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Abstract

Predicting earthquake strong motions is crucial for mitigating seismic risks and enhancing the effectiveness of
Earthquake Early Warning (EEW) systems. While conventional models are capable of high precision, they often require
substantial computational resources, limiting their practicality for real-time applications. This study proposes the Multi Echo-
State Extreme Learning Machine (Multi ES-ELM), an efficient and effective alternative for strong motion prediction. It
compares the performance of Multi ES-ELM with two well-established models-Convolutional Neural Networks (CNN) and
Recurrent Neural Networks (RNN)-using multi-channel time-series data. The CNN model achieved high performance with an
accuracy of 94.65 £ 0.30, recall 0f 92.84 + 2.36, precision of 87.34 + 2.35, and F1-score of 89.95 + 0.41. In contrast, the RNN
model showed significant variability, with an accuracy of 84.83 & 19.40, recall of 84.93 + 13.34, precision of 74.18 + 18.15,
and F1-score of 77.80 + 16.40. Notably, the Multi ES-ELM model demonstrated competitive accuracy (93.46 + 0.22), high
recall (96.50 + 0.52), precision (81.53 + 0.53), and F1-score (88.38 + 0.37), while using significantly fewer resources-only
882 parameters and a model size of 0.003 MB. These results highlight Multi ES-ELM as a highly efficient and reliable model
for real-time EEW, overcoming the computational challenges of traditional approaches. Its performance and resource
efficiency underscore its potential for practical implementation in seismic risk mitigation and for improving community
resilience against seismic hazards.
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1. Introduction pipelines, and dams, while also alerting individuals

Earthquake early warning (EEW) is crucial for
mitigating and protecting against losses from ground
shaking. Cremen & Galasso (2020) explain that EEW
is a real-time system that enables people in risk areas
to protect themselves before ground shaking occurs. It
provides a warning and indicates the possible severity,
giving people time to prepare and reducing losses.
EEW systems are crucial for countries frequently
experiencing earthquakes, as their warning messages
can trigger automated responses in transportation
services, factories, and facilities like power plants, gas

(Gasparini et al., 2007; Allen & Melgar, 2019). Various
countries, such as Japan, Mexico, and Taiwan, have
advanced EEW systems (Gasparini et al., 2007; Hsiao
et al., 2009), while others are developing theirs
(Gasparini et al., 2007; Allen & Melgar, 2019).
Although abundant earthquake data exist, most
are from small events, making strong motions and large
earthquakes rare. As a result, models must be updated
to maintain predictive performance as new data
become available. Norisugi et al. (2024) highlight that
limited and non-diverse earthquake catalogs pose
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significant challenges for EEW systems operating in
complex environments. Meng et al. (2023), and Lara
et al. (2023) emphasize the need for real-time feature
extraction from signal data and the requirement for
smaller models that can run on compact, local
computing devices. EEW models must function on
small local machines, reducing reliance on cloud
processing, enabling faster responses, and improving
resilience. However, large predictive models can
exceed the memory and processing capabilities of Central
Processing Units (CPUs) and Graphics Processing
Units (GPUs), preventing EEW deployment in areas
with limited resources.

This research highlights the need for
computationally efficient machine learning models
for processing time-series data like seismic waves.
The Multi-channel Echo State Extreme Learning
Machine (Multi ES-ELM) is proposed, combining
Echo State Networks (ESN) and Extreme Learning
Machines (ELM) to optimize computational resource
use while maintaining high earthquake prediction
accuracy. Seismic monitoring data from telemetry
stations are used as input, with the predicted Peak
Ground Acceleration (PGA) as output. Gallicchio et
al. (2017) demonstrate ESN’s ability to extract
features from time series data without training, while
ELM rapidly learns from these features.

This study evaluates and compares CNN,
RNN, and Multi ES-ELM for real-time EEW systems.
Although statistical methods could be used, machine
learning methods like CNN and RNN are superior at
uncovering hidden patterns in complex, multi-channel
time series data. Machine learning models can also
adapt to new data without complete rebuilding, unlike
conventional statistical approaches. The models are
evaluated using accuracy, precision, recall, and F1-
score, with performance stability assessed through the
mean and standard deviation across multiple trials.
This study further highlights Multi ES-ELM’s
advantages in training speed, memory efficiency, and
overall performance, making it suitable for resource-
constrained environments. Experimental results show
that Multi ES-ELM performs comparably or better
than CNN and RNN while consuming significantly
fewer computational resources.

