address the long-term dependency problem through its gating mech-
anism, which enables it to learn and retain long-term information 
from historical data. This capability is critical for predicting complex 
phenomena such as earthquakes. The specific principles of GRU are as 
follows: the update gate determines how much historical and current 
information is used to update the current implicit state. The update gate 
at moment 𝑡 is described as 𝑧𝑡, which represents the update signal for 
the gating, and 𝑧𝑡 is denoted as Eq. (5), 

𝑧𝑡 = 𝛿(𝑊𝑧 ⋅ [ℎ𝑡−1, 𝑥𝑡]) (5)

where the magnitude of 𝑧𝑡 determines to what extent the hidden state 
of the candidate is remembered. ℎ𝑡−1 represents the hidden historical 
state, and 𝑥𝑡 denotes the input data at time 𝑡. 𝑊𝑧 is the weight matrix 
and 𝜎 is the sigmoid function.

The reset gate determines how much historical information is re-
tained. The reset gate at moment 𝑡 is described as 𝑟𝑡, which is denoted 
as Eq. (6), 
𝑟𝑡 = 𝛿(𝑊𝑟 ⋅ [ℎ𝑡−1, 𝑥𝑡]) (6)

where a larger reset signal value indicates that more historical infor-
mation needs to be remembered. 𝑊𝑟 is the weight matrix. Under the 
influence of the update gate 𝑧𝑡 and the reset gate 𝑟𝑡, the hidden state 
candidate and the hidden output state ℎ𝑡 in the current time step, the 
update is described as Eq. (7), 
ℎ𝑡 = (1 − 𝑧𝑡) ⋅ ℎ𝑡−1 + 𝑧𝑡 ⋅ ℎ̃𝑡 (7)

which candidates for the implicit state are described by Eq. (8). 
ℎ̃𝑡 = tanh(𝑊ℎ ⋅ [𝑟𝑡 ⋅ ℎ𝑡−1, 𝑥𝑡]) (8)

The candidate hidden state is responsible for integrating the infor-
mational features of the input data and historical data. This operation 
is related to the reset signal 𝑟𝑡 obtained from the reset gate. The 
hyperparameters of GRU include hidden size, num layers, learning rate, 
batch size, seq length, dropout, and weight decay, which are described 
as 𝐻 = (ℎ𝑆𝑖𝑧𝑒, 𝑛𝐿𝑎𝑦𝑒𝑟𝑠, 𝑙𝑅𝑎𝑡𝑒, 𝑏𝑆𝑖𝑧𝑒, 𝑠𝐿𝑒𝑛𝑔𝑡ℎ,𝑤𝐷𝑒𝑐𝑎𝑦).
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Fig. 4. IGA-based feature selection method for GRU model.
3.5. CSO for hyperparameter optimization

The CSO is one of the bionic intelligent systems inspired by the 
biological immune system and is a new frontier of research in the field 
of artificial intelligence. To generate uniformly distributed samples 
that address the issue of non-uniform sampling and susceptibility to 
local optima in the original CSO, we introduce LHS for population 
initialization. This approach can enhance the diversity of the popu-
lation and enable a more comprehensive exploration of the solution 
space, thereby reducing the likelihood of becoming trapped in local 
optima. Additionally, the fixed mutation rate in the original CSO leads 
to ineffective exploration of the search space in the early stages and 
lacks fine-grained local search capabilities when approaching the global 
optimum. To address this issue, we propose an adaptive mutation 
strategy that adaptively adjusts the mutation rate at different search 
stages. That is, for poorer solutions, a larger mutation rate is given to 
increase exploration capabilities, while for better solutions, a smaller 
mutation rate is applied for fine-tuning. This enhances the algorithm’s 
local search capabilities and improves the accuracy of the solution.

As a popular artificial immune computational model, CSO has been 
widely applied to many optimization problems [32]. The CSO gen-
erates new solutions primarily through the hypermutation operator, 
which simulates the immune response process. The specific scheme 
for applying CSO to the GRU hyperparameter tuning is illustrated in 
Fig.  5. Using CSO to simulate the diversity of the biological immune 
system helps to explore a wider range of combinations within the 
hyperparameter search space, leading to the identification of more 
optimal configurations. Memory cells in CSO can remember historically 
well-performing parameter combinations. Applying them to the GRU 
model hyperparameter tuning can expedite the search for optimal 
hyperparameters, potentially increasing flexibility and efficiency when 
optimizing the GRU model across different datasets. The general steps 
of our improved CSO are as follows.

Step 1: Initialization: Randomly initialize a population containing 
individuals (N), initial population generation using latin hypercube 
sampling. This step is described as Eq. (9), 
𝑃 = LHS(𝛼, 𝛽) (9)
0

7 
Fig. 5. CSO for hyperparameter optimization.

where 𝛼 is the number of hyperparameters and 𝛽 is the size of the 
population.

Step 2: Assessment: Given a set of patterns to be recognized (P), for 
each pattern, determine its affinity (degree of match) with each element 
of the population. For each individual 𝑥𝑖 in the population, calculate the 
fitness value using the fitness function 𝑓𝑐. This procedure is described 
as Eqs.  (10) and (11).

F =

√

√

√

√

1
𝑛

𝑛
∑

(𝑦𝑖 − 𝑦̂𝑖)2 (10)

𝑖=1
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𝑓𝑐𝑖 = F(𝑥𝑖) (11)

Step 3: Selection and cloning: Select a subset of 𝑛 individuals with 
the highest affinity in the population 𝑁 , and generate the correspond-
ing clones based on their affinity for the antigen. Calculate the adjusted 
fitness ̃𝑓𝑐𝑖 of each individual based on the maximum fitness value 
𝑓𝑐max and the minimum fitness value 𝑓𝑐min. This stage is described in 
Eq. (12). 

̃𝑓𝑐𝑖 =
(𝑓𝑐max − 𝑓𝑐𝑖 + 𝑒 × 10−10)

(𝑓𝑐max − 𝑓𝑐min + 𝑒 × 10−10)
(12)

Step 4: High mutation: Calculate the mutation rate 𝑃𝑚 of each 
individual based on its fitness value 𝑓𝑐𝑖, minimum fitness 𝑓𝑐min, and 
maximum fitness 𝑓𝑐max. This process is described in Eq. (13), 

𝑃𝑚 = 𝜇max − (𝜇max − 𝜇min) × ̃𝑓𝑐𝑖 (13)

where 𝜇max is the maximum mutation rate and 𝜇min is the minimum 
mutation rate.

For each cloned individual, generate a mutation mask 𝑀𝑢 based on 
the mutation rate and apply Gaussian noise 𝐺. This process is described 
in Eqs.  (14) and (15),
𝑀𝑢 = 𝑅 < 𝑃𝑚 (14)

𝐺 =  (0, 𝑃𝑚) (15)

 here, 𝑅 contains random values between 0 and 1, and 𝑃𝑚 is the 
mutation probability. This creates a binary mask determining which 
elements of an individual will be mutated, where noise 𝐺 follows a 
normal distribution with mean 0 and standard deviation 𝑃𝑚, allowing 
adaptive mutation intensity based on the mutation probability. The 
mutated individual 𝑥̂ is given by Eq. (16), 
𝑥̂ = 𝑥 +𝑀𝑢⊙𝐺 (16)

 where the mutated individual 𝑥̂ is created by adding Gaussian noise 𝐺
to specific positions in the original individual 𝑥, as determined by the 
mask 𝑀𝑢, through element-wise multiplication (⊙) achieved.

Step 5: Population update: Select the best individuals from the 
original population and the mutated cloned individuals to form a new 
population. Combine all individuals, sort them according to fitness 
values, and select the top N individuals to ensure that the quality of the 
population continues to improve. This phase is described as Eq. (17), 
𝑃next = Top-K(𝑃 ∪ 𝐶,N) (17)

 where 𝑃next represents the next generation population, 𝑃  is the current 
population, 𝐶 is the set of mutated clones, and N is the population size. 
The Top-K operator selects the 𝑁 individuals with low fitness values 
from the unified set of both original and cloned individuals (𝑃 ∪ 𝐶). 
This selection mechanism implements an elitist strategy that preserves 
the best individuals across generations.

Step 6: Repeat Steps 2–5 until the termination condition is met. 
Finally, the optimal hyperparameters can be found, which are described 
as 𝐻 = (𝑛𝑈𝑛𝑖𝑡, 𝑙𝐷𝑟𝑜𝑝𝑜𝑢𝑡, 𝑙𝑅𝑎𝑡𝑒, 𝑛𝐸𝑜𝑝𝑐ℎ,𝑤𝐷𝑒𝑐𝑎𝑦).

Given that the GRU prediction model involves multiple hyperpa-
rameters, manual tuning can be both challenging and time-consuming. 
Therefore, we implemented the aforementioned CSO hyperparameter 
optimization method to tune five critical hyperparameters of the GRU 
model, thereby enhancing its predictive performance. The process be-
gins by partitioning the IGA-selected feature data into a 70% train set 
and a 30% test set. Subsequently, the five GRU hyperparameters are 
input into the CSO algorithm for optimization. During the optimization 
process, there is real-time interaction with the GRU prediction model, 
where the hyperparameters from each iteration are used to train the 
GRU model and validate its performance on the validation set to obtain 
the RMSE. The optimization process terminates and outputs the final 
optimal GRU hyperparameters for training when either the RMSE re-
mains unchanged for 4 consecutive iterations or the maximum iteration 
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count is reached. The specific process of CSO-based GRU prediction 
model hyperparameter optimization is illustrated in Fig.  6.

Latin hypercube initialization strategy:  To enhance the diver-
sity and uniformity of the initial population, this study incorporates 
LHS during the population initialization phase, as formally expressed 
in Eq. (9). The LHS method effectively divides the search space in 
each dimension into equal intervals, ensuring that each interval in 
every dimension is sampled exactly once. This approach successfully 
addresses the limitations of traditional random initialization methods, 
which often result in individuals clustering in certain regions of the 
search space, leading to poor coverage and compromised global search 
capabilities. The LHS initialization strategy ensures a more uniform 
distribution of the initial population across the entire search space, 
effectively enhancing the algorithm’s global search capability while 
reducing the risk of premature convergence. 