1.1 Earthquake Early Warning Systems

The EEW system detects seismic pulses during
earthquakes and assesses potential damage (Chiang et
al., 2022; Jozinovi¢ et al., 2020; Li et al., 2018).
It plays a critical role in rapidly evaluating seismic

activity and issuing warnings to affected individuals
and organizations, enabling citizens to evacuate and
services to suspend operations to mitigate damage
(Gasparini et al., 2007). A key component of the EEW
system is the seismometer, which continuously
monitors ground motion in earthquake-prone regions.
Data from seismometers are transmitted in real time
to processing centers, where earthquake intensity and
characteristics are evaluated. Once detected, warnings
are disseminated through multiple channels, including
the internet, SMS, sirens, and public broadcasts
(Gasparini et al., 2007; Allen & Melgar, 2019), ensuring
timely protective actions. Importantly, EEW systems
do not predict earthquakes in advance. They detect
seismic activity and estimate an earthquake’s severity
based on initial P-waves, which provide critical
information about the more destructive surface waves
(Chiang et al., 2022; Jozinovi¢ et al., 2020; Li et al.,
2018). This ability to issue early warnings highlights
their vital role in mitigating earthquake impacts.

1.2 Earthquake Early Warning Techniques

EEW systems are designed to detect hazardous
earthquakes and issue warnings. Two conventional
algorithms predict earthquake severity: source-based
algorithms, which use seismic source information
such as hypocenter, epicenter, and magnitude, and
ground motion-based algorithms, which analyze real-
time ground shaking data like acceleration and
velocity (Chandrakumar et al., 2022). Recent studies
propose using P-waves directly to predict peak ground
acceleration (PGA), bypassing the need for detailed
source information (Chiang et al., 2022; Yanwei et al.,
2021; Gasparini et al., 2007). Since P-waves travel
faster than other seismic waves, early analysis enables
rapid assessment and timely warnings (Chiang et al.,
2022; Allen & Melgar, 2019), helping to reduce
earthquake impacts.

Conventional EEW models relied on physical
and statistical methods, typically issuing warnings
when ground motion exceeded thresholds (Chiang
etal., 2022; Meilano et al., 2022). Although effective,
they often produced high false alarm rates and lacked
adaptability to new seismic data (Gasparini et al.,
2007). Manual calibration further limited their
responsiveness. These limitations have driven the
shift toward Al-based models, which offer greater
precision, lower false alarm rates, and better
adaptability to the complexities of real-world seismic
activity (Chiang et al., 2022).
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1.3 Seismic Waves and Peak Ground Acceleration

Understanding the distinction between body and
surface waves is essential for assessing earthquake
dynamics. Body waves, which travel through the
Earth's interior, are the first detected during an
earthquake. As shown in Figure 1, P-waves arrive
first, followed by S-waves. P-waves, being the fastest,
are crucial for early earthquake prediction. In contrast,
surface waves travel along the ground and are slower
than body waves (Mousavi & Beroza, 2020).

Despite being slower, surface waves are the
primary cause of earthquake damage. The highest
amplitude of the surface waves is named peak ground
acceleration (PGA), which has a measuring unit as
Gal (1Gal = 1cm/sec?) (Chiang et al., 2022). In the
case of a PGA higher than 80 Gal, the human can feel
the ground shaking. So, the P-wave can predict the
dangers of the S-wave and surface waves that travel
slower. People are given a window of opportunity for
evacuation due to the time lag between P-waves and
surface waves. Peak Ground Acceleration (PGA) is a
critical parameter in seismic engineering, influencing
the design and assessment of structures in earthquake-
prone areas. This review synthesizes recent studies on
PGA, focusing on prediction methods, attenuation
characteristics, and regional analyses.

1.4 Deep Learning in Earthquake Early Warning

In recent years, deep learning methods have
emerged as powerful tools for enhancing the EEW
system. Unlike traditional models, deep learning
algorithms do not require extensive expert intervention
for modeling, relying instead on data-driven learning.
Researchers have explored various deep learning
architectures, including artificial neural networks,
RNN, and CNN, to improve earthquake monitoring
and warning accuracy (Chiang et al., 2022; Jozinovi¢
etal., 2020; Li et al., 2018; Mousavi & Beroza, 2020).
These advanced methods have shown promise in

capturing the complex patterns of seismic data, leading
to more accurate and timely warnings.