Adaptive mutation strategy: An adaptive mutation strategy has 
been incorporated into the aforementioned CSO algorithm to further 
balance global exploration and local exploitation capabilities. Unlike 
traditional fixed mutation rates, the adaptive mutation rate dynam-
ically adjusts based on the current population’s fitness distribution, 
thereby enhancing search efficiency and solution quality. The relative 
fitness calculation is expressed in Eq. (12), while the final individual 
mutation rate is formulated in Eq. (13). As evident from Eqs. (12)–(13), 
during the early stages of the algorithm, when the population has not 
undergone sufficient iterative optimization, individuals generally ex-
hibit higher fitness values, resulting in lower relative fitness and conse-
quently higher mutation rates . These elevated mutation rates facilitate 
broader exploration of the search space by individuals, strengthening 
the algorithm’s global search capability and preventing convergence to 
local optima. As iterations progress, fitness differentiation among pop-
ulation members increases, with superior individuals gradually achiev-
ing higher relative fitness values and correspondingly lower mutation 
rates, thus enhancing local exploitation capabilities and enabling re-
fined searches around promising solutions. This adaptive mutation 
strategy effectively addresses the algorithm’s search requirements at 
different stages, improving overall optimization performance. 

4. Experiments and analysis

4.1. Data collection

The experimental data of this study are obtained from the AETA 
platform developed by our team. To make the experimental results 
more accurate, we select seismic data from six seismic stations in 
Sichuan Province as our experimental data and perform data fusion 
and data processing. The six seismic stations in Sichuan Province 
with frequent earthquakes collected by AETA include Ganzi County 
Earthquake Prevention and Disaster Reduction Bureau Seismic Station 
(DS1), Dujiangyan Middle School Seismic Station (DS2), Nanxi Seis-
mic Station in Yulong County, Lijiang (DS3), Qiaojia Seismic Station 
(DS4), Furong Seismic Station in Pingshan, Yibin (DS5), and Shifang 
City Earthquake Prevention Seismic Station (DS6). The frequency and 
magnitude distributions of these six seismic stations are shown in Fig. 
7.

4.2. Data fusion

The seismic data collected by AETA with electromagnetic and geoa-
coustic data is fused to finally obtain a seismic dataset with several 
important features, where the ratio of the training set to the test set 
is 7:3. Table  2 shows part of the DS1 data after data fusion and Fig.  8 
shows the trend in magnitude levels from 2017 to 2023 for each station 
after data processing.

The linear regression correlation between the features of our fused 
dataset and the earthquake magnitude is shown in Fig.  9. The blue dots 
represent each data point, where the horizontal axis corresponds to the 
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Fig. 6. Hyper-parameters optimization method of GRU model based on CSO.
Table 2
Data characteristics of DS1 after data fusion.
 MW 𝑚𝑎𝑔𝑛@𝑣𝑎𝑟 𝑚𝑎𝑔𝑛@𝑠𝑘𝑒𝑤 𝑚𝑎𝑔𝑛@𝑘𝑢𝑟𝑡 𝑚𝑎𝑔𝑛@𝑎𝑏𝑠𝑚𝑎𝑥 ... 𝑠𝑜𝑢𝑛𝑑@𝑣𝑎𝑟 𝑠𝑜𝑢𝑛𝑑@𝑝𝑜𝑤𝑒𝑟 𝑠𝑜𝑢𝑛𝑑@𝑠𝑘𝑒𝑤 𝑠𝑜𝑢𝑛𝑑@𝑘𝑢𝑟𝑡 
 1.1 0.6785 0.6785 0.0725 9.9661 ... 0.6961 0.0001 3.1188 103.1413  
 0.9 0.4035 0.4035 0.0863 −0.9274 ... 0.0001 0.0001 0.0266 0.0540  
 2.1 0.4912 0.4912 0.1100 −1.2451 ... 0.0001 0.0001 0.0319 0.0518  
 0.9 0.6444 0.6444 0.1250 −1.1689 ... 0.0001 0.0001 0.0210 0.0652  
 ... ... ... ... ... ... ... ... ... ...  
 1.4 0.6877 0.6877 0.3275 −0.582 ... 0.0001 0.0001 0.0189 0.0426  
 3.3 2.7899 2.7899 0.4124 12.3956 ... 0.0002 0.0002 0.0053 −0.0269  
 0.2 3.1448 3.1448 0.4181 3.4922 ... 0.0002 0.0002 0.0018 0.0536  
 1.5 1.4616 1.4616 0.2271 7.5639 ... 0.0002 0.0002 0.0043 −0.0270  
Fig. 7. The frequency and magnitude distributions of these six seismic stations.

value of the feature. When the blue dots are concentrated in a specific 
direction, it indicates a stronger association between the feature and 
the magnitude. The red line illustrates the linear relationship between 
the feature and the magnitude. If the regression line slopes upward, it 
indicates a positive correlation between the feature and the magnitude; 
9 
Fig. 8. Trend map of magnitude changes at each station.

if the line slopes downward, it indicates a negative correlation; and 
if the regression line is horizontal, it suggests no correlation. The red 
shaded surface in the figure represents the confidence interval of the 
linear regression fitting curve, which indicates the uncertainty of the 
estimated relationship between each seismic feature and the magni-
tude; the narrower the shaded area, the more accurate the estimation of 



W. Zhou et al. Swarm and Evolutionary Computation 97 (2025) 102023 
Fig. 9. Linear regression correlation plot of features and magnitude.
Fig. 10. Distribution of earthquake magnitudes across six datasets.

the relationship between the feature and the magnitude; and the wider 
the shaded area, the greater the uncertainty of the prediction. From 
the figure, we can see that most features of the fused dataset exhibit 
a strong correlation with magnitude, which provides an important 
basis for us to build earthquake magnitude prediction models in the 
subsequent stages.