Various countries have researched and applied
deep learning models to the EEW system (Gasparini
et al., 2007). The global interest in this approach
highlights its potential to revolutionize seismic
activity monitoring and early warnings. By leveraging
the power of deep learning, researchers aim to create
a more responsive and reliable EEW system that can
better protect lives and infrastructure in earthquake-
prone regions. However, implementing deep learning
models in the EEW system presents significant
challenges, primarily due to their high computational
demands. Real-time seismic data processing requires
substantial computational resources, making it costly
to train and deploy these models effectively (Wu et
al., 2021). The need for rapid data processing in an
emergency context further complicates deploying
these resource-intensive models, particularly in regions
with limited access to high-performance computing.

Additionally, the EEW system must frequently
retrain models to incorporate new seismic data from
newly installed monitoring stations and adapt to the
specific seismic characteristics of different regions. The
complex data necessitate models that can efficiently
handle multiple time series data channels and quickly
retrain to maintain accuracy and reliability. The
ability to continuously update the models ensures that
the EEW systems remain effective as new data
become available. Thus, an EEW system that uses
deep learning models incurs immense computational
costs for training and classification (Li et al., 2018).
These costs are a significant barrier to widespread
implementation, particularly in resource-constrained
environments. However, despite these challenges, the
potential benefits of deep learning in improving the
accuracy and timeliness of earthquake warnings make
it a promising area of ongoing research and
development.
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1.5 ESN and ELM in Earthquake Early Warning

The Echo State Network (ESN) model is a
machine learning model that must learn from time
series data like an RNN, but ESN has a fixed-weight
recurrent part (Cucchi et al., 2022). Due to the fixed
recurrent unit weights, the ESN can avoid the
backpropagation process, which leads to vanishing
gradient problems and consumes significant time to
train. Therefore, the ESN has efficient learning and
fast training for time series data (Bianchi et al., 2020).

ESNss utilize a fixed random network to project
input signals into a high-dimensional space, effectively
capturing temporal dynamics. This fixed random
network possesses memory properties, as the spectral
radius of its weight matrix plays a critical role in
determining the network's memory capacity, directly
influencing its performance in temporal tasks (Soltani
et al., 2023). A significant parameter in ESN is the
spectral radius, which sets the network's memory
characteristics. The fixed random network size is
another parameter determined for optimizing the ESN
model. The crucial ability of the fixed random network
in the ESN model is signal denoising and feature
extraction from input signal data (Sun et al., 2024).
However, the simple ESN extracts the single time series
data. Consequently, the conventional ESN cannot be
used for multiple time series data like RNN's can.

The Extreme Learning Machine (ELM) is a
single hidden layer neural network. The structure of
ELM consists of two parts. The first part comprises
feature extractors, including random weights and
nonlinear functions such as the sigmoid. The first part
tries to map feature data into a nonlinear space. Also,
this part avoids the training process. The second part
is a linear layer. This part map features from the
nonlinear space to labeled data. This part uses a
pseudo-inverse method to optimize the weights of the
linear layer. This method requires only one brief
training phase. Thus, ELM training is extremely fast,
as reflected in its name, “Extreme Learning Machine”.

ELM training is simple and fast. Many studies
have recently switched the training process from
conventional methods like stochastic gradient descent,
which consumes a lot of resources, to an ELM training
process. Additionally, some ELM variants replace the
feature extractors with other architectures, such as
CNN or RNN. The ESN model has also been applied
in seismic exploration, as discussed by (Carvalho et
al., 2018). One challenge in this context is that seismic
waves contain primary and multiple reflections,
complicating seismic analysis. To address this,
Carvalho et al. (2018) employed nonlinear models that

integrate ESN and ELM to improve the attenuation of
various reflections. The results demonstrate the
potential of ESN and ELM models for filtering noisy
signal data. Carvalho et al., (2018) emphasize that
ESN and ELM can effectively balance processing
capability and computational resource consumption.

1.6 Metrics

The Earthquake Early Warning systems are the
systems (EEWS) that classify whether a seismic wave
can generate strong motion or not. Therefore, this
research requires metrics for binary classification
problems (Chiang et al., 2022). The most commonly
used metric for binary classification is accuracy.
However, this metric is unsuitable for imbalanced
data such as the severity scale of ground motions.
Therefore, the proposed model must be evaluated
using other metrics such as accuracy, precision, recall,
and F1-score, as described in Equations 1, 2, 3, and 4,
respectively.

TP+TN

accuracy = ;;:;ﬁ:;;:;ﬁ'x 100. (1)
.. TP
precision = ——— X 100. 2)
recall = —— x 100. 3)
TP+FN

flscore = 2 X precisionxtruepositiverate

— — 100. &)

precision+truepositiverate
where TP,TN,FP, and FN are true positive, true
negative, false positive, and false negative, respectively.

2. Objectives

The EEW system requires a model to classify
the PGA from seismic waves. Furthermore, this model
should exhibit critical attributes such as efficient training
capabilities, real-time processing, rapid classification,
compatibility with multi-channel time series data.
This study aims to develop a predictive model for
PGA classification using seismic wave data, with
improved efficiency in terms of retraining time and
memory utilization compared to conventional
methods. The proposed model combines elements of
the ELM model, replacing the random linear layer
with an ESN for feature extraction. This study, which
investigates the prediction of strong earthquake
motions, a critical aspect of enhancing early warning
systems and reducing seismic risks, compares three
models: Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and the innovative
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Multi Echo-State Extreme Learning Machine (Multi
ES-ELM).
3. Methodology

This section is divided into four parts that
provide an overview of the data structure, the Multi
ES-ELM model structure, the feature extraction
method, and the training method. Part 3.1 explains the
input data and the labels used to train the proposed
model. Part 3.2 describes the structure of the Multi
ES-ELM model, which combines ESN and ELM. Part
3.3 provides an overview of the ESN structure and
shows how to use the ESN to extract features from
seismic waves. Part 3.4 shows how to fit the extracted
features to labels using the Extreme Learning Machine.

3.1 Input Data and Labels

The seismic station records ground motions
that contain both P-waves and S-waves. The recorded
ground motion is time series data that consisting three
channels. Figure 2 shows the input data, which is the
ground acceleration of the initial P-wave (500
samples), consisting of three axes: NS , EW, and Z
(Chiang et al., 2022; Jozinovi¢ et al., 2020). Consider
the observation signal S; at time t, which is denoted
as [NS;, EW,,Z,]". The input to the Multi ES-ELM
model is multivariate time series data, represented as
a matrix for the i-th input sample.

Figure 2 describes the three motion channels as
NS, EW and Z corresponding to north-south, east-
west, and up-down directions of ground movement,
respectively. The NS and EW channels detect the
horizontal displacement of the ground along the north-
south and the east-west axis, accordingly. The Z
channel records the ground's vertical motion (Chiang
et al., 2022). These three channels of motion data are
mathematically represented as a matrix for the i-th
recorded signal, as shown in Equation 5. The matrix
structure is as follows:

0.02

w
@ 000
-0.02

w
0.025
N 0000
-0.025

0 100 200 300 400 500
Figure 2 NS, EW , and Z channels of Initial P-waves

NSl NSZ A NST
— EWl EWZ EWT 3XT
Si=|z, 'z .z, | €R (5)

L
Here, T represents the number of samples in the
initial P-wave, and N represents the total number of
signal data points in the dataset. To compile the
complete dataset, the signals from all seismic
recordings are combined into a tensor X, defined as
Equation 6.

Sy
X = ‘:SZ € RNX3><T (6)
Sn

In this tensor, N is the total number of signal
recordings, and each S; corresponds to the ground
motion data from a specific seismic event. The label
v, of the data §; is the seismic signal's peak ground
acceleration (PGA). The classification of each seismic
event is based on its PGA value. The labels are
encoded using a one-hot encoding scheme. If the PGA
of the signal §; is less than §0Gal, then the label is set
to ¥; = [1,0] (Not warning). Otherwise, if the PGA
exceeds this threshold, the label is set to y=[0, 1]
(Warning) (Chiang et al., 2022). The label matrix for
the entire dataset can be represented as Equation 7.

V1
V2

Y= [eRV*? (7)
YN

This matrix Y categorizes seismic events, enabling
practical training of machine learning models to detect
and predict earthquake warnings.

3.2 Model Architecture

The Multi ES-ELM model consists of two parts.
Figure 3 illustrates the training process of the Multi ES-
ELM, which is divided into a fixed part and a training
part. Figure 4 explains how to construct and use the
ESN, which serves as the fixed part of the Multi ES-
ELM model. Figure 3 shows how ESN trains and
predicts data. The ESN model consists of two
components: a fixed part and a training part. The input
of ESN is signal data §;, which includes three channels
of seismic waves channels, and the output is ¥;,
representing the earthquake warning.
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The first part is the ESN layer, which has fixed
weight parameters and does not need a training process.
The fixed weight of ESN transforms the input signal X
into a hidden matrix H. The Multi ES-ELM embeds
matrix A and returns an embedded vector R via ridge
regression. The second part, W, is the linear layer

Training .1|-
Part

Fixed

used to predict the label from feature data extracted by
the first part (Cucchi et al., 2022; Bianchi et al., 2020).
This second part is trained using the pseudo-inverse
method, as described in subsection 4.5.