Fig.  10 shows the distribution of earthquake occurrences in different 
magnitude ranges in the data sets corresponding to six regions. It can 
be seen from the figure that most earthquake events in all datasets are 
concentrated in the magnitude range of 1.0 to 2.0, and the number of 
events decreases significantly as the magnitude increases.

4.3. Assessment indicators

Several evaluation metrics are implemented to evaluate the per-
formance of the proposed method, including the root mean square 
10 
error (RMSE), the mean absolute error (MAE), the mean squared error 
(MSE) and the coefficient of determination (𝑅2) [33]. These metrics 
are calculated according to Eqs. (18)–(21) and are used to compare the 
proposed method with other existing methods.

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (18)

MAE = 1
𝑛

𝑛
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖| (19)

MSE = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (20)

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2
(21)

4.4. Feature selection performance analysis

Selecting appropriate features plays a crucial role in the predictive 
performance of the model. The IGA is introduced for feature selection to 
improve the accuracy of our earthquake magnitude prediction model. 
To evaluate the performance of feature selection of this method, we 
compared it with the Steady-State Genetic Algorithm (Steady-GA), the 
Stud Genetic Algorithm (Stud-GA), EGA, and the Genetic Algorithm 
(GA) across six datasets. Performance was assessed using the maximum 
fitness value (𝑓𝑚𝑎𝑥), minimum fitness value (𝑓𝑚𝑖𝑛), average fitness value 
(𝑓𝑎𝑣𝑔), and the standard deviation of the fitness value (𝑓𝑠𝑡𝑑), all of which 
were computed after feature selection. The formula for calculating the 
fitness value is shown in Eq. (3). The number of features selected for 
each algorithm on DS1 to DS6 is illustrated in Fig.  11. Fig.  12 presents 
the comparison of 𝑓𝑚𝑎𝑥, 𝑓𝑚𝑖𝑛, 𝑓𝑎𝑣𝑔 , and 𝑓𝑠𝑡𝑑 across all datasets. The re-
sults indicate that IGA achieved superior feature selection performance 
in most datasets, striking a balance between model prediction accuracy 
and feature selection complexity.

Furthermore, to validate the robustness and stability of the IGA 
algorithm compared to other algorithms, we conducted comprehensive 



W. Zhou et al. Swarm and Evolutionary Computation 97 (2025) 102023 
Table 3
Test functions.
 Function name Formula Range Category 𝑓𝑚𝑖𝑛 
 F1 𝑓1(𝑥) =

∑𝑑𝑖𝑚
𝑖=1 𝑥

2
𝑖 [−100, 100] Unimodal 0  

 F2 𝑓2(𝑥) =
∑𝑑𝑖𝑚

𝑖=1 |𝑥𝑖| +
∏𝑑𝑖𝑚

𝑖=1 |𝑥𝑖| [−10, 10] Unimodal 0  
 F3 𝑓3(𝑥) =

∑𝑑𝑖𝑚
𝑖=1 (

∑𝑖
𝑗=1 𝑥𝑗 )

2 [−100, 100] Unimodal 0  
 F4 𝑓4(𝑥) = max𝑖{|𝑥𝑖|, 1 ≤ 𝑖 ≤ 𝑑𝑖𝑚} [−100, 100] Unimodal 0  
 F5 𝑓5(𝑥) =

∑𝑑𝑖𝑚−1
𝑖=1 [100(𝑥𝑖+1 − 𝑥2𝑖 )

2 + (𝑥𝑖 − 1)2] [−30, 30] Unimodal 0  
 F6 𝑓6(𝑥) =

∑𝑑𝑖𝑚
𝑖=1 (𝑥𝑖 + 0.5)2 [−100, 100] Unimodal 0  

 F7 𝑓7(𝑥) =
∑𝑑𝑖𝑚

𝑖=1 𝑖𝑥
4
𝑖 + 𝑟𝑎𝑛𝑑 [−1.28, 1.28] Unimodal 0  

 F8 𝑓8(𝑥) =
∑𝑑𝑖𝑚

𝑖=1 −𝑥𝑖 sin(
√

|𝑥𝑖|) [−500, 500] Multimodal 0  
 F9 𝑓9(𝑥) =

∑𝑑𝑖𝑚
𝑖=1 [𝑥

2
𝑖 − 10 cos(2𝜋𝑥𝑖) + 10] [−5.12, 5.12] Multimodal 0  

 F10 𝑓10(𝑥) = −20 exp(−0.2
√

1
𝑑𝑖𝑚

∑𝑑𝑖𝑚
𝑖=1 𝑥

2
𝑖 ) − exp( 1

𝑑𝑖𝑚

∑𝑑𝑖𝑚
𝑖=1 cos(2𝜋𝑥𝑖)) + 20 + 𝑒 [−32, 32] Multimodal 0  

 F11 𝑓11(𝑥) =
∑𝑑𝑖𝑚

𝑖=1
𝑥2𝑖
4000

−
∏𝑑𝑖𝑚

𝑖=1 cos(
𝑥𝑖
√

𝑖
) + 1 [−600, 600] Multimodal 0  

 F12 𝑓12(𝑥) =
𝜋

𝑑𝑖𝑚
[10 sin2(𝜋𝑦1) +

∑𝑑𝑖𝑚−1
𝑖=1 (𝑦𝑖 − 1)2(1 + 10 sin2(𝜋𝑦𝑖+1)) + 𝑦2𝑛] +

∑𝑑𝑖𝑚
𝑖=1 𝑢(𝑥𝑖 , 10, 100, 4) [−50, 50] Multimodal 0  

 F13 𝑓13(𝑥) = 0.1[sin2(3𝜋𝑥1) +
∑𝑑𝑖𝑚−1

𝑖=1 (𝑥𝑖 − 1)2(1 + sin2(3𝜋𝑥𝑖+1)) + (𝑥𝑛 − 1)2(1 + sin2(2𝜋𝑥𝑛))] [−50, 50] Multimodal 0  
 F14 𝑓14(𝑥) =