Part

Internal
units he

8 in S;

he = tanh(Wingus: + Wahe 1)

re = (heh) ) heh/,,

Figure 3 The fixed part and the training part in the ESN model
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3.3 Feature Extraction
Algorithm 1 Internal Units Weight Initialization
Input: Number of internal units A, spectral radius
r=0.99
Output: Initialized internal weights W, € R**4

LW, « [wy;] € RPY wy; ~ V(0,1)
2: E « eigenvalue(W},)

3: emax < max(abs(E))

4: Wy, « (W, X r)/abs(enax)

5: return Wy,

Algorithm 2 Input Weight Initialization
Input: Number of internal units A, number of
channels data C = 3

Output: Initialized input weights Wiy, € R**¢

1:Winpue < [wij] € R*>C,w ~ U(0,1)
2:for i < 1toAdo

3: forj<1toCdo

4 if w;; > 0.5 then
5 Winput[i'j] <1
6: else

7 Winput [i'j] <0
8: return Wy,

Let the matrix W, be composed of internal
recurrent units. To avoid training the encoding of
input time series data, the parameters W), need to
follow the conditions of the echo state property. There
are many methods to set the matrix W, to echo state.
This research uses the techniques that normalize W,
by its largest absolute eigenvalue. The methods to
initialize W, and W), that are shown in Algorithm
1, 2 respectively (Bianchi et al., 2020; Jaeger, 2002).

The fixed-part ESN model does not need to be
trained but can extract the feature used to train the
supervised model (Cucchi et al., 2022; Bianchi et al.,
2020; Jaeger, 2002). ESN is used to model sequential
data and is governed by the RNN states equation
(Bianchi et al., 2020) as represented in Equation 8.

h, = tanh(WinpueSe + Wyhe—y) (8)

H = [hy,...,hy]T is the sequence of hidden
states h, generated over time and represents the
encoding of signal point s; in input signal data S. The
sequence of hidden states H can be calculated by
Algorithm 3.

Algorithm 3 Echo State Network

Input: Signal § € R*7, input weight W, €
R internal weight W;, € R***

Output: Hidden matrix H = [hy; hy;, - ; hy]

1:H <o

2:hy < 0354

3:for t < 1toT do

4: s« S[:,t] e REX?

5:  hy « tanh(Wippue - ¢ + Wy - hy_q) € RP1
6: H[t] « h;

T hey <y

8: return H € RMT

Algorithm 4 Echo State Network Layer
Input: Signal dataset X = [S;;S,;-++;Sy] €
RNXCXT

Output: Set of hidden a matrix H =

[Hy; Hy;, -5 Hyl

I H «o

2: Wy, « Algorithm 2 (1)

3: Winpur < Algorithm 3 (4, C)

4:fori < 1to N do

5:  H[i] « Algorithm 4 (X[i], Winpye, Wh)
6: return 3 € RV*AXT

The ridge embedding of H of the ESN model is
the representation of latent space (H) by predicting the
next n time steps latent state (h;,,) from the recent
latent state (h,) with auto-regressive models (Bianchi
et al., 2020) as represented in Equation 9.

1y = (he htT)_lhtth ©

Ridge embedding of hidden matrix H; of input
signal data S; is defined by

R; = [7"1i7”2i"‘27"T—n]iT (10)
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The Algorithm 4 is the Echo State Network
layer that can extract the feature from muti-channel
time series data like seismic wave data. The
Algorithm 5 transforms hidden matrix H; to ridge
embedding R;. Also, for each ridge embedding R; of
signal §; are stacked into the list of ridges embedding
R as represented in Equation 11.

R = (11)

Ry

Algorithm 5 Ridge Embedding

Input: Hidden spaces H = [hy; hy;, -+ ; by, step
size n

Output: Embedded vector R

I:R«o

2:fort <« 1toT —ndo

3: 1 (RhT) h,h],, € R
4:  RJ[i] « flatten(r) € R
5: return R € RT-mx(2%)

3.4 Training

Conventional artificial neural networks that use
forward-backward algorithms require a significant
amount of training time. The Extreme Learning Machine
(ELM) is a single-layer feed-forward network
(SLFN). The input weights of this model are fixed
(not necessary to train), and the pseudo-inverse matrix
optimizes the output weights of the model. The ELM
runs faster than classical ANNs and can maintain high
accuracy (Salam et al., 2021). The efficiency of ELM
is not only due to its rapid training process but also to
its ability to achieve accuracy comparable to classical
artificial neural networks (ANNs) (Salam et al., 2021).
This speed and reliability make ELM a promising
candidate for real-time applications, such as the EEW
system, where rapid processing is essential.