∑𝑑𝑖𝑚
𝑖=1 𝑥

2
𝑖 +

∑𝑑𝑖𝑚
𝑖=1 sin

2(𝑥𝑖) [−65.536, 65.536] Multimodal 0  
 F15 𝑓15(𝑥) =

∑11
𝑖=1[𝑎𝑖 −

𝑥1 (𝑏2𝑖 +𝑏𝑖𝑥2 )
𝑏2𝑖 +𝑏𝑖𝑥3+𝑥4

]2 [−5, 5] Multimodal 0  
 F16 𝑓16(𝑥) = (4 − 2.1𝑥21 +

𝑥41
3
)𝑥21 + 𝑥1𝑥2 + (−4 + 4𝑥22)𝑥

2
2 [−5, 5] Multimodal 0  

 F17 𝑓17(𝑥) =
∑𝑑𝑖𝑚

𝑖=1 (𝑥
2
𝑖 − 10 cos(3𝜋𝑥𝑖) + 10) +

∑𝑑𝑖𝑚
𝑖=1 sin

2(𝑥𝑖) [−1.28, 1.28] Multimodal 0  
 F18 𝑓18(𝑥) = [1 + (𝑥1 + 𝑥2 + 1)2(19 − 14𝑥1 + 3𝑥21 − 14𝑥2 + 6𝑥1𝑥2 + 3𝑥22)] [−2, 2] Multimodal 0  
 F19 𝑓19(𝑥) =

∑𝑑𝑖𝑚
𝑖=1 (𝑥𝑖 − 1)2 +

∑𝑑𝑖𝑚
𝑖=1 (𝑥𝑖 + 2)2 [0, 1] Multimodal 0  

 F20 𝑓20(𝑥) =
∑𝑑𝑖𝑚

𝑖=1 |𝑥𝑖|
3 +

∑𝑑𝑖𝑚
𝑖=1 cos

3(𝑥𝑖) [0, 1] Hybrid 0  
 F21 𝑓21(𝑥) =

∑𝑑𝑖𝑚
𝑖=1 𝑥

2
𝑖 +

∑𝑑𝑖𝑚
𝑖=1 cos

2(𝑥𝑖) [0, 10] Hybrid 0  
 F22 𝑓22(𝑥) =

∑𝑑𝑖𝑚
𝑖=1 𝑥

4
𝑖 +

∑𝑑𝑖𝑚
𝑖=1 sin

2(𝑥𝑖) +
∑𝑑𝑖𝑚

𝑖=1 cos
2(𝑥𝑖) [0, 10] Hybrid 0  

 F23 𝑓23(𝑥) = (
∑𝑑𝑖𝑚

𝑖=1 𝑥
2
𝑖 )(

∑𝑑𝑖𝑚
𝑖=1 sin

2(𝑥𝑖)) + 𝑒
1

𝑑𝑖𝑚

∑𝑑𝑖𝑚
𝑖=1 |𝑥𝑖 | [0, 10] Hybrid 0  
Fig. 11. The number of features across six datasets.

evaluations using 23 benchmark test functions, as detailed in Table 
3. The table presents the mathematical expressions, variable ranges, 
function types, and optimal values for all 23 benchmark functions. 
Among these, functions F1–F7 are unimodal functions, primarily used 
to examine the algorithm’s global optimization capability; functions 
F8–F19 are multimodal functions, designed to assess the algorithm’s 
ability to escape local optima; and functions F20–F23 are compos-
ite functions, which further evaluate the algorithm’s performance in 
complex search spaces.

The experimental parameters were set with a maximum iteration 
count of 500 and a population size of 30, which refers to Ref. [34]. 
The Average Fitness was employed as the evaluation metric. The ex-
perimental results and convergence curves are presented in Table  4 
and Fig.  13, respectively. As evidenced by Table  4, the IGA algorithm 
achieved the lowest average fitness values across the majority of test 
11 
functions, demonstrating its superior capability to converge rapidly to-
ward optimal solutions and indicating robust global search capabilities 
and exceptional optimization performance. Fig.  13 further illustrates 
that IGA exhibits faster convergence rates across most test functions, 
with its best fitness values significantly outperforming those of compar-
ative algorithms. These results comprehensively demonstrate the IGA 
algorithm’s enhanced convergence efficiency and superior optimization 
capabilities in complex optimization problems.