The Multi ES-ELM model leverages the
pseudo-inverse method from the ELM for its training
process. The training method in the Multi ES-ELM
model is designed to optimize the output weight B
using the hidden layer representation G, which is
derived from the input data matrix A and the weight
matrix W as depicted in Equation 12.

GB=V (12)

where

g(ay -wy +by) g(a; -w; +by)

c=| :
g(ay - wy + by) g(ay -w, + by)

B1 U1
! ] and V = [ l
.Bm Un

g, A=[ay,..ay]", b=[by,...b]",W =
[Wy, ..., w;]T,V and B are a non-linear function, input
data, bias, input weight, label data, and output weight
respectively.

In Algorithm 6, the process of finding the
optimal output weight B for the ELM model is
outlined. The hidden layer G is a learnable
representation that plays a crucial role in this process.
The pseudo-inverse of the G matrix, denoted as G',is
used to compute the optimal output weight B. This
method ensures that the ELM model can efficiently
learn and adapt to new data (Huang et al., 2006).

B =

Algorithm 6 Extreme Learning Machine (ELM)
Training

Input: Input matrix 4 €
RN Xk

RV*4 output matrix V €

, activation function g(-)
Output: Input weight W € R4*!, hidden bias b €
R, output weight matrix: B € Rk

1: W « [w;;] € R, w;; ~ U(-1,1)
2:b « [b;] € R*Y by ~ U(-1,1)
3:6<g(A-W+b")

4: Gt < (GT6)'GT

5:B « GtV

6: return W, b, B

The Multi ES-ELM model, which builds upon
the ELM framework, employs a similar approach to
determine the optimal weight W,utmr This method
allows the model to maintain the advantages of ELM
while enhancing its capability to handle the
complexity of multi-channel time series data in
earthquake early warning systems.
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Algorithm 7: Training Model

Algorithm 4: Echo State Network Layer

——H—> Algorithm 5: Ridge Embedding

|

X

I

R

l

. |Optimize output weight with

Input Data

"| the Psendo-inverse method output

Figure 5 The multi-channel echo state extreme learning machine

The Multi ES-ELM model uses the list of ridges
embedding R to be the learnable representation. The
Algorithm 7 shows how to train the Multi ES-ELM
model with the input signal data X and label data Y.
The algorithm finds the optimal output weight from
the list of embedding R.

The Algorithm 6 shows the pseudo-inverse
method to calculate the optimal output weight B of ELM.
Figure 5 explains how the Multi ES-ELM model extracts
features from data like a list of the hidden matrix H and
a list of ridges embedding R that is calculated by the
Algorithms 4 and 5, the two features are calculated by
the fixed part of the model.

The Multi ES-ELM's ridge embedding R can be
compared to the ELM's hidden layer matrix G. Thus, the
optimal output weight Woutput. of Multi ES-ELM is
calculated by Equation 13.

ﬁ/autput= RTY. (13)
where R'=R"R)'R".
Algorithm 7 Multi-channels Echo State Extreme
Learning Machine Training

Input: Signal data X € RV*¢*T label data Y €
RNXM

, step size n

Output: Optimal Wy

I:R«wo
2: H « Algorithm 5 (X, n)
2:fori < 1to N do

3: R « Algorithm 6 (3 [i])

4 R[i] « flatten(R) € R*T-m2*
5:RT « (RTR)"IRT € RT-MA*xN
6: Woutput < Rty € RT-MA*xM

7: return Woutput

4. Results

The study divided into four parts. Part 4.1
explains the seismic data collection from the
carthquake networks. Part 4.2 shows the resource
consumption while model training to compare RNN,
CNN, and Multi-ESELM performances. Part 4.3
illustrates the size of each model, showing a small
device implementing capability. Part 4.4 describes the
metrics to measure performance to detect large
earthquakes that can harm people.