4.5. Hyper-parameters optimizing performance analysis

To validate the effectiveness of CSO in hyperparameter tuning 
of GRU, we compared its performance with classical hyperparameter 
tuning methods, including Original CSO(OCSO), Random Search (RS), 
Grid Search (GS), and Differential Evolution (DE) across six datasets. In 
the experiments, the experimental results are depicted in Fig.  14. For 
the metrics RMSE, MSE and MAE, superior performance is indicated 
by proximity to the origin (center of the radar chart). Conversely, for 
𝑅2, a greater distance from the origin signifies better performance. As 
shown in the figure, the introduction of CSO for hyperparameter tuning 
in optimizing the GRU prediction model significantly outperforms the 
other methods on most of the datasets and exhibits a more balanced 
performance on all evaluation metrics.

4.6. Forecasting performance analysis

4.6.1. Comparison with baseline models and state-of-the-art models
To rigorously evaluate the performance of the proposed IGA-

CSOGRU, a comparative analysis against several commonly used ma-
chine learning techniques is performed, including Random Forest (RF)
[35], Adaboost [36], Linear Regression (LR) and Support Vector Regres-
sion (SVR) [37]. To further validate the seismic prediction performance 
of our proposed method, we chose to use the current state-of-the-
art methods LSTM, Bidirectional LSTM (BiLSTM), Bidirectional GRU 
(BiGRU), EGA-LSTM, Attention-GRU and Attention-LSTM with our 
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Fig. 12. Comparison of 𝑓𝑚𝑎𝑥, 𝑓𝑚𝑖𝑛, 𝑓𝑎𝑣𝑔 , 𝑓𝑠𝑡𝑑 for different algorithms on each dataset.

Fig. 13. Convergence curves on each benchmark function.
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Fig. 14. Comparison of hyperparameter tuning methods across six datasets.
Table 4
Average fitness of each algorithm under the test function.
 Func. IGA GA Stud-GA EGA Steady-GA  
 F1 1.04473E+02 1.08010E+04 3.20142E+04 2.78740E+04 3.89448E+04  
 F2 3.22656E+00 3.15612E+01 8.48154E+01 6.89854E+01 1.03571E+02  
 F3 8.26873E+03 1.39152E+04 4.10063E+04 4.79133E+04 5.76149E+04  
 F4 1.21738E+01 6.03641E+01 6.80070E+01 6.85560E+01 7.28157E+01  
 F5 2.02174E+03 1.84168E+05 6.12752E+07 7.65442E+07 4.86564E+07  
 F6 4.01628E+01 9.90361E+03 3.10463E+04 3.18867E+04 3.90789E+04  
 F7 1.59007E−01 1.77699E−01 2.36464E+01 2.51269E+01 4.25520E+01  
 F8 −2.26633E+03 −1.70623E+03 −4.85079E+03 −5.25285E+03 −4.34999E+03 
 F9 2.66088E+01 2.87354E+02 2.87468E+02 2.55419E+02 3.30356E+02  
 F10 5.47807E+00 1.97295E+01 1.92273E+01 1.86650E+01 1.94146E+01  
 F11 1.78366E+00 9.03053E+01 2.81092E+02 2.98528E+02 3.82317E+02  
 F12 3.97648E−01 9.55675E+00 8.26904E+07 8.39407E+07 1.69361E+08  
 F13 2.06671E+00 2.58587E+01 2.45078E+08 2.81499E+08 3.84058E+08  
 F14 3.68905E+01 4.54295E+03 1.44754E+04 1.57968E+04 1.36348E+04  
 F15 2.19771E−02 2.35722E−02 1.23044E−03 1.07741E−03 2.22940E−03  
 F16 −1.03155E+00 −8.60051E−01 −1.03158E+00 −1.03063E+00 −1.02585E+00 
 F17 8.00950E+00 9.45126E+01 1.52680E+02 1.68968E+02 1.83491E+02  
 F18 3.00090E+00 3.05471E+00 3.00187E+00 3.00542E+00 3.93896E+00  
 F19 1.52583E+02 1.74019E+02 1.71979E+02 1.70185E+02 1.75528E+02  
 F20 2.33796E+01 2.49678E+01 2.46489E+01 2.43344E+01 2.48407E+01  
 F21 3.00744E+01 1.15300E+02 3.05718E+02 3.46028E+02 4.00463E+02  
 F22 3.00529E+01 6.20283E+01 5.37228E+03 5.76489E+03 1.17553E+04  
 F23 1.81206E+00 6.35028E+02 3.51485E+03 4.06070E+03 4.95652E+03  
proposed IGA-CSOGRU on the data-fused AETA six datasets. The ex-
periments evaluate and analyze the results using RMSE, MAE, MSE 
and 𝑅2 respectively.  In the experiments, the maximum number of 
iterations of CSO is set to 20 because in the specific experiment we 
set an early stopping mechanism, that is, the RMSE value does not 
13 
change in 4 consecutive iterations. Through multiple experiments, we 
found that the experiment will stop iterating at about 15 iterations. 
In order to avoid unnecessary computational overhead, we set the 
maximum number of iterations of CSO to 20. The number of GRU 
units was varied between 50 and 200, the dropout rate was varied 
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Fig. 15. Predicted versus true value with 10 algorithms curves on DS1.