4.1 Data Collection

This study obtains data from two extensive
earthquake networks: the Central Weather Bureau
Seismic Network (CWBSN) and the Taiwan Strong
Motion Instrumentation Program (TSMIP). The
CWBSN dataset spans from 2014 to 2019 and
includes data from 896 earthquake events. The
TSMIP dataset covers a longer period, from 1991 to
2019, and includes data from 724 earthquake events.
By integrating these comprehensive datasets, the
Multi ES-ELM model is trained and tested on diverse
seismic events, enhancing its robustness and accuracy
in predicting PGA levels. The initial P-waves from
three axes is used in the Multi ES-ELM model. This
research utilizes datasets from the Taiwan earthquake
station network as described in (Chiang et al., 2022).
The datasets comprise N= 10,377 samples of ground
motion data, which are divided into training data with
Niraining = 6,900 samples and testing data with
Niesting = 3,477 samples, where 7= 500 (representing
5 seconds after detecting the P-wave).
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4.2 Resource Consumptions

Figure 6 compares the training time and
memory usage of CNN, RNN, and Multi ES-ELM
models. CNN and RNN show similar training times,
around 45 seconds, while the Multi ES-ELM is
significantly faster at 1.9234 seconds. In terms of
memory usage, CNN and RNN consume about 328.75
GB and 169.64 GB, respectively, whereas the Multi
ES-ELM requires only 20.28 GB. This efficiency is
due to the ESN layer’s fixed, randomly generated
recurrent structure, eliminating the need for
backpropagation. As a result, the Multi ES-ELM
offers rapid training and low memory consumption,
making it highly practical for real-time earthquake
early warning systems.

4.3 Model’s Size

In this study, the computational efficiency of
the models is a critical factor in determining their
suitability for real-time earthquake early warning
systems. Table 1 presents a comparison of the number
of parameters and the model size in megabytes (MB)
for each model: CNN, RNN, and the proposed Multi
ES-ELM.

Table 1 Model sizes

Multi
Metrics CNN RNN
ES-ELM
number of model 638850 17282 882
parameters
model size (Mb) 2.437 0.066 0.003
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Table 1 shows that the CNN model, with
638,850 parameters and 2.437 MB storage, offers
high predictive accuracy but has a large computational
footprint, while the RNN model, with 17,282
parameters and 0.066 MB storage, is smaller but
exhibits significant performance variability. In
contrast, the proposed Multi ES-ELM model uses
only 882 parameters and 0.003 MB storage,
maintaining competitive accuracy, recall, precision,
and Fl-score. Its lightweight structure and stable
performance make it ideal for real-time earthquake
early warning systems, where efficiency and
reliability are critical.

4.4 Performance Metric Results

This study conducts 40 trials to assess the
performance and stability of the models ensuring a
comprehensive evaluation. The mean of all trial
results represents performance, while the standard
deviation indicates stability. Table 2 summarizes the
evaluation metrics for each model. Each cell shows
the mean and standard deviation (SD) across 40 trials,
offering insights into both average performance and
consistency. These results help assess the models'
robustness and reliability, ensuring a thorough
evaluation process.

The CNN achieved high overall performance,
with an accuracy and F1-score of 94.65 + 0.30 and 89.95
+ 0.41, respectively, indicating stable results. However,
its recall (92.84 + 2.36) and precision (87.34 + 2.35)
showed slightly higher variability. The RNN performed
worse, with lower metrics and larger standard deviations,
highlighting instability. In contrast, the Multi ES-ELM
achieved high performance with very low standard
deviations, demonstrating stable results. Notably, its
recall score outperformed the other models.
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Table 2 Evaluation Metrics Results

Metrics CNN RNN Multi ES-ELM
accuracy 94.65+0.30 84.83+19.40 93.46+0.22
recall 92.84+2.36 84.93+13.34 96.50+£0.52
precision 87.34+£2.35 74.18+18.15 81.53+0.53
f1 score 89.95+0.41 77.80+16.40 88.38+0.37
Note: Results are presented as mean + standard deviation
i, : i,
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Figure 7 ROC Curves of CNN, RNN, and Multi ES-ELM Models for Strong Motion Prediction
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Figure 8 Confusion Matrices of CNN, RNN, and Multi ES-ELM Models for Strong Motion Classification

Figure 7 presents the ROC curves for the CNN,
RNN, and Multi ES-ELM models, comparing their
classification performance. The CNN achieved the
highest AUC of 0.98, indicating an excellent
discriminative ability. The Multi ES-ELM followed
with a strong AUC of 0.96, whereas the RNN showed
lower performance with an AUC of 0.91. These
results highlight that both the CNN and Multi ES-
ELM can effectively distinguish between classes,
with the Multi ES-ELM maintaining competitive
performance despite its lightweight structure.