Fig. 16. Predicted versus true value with 10 algorithms curves on DS2.

between 0 and 0.5, the learning rate was varied between 0.0001 and 
0.01, and the number of training calendar elements was varied between 
30 and 130, the maximum number of iterations of IGA is set to 50, 
these parameters were set as described in Ref. [6]. The performance of 
IGA-CSOGRU and other methods in DS1 through DS6 was compared 
using the metrics RMSE, MAE, MSE, and 𝑅2. The results are shown 
in Table  5. Smaller RMSE and MSE values indicate better predictive 
performance, while a 𝑅2 value closer to 1 indicates better model 
fitness. The results in bold in the table represent the best performance. 
From the experimental results, it is evident that our proposed model 
significantly outperforms baseline models and state-of-the-art models 
in various evaluation metrics. This improvement is attributed to the in-
corporation of feature selection and parameter optimization within our 
IGA-CSOGRU predictive model, resulting in a substantial enhancement 
of the model’s predictive capabilities.

The predicted values of the proposed model, baseline models, and 
the state-of-the-art models are compared with the true values to further 
validate the predictive performance of the proposed model. The results 
are shown in Figs.  15 and 16, and the ordinate denotes the predicted 
earthquake magnitudes. The visual analysis of the figures clearly indi-
cates that the IGA-CSOGRU predictive model exhibits superior accuracy 
and maintains a high degree of stability.

4.6.2. Model performance analysis
4.6.3. Ablation experiments

In the prediction process of the magnitude of the earthquake, IGA 
is used to select the characteristics of the seismic data, and CSO is 
used to regulate the hyperparameters of the GRU prediction model. To 
verify the role of IGA and CSO in predicting earthquake magnitude, we 
compare and analyze GRU, IGA-GRU, and IGA-CSOGRU in six datasets, 
14 
and the experimental results are shown in Table  6. Smaller RMSE and 
MSE values indicate better predictive performance, while a 𝑅2 value 
closer to 1 indicates a better model fit. The results in bold in the table 
represent the best performance. The results of the ablation experiments 
reveal that the IGA-CSOGRU model achieves optimal results, underscor-
ing the substantial contribution of the IGA for feature selection and the 
CSO for parameter adjustment to the model’s predictive efficacy.

The fitting curves illustrate the performance of the model in the 
training data. By analyzing the convergence and stability of the curves, 
we can determine whether the model has effectively learned the fea-
tures of the training data. Adaptation curves, on the other hand, show 
changes in model fitness during the optimization process. The optimiza-
tion efficiency and global search capability of the model can be assessed 
to examine the trend of these curves, further validating the predictive 
performance and stability of the model. To validate the predictive per-
formance and stability of the IGA-CSOGRU model, we further examined 
the fitted curves and the adaptation curves observed during the training 
process. A high degree of curve fitting reflects the model’s ability to 
precisely capture the intrinsic relationships among data points, result-
ing in minimal variance between the predicted and actual values. The 
sustained descent and eventual stabilization of the fitness curve imply 
that the proposed model has approached or achieved convergence, 
indicative of robust performance, and also suggest that the hyperparam-
eter tuning of the model has been appropriately conducted. The fitting 
curves are shown in Fig.  17, and the adaptation curves are shown in 
Fig.  18.

From the experimental results, it can be observed that the seismic 
prediction model used for most datasets demonstrates high accuracy 
and reliability. However, the goodness-of-fit is poor for DS1. This is due 
to the sparse data points in certain regions of DS1, which prevents the 
fitted curve from accurately capturing the trend changes in these areas. 
Observing the fitness value curves on different datasets, it can be seen 
that the proposed model has a small error between the predicted values 
and the actual observations. The model accurately reflects the actual 
conditions of the seismic events. In addition, the smooth and well-
performing fitness curves indicate that our proposed model maintains 
stable predictive performance across different datasets, demonstrating 
good robustness.

5. Conclusions and future work

In this study, we introduce a novel earthquake prediction method 
based on a gated recurrent unit with clonal selection and an improved 
genetic algorithm with generation gap, named IGA-CSOGRU. First, we 
utilize the genetic algorithm with generation gap for feature selec-
tion, identifying features that are highly correlated with earthquake 
magnitude prediction. Subsequently, to enhance prediction accuracy, 
we employ a gated recurrent unit model to improve the selection 
ability of temporal features and incorporate CSO for hyperparameter 
tuning. To validate the predictive performance and generalizability of 
the proposed model, we made predictions across different regions and 
datasets. Experimental results demonstrate that our model significantly 
outperforms both traditional and advanced prediction models, exhibit-
ing excellent reliability and robustness. The RMSE was reduced by an 
average of 5%–7% compared to all baseline methods. Specifically, the 
model improved by 4%–5% over state-of-the-art deep learning meth-
ods and by a significant 8%–11% over traditional machine learning 
methods.