Figure 8 shows the confusion matrices for the
CNN, RNN, and Multi ES-ELM models. The CNN
achieved balanced true positive (789) and true
negative (801) rates, with relatively few false
predictions. The RNN, despite achieving a high true
positive count (796), suffered from a larger number of
false positives (144). In contrast, the Multi ES-ELM
maintained strong classification performance,
achieving 798 true positives and 773 true negatives
while keeping both false positives (90) and false
negatives (65) lower than the RNN. These results
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confirm the Multi ES-ELM's ability to provide
reliable predictions with fewer misclassifications.

5. Discussion

This study provides a comprehensive
evaluation of the resource demands associated with
each model by comparing training time, and memory
consumption, model size, and parameter count. The
insights gained from these comparisons can inform
the selection of the most suitable model for
earthquake early warning systems that require fast,
accurate, and efficient processing in real-time
environments. This section interprets and discusses
the experimental results and potential applications of
Multi ES-ELM model. Part 5.1 examines the resource
consumption of each model, which may pose
constraint to implementation in the EEW system. Part
5.2 addresses the model’s size, which affects the
capability to be deployed in various devices. Part 5.3
analyzes the accuracy of the models in predicting
strong motion.
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5.1 Resource Efficiency

Efficient training time is critical for real-time
systems, where models must quickly adapt to new
data without compromising performance. The Multi
ES-ELM outperforms other models in this aspect;
as its ESN component extracts features from time
series data without a training process, reducing
processing time. In contrast, RNNs and CNNs require
time-consuming feature extraction through gradient
descent, which demands significantly more time and
computational resources. Memory usage, another
critical metric, reflects the computational resources
required during training. Minimizing memory usage
is crucial for real-time earthquake early warning systems
operating in resource-constrained environments. The
Multi ES-ELM, using the ELM method, predicts
strong motions with a single short training session,
consuming minimal computational resources. In
contrast, RNNs and CNNs require significantly more
memory due to repeated gradient descent iterations.

5.2 Model's Size

The number of parameters in a model refers to
the total number of weights and biases that the model
must learn during the training process. The number of
parameters directly indicates the model's complexity,
as more parameters generally enable the model to
capture more intricate patterns in the data. However,
a higher parameter count also increases the
computational costs, requiring more memory and
processing power. Additionally, it affects the model
size, as larger models require more storage space and
take longer to train and deploy. The Multi ES-ELM
requires minimal memories to implement. Its compact
size allows deployment on small devices, such as
smartphones and embedded systems, making it well-
suited for EEW applications. However, other models
require substantially more memory to implement.

5.3 Metrics Analysis Results

The EEW systems aim to accurately predict
strong ground motions, a task formulated as a binary
classification problem. Misclassifications false
positives (predicting strong motion when none
occurs) and false negatives (failing to predict strong
motion) can lead to significant losses, such as
economic disruptions, reduced public trust, or threats
to safety. Consequently, system performance is
critical, requiring a model that balances high recall to
minimize missed warnings and high precision to
reduce false alarms. Metrics like Fl-score and
accuracy are essential for evaluating and improving

the model to ensure reliable and effective warnings,
minimizing both risks and unnecessary costs.

The Multi ES-ELM excels in detecting
hazardous seismic waves more effectively than
conventional models. However, its focus on
maximizing the detection of hazardous waves comes
at the cost of reduced sensitivity, resulting in slightly
lower performance in certain metrics compared to
CNN models. While CNN achieves better precision
and Fl-score, the Multi ES-ELM outperforms it in
recall and maintains competitive accuracy. The high
recall of the Multi ES-ELM underscores its
effectiveness in identifying actual earthquake events,
a critical aspect for the reliability and timeliness of
early warning systems.

6. Conclusion

CNN demonstrates solid overall performance
with high accuracy, balanced precision, and recall.
However, training requires significant computational
resources. RNN shows potential but suffers from high
variability and lower overall performance, likely due
to its complex training requirements and sensitivity to
hyperparameters. Multi ES-ELM offers balanced and
consistent performance, and its resource efficiency is
a significant advantage. The CNN model emerged as
the most accurate, while the RNN model exhibited
inconsistent results. Notably, with its competitive
performance and resource efficiency, the Multi ES-
ELM model not only presents a promising avenue for
real-time earthquake prediction but also offers a practical
solution for seismic risk mitigation strategies, thereby
instilling confidence in its potential real-world
applications.

In conclusion, while CNN provides the best
overall performance in precision and Fl-score, the
proposed Multi ES-ELM stands out for its high recall
and resource efficiency, making it a highly viable
option for real-time earthquake prediction systems.
Future work could focus on enhancing the precision
of Multi ES-ELM and further optimizing its
architecture for even better performance.
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