However, our proposed model still exhibits some discrepancies 
between predicted results and actual values, and due to the scarcity of 
large earthquake samples, its predictive performance may be affected. 
In future work, we will focus on improving the model’s predictive 
capabilities and accuracy in large earthquake prediction through a 
series of explorations.
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Table 5
Comparison of the validity of IGA-CSOGRU and ML at each dataset.
 Method Indicators DS1 DS2 DS3 DS4 DS5 DS6  
 RF RMSE 0.182199 0.105068 0.166917 0.135932 0.134371 0.135220  
 MAE 0.146128 0.080384 0.140810 0.105125 0.107031 0.107355  
 MSE 0.033196 0.011039 0.027861 0.018477 0.018055 0.018284  
 𝑅2 −0.048194 −0.071054 −0.249819 −0.071096 −0.425018 −0.097473  
 Adaboost RMSE 0.178550 0.103299 0.164547 0.132970 0.125685 0.137478  
 MAE 0.143240 0.081634 0.139573 0.103164 0.101017 0.112092  
 MSE 0.031880 0.010670 0.027075 0.017681 0.015796 0.018900  
 𝑅2 −0.006627 −0.035303 −0.214577 −0.024916 −0.246750 −0.134420  
 LR RMSE 0.180453 0.111920 0.156888 0.152328 0.151258 0.159278  
 MAE 0.143578 0.090630 0.126156 0.115536 0.120531 0.124485  
 MSE 0.032563 0.012526 0.024613 0.023203 0.022878 0.025369  
 𝑅2 −0.028199 −0.215325 −0.104139 −0.345051 −0.805700 −0.522725  
 SVR RMSE 0.182747 0.101664 0.154402 0.158791 0.126505 0.364691  
 MAE 0.142443 0.077536 0.126635 0.109558 0.094272 0.191051  
 MSE 0.033396 0.010335 0.023840 0.025214 0.016003 0.132999  
 𝑅2 −0.054508 −0.002785 −0.069430 −0.461618 −0.263074 −6.982825  
 LSTM RMSE 0.180263 0.101339 0.153194 0.132099 0.124410 0.132258  
 MAE 0.142765 0.078806 0.128053 0.100780 0.088787 0.105028  
 MSE 0.032494 0.010269 0.023468 0.017450 0.015478 0.017492  
 𝑅2 −0.026031 0.003614 −0.044476 −0.011541 −0.221585 −0.049914  
 BiLSTM RMSE 0.179338 0.101023 0.152339 0.132660 0.116621 0.135922  
 MAE 0.140555 0.076651 0.126316 0.100033 0.086342 0.109853  
 MSE 0.032162 0.010205 0.023207 0.017598 0.013600 0.018474  
 𝑅2 −0.015524 0.009824 −0.032843 −0.020145 −0.073417 −0.108886  
 BiGRU RMSE 0.179463 0.103698 0.153806 0.136514 0.127287 0.135520  
 MAE 0.138861 0.076887 0.127350 0.102561 0.099715 0.109200  
 MSE 0.032206 0.010753 0.023656 0.018636 0.016202 0.018365  
 𝑅2 −0.016941 −0.043310 −0.052833 −0.080283 −0.278737 −0.102340  
 Attention-LSTM RMSE 0.178948 0.107816 0.154911 0.132482 0.136060 0.129741  
 MAE 0.141440 0.086974 0.128977 0.100443 0.096774 0.104013  
 MSE 0.032022 0.011624 0.023997 0.017551 0.018512 0.016832  
 𝑅2 −0.011116 −0.127830 −0.068018 −0.017410 −0.461071 −0.010338  
 Attention-GRU RMSE 0.183642 0.103453 0.166269 0.134429 0.125481 0.137323  
 MAE 0.146953 0.079689 0.139371 0.102355 0.098020 0.108912  
 MSE 0.033724 0.010702 0.027645 0.018071 0.015745 0.018857  
 𝑅2 −0.064858 −0.038384 −0.230380 −0.047539 −0.242712 0.131862  
 EGA-LSTM RMSE 0.178418 0.101125 0.150472 0.131267 0.113444 0.131780  
 MAE 0.140621 0.077376 0.121392 0.099404 0.085121 0.106409  
 MSE 0.031833 0.010226 0.022642 0.017231 0.012869 0.017366  
 𝑅2 −0.002788 0.007829 −0.007679 −0.001748 −0.010248 −0.045839  
 IGA-CSOGRU RMSE 0.176173 0.099904 0.145607 0.129986 0.112129 0.129094  
 MAE 0.140063 0.076815 0.119320 0.098615 0.086680 0.102648  
 MSE 0.031037 0.009980 0.021201 0.016896 0.012573 0.016665  
 𝑅2 0.019995 0.031634 0.048933 0.020561 0.007682 −0.000274 
Table 6
Results of ablation experiment.
 Method Indicators DS1 DS2 DS3 DS4 DS5 DS6  
 GRU RMSE 0.182223 0.103778 0.157141 0.134875 0.130966 0.136756  
 MAE 0.142529 0.082931 0.129117 0.103803 0.092692 0.110298  
 MSE 0.033205 0.010770 0.024693 0.018191 0.017152 0.018702  
 𝑅2 −0.048466 −0.044929 −0.107703 −0.054488 −0.353719 −0.122536 
 IGA-GRU RMSE 0.179193 0.102011 0.150107 0.131818 0.115741 0.135119  
 MAE 0.141902 0.079539 0.124615 0.102578 0.088522 0.108924  
 MSE 0.032110 0.010406 0.022532 0.017376 0.013396 0.018257  
 𝑅2 −0.013893 −0.00964 −0.010757 −0.007240 −0.057267 −0.095836 
 IGA-CSOGRU RMSE 0.176173 0.099904 0.145607 0.129986 0.112129 0.129094  
 MAE 0.140063 0.076815 0.119320 0.098615 0.086680 0.102648  
 MSE 0.031037 0.009980 0.021201 0.016896 0.012573 0.016665  
 𝑅2 0.019995 0.031634 0.048933 0.020561 0.007682 −0.00027  
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Fig. 17. Fitting curves on each dataset.
Fig. 18. Adaptation curves about RMSE on each dataset.
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