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Abstract We propose a hybrid approach for ground motion field prediction in earthquake early warn-
ing (EEW) systems, combining the Propagation of Local Undamped Motion (PLUM) method with advanced
machine learning (ML) algorithms. Our methodology integrates PLUM’s seismic wavefield estimation with
CONIP, a four-layer Convolutional Neural Network (CNN) model for onsite seismic intensity estimation, en-
abling real-time ground motion field predictions. Trained on 69,089 KiK-net seismic records, the ML-based
model demonstrates a 28.8% reduction in median absolute error (MAE) in predicted Japan Meteorological
Agency (JMA) seismic intensity compared to the traditional groundmotion prediction equation (GMPE) imple-
mentation, with predictions available 1-5 seconds earlier during the initial 10 seconds after origin time. These
improvements reflect enhanced accuracy in estimating peak ground motion intensities and greater stability
in early-stage predictions. By employing aMonte Carlo simulationwithGaussian-perturbed inputs, themodel
yieldswell-calibrated uncertainty estimates that correlatewith prediction errors. When benchmarked against
the GMPE-based method, our approach shows consistent performance advantages in prediction reliability.
Offline simulations of the 2005 West off Fukuoka earthquake confirm the hybrid approach’s computational
efficiency and enhanced predictive capability, particularly for destructive events. By improving prediction ac-
curacy at critical thresholds, this solution provides an average lead time gain of 5.49 seconds over the original
PLUMmethod for end-users and strengthens EEW effectiveness.

1 Introduction
For end users of an earthquake early warning (EEW)
system, estimated ground motion is more meaningful
than the hypocenter and magnitude, which are cur-
rently common practice in many EEW systems despite
the challenges in their rapid and accurate determina-
tion (Allen and Melgar, 2019). Reliable forecasting of
ground shaking is crucial for making scientific deci-
sions, such as slowing down high-speed trains, shutting
down nuclear reactors, pausing elevators on a nearby
floor, and warning people to evacuate dangerous ar-
eas. EEW systems today primarily rely on two method-
ological paradigms: source-based approaches, which
first estimate earthquake source parameters (e.g., mag-
nitude and location) and then predict shaking using
ground motion models; and ground-motion-based ap-
proaches, which bypass source inversion and instead
use real-time observed shaking to directly forecast in-
tensities at nearby sites. Currently,most operation EEW
systems are point-source algorithm-based (Allen, 2007;
Brown et al., 2009; Satriano et al., 2011; Chen et al.,
2015; Doi, 2011; Zhang et al., 2016). They estimate
ground shaking using a groundmotion prediction equa-
tion (GMPE), where ground motions (PGA, PGV, and
seismic intensity) are simplified as a function of magni-
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tude, hypocentral distance, fault mechanism, and site
effects. This approach is straightforward but large scat-
ters often occur since the source, site, and path con-
ditions are spatially correlated and not fully included
during ergodic GMPE estimation (Hoshiba and Aoki,
2015; Kuehn and Abrahamson, 2018; Spallarossa et al.,
2019; Kuehn and Abrahamson, 2020). Finite source al-
gorithms, such as FinDer (Böse et al., 2012, 2018) and
GlarmS (Ruhl et al., 2017), use earthquake sources that
have finite length rather than a single point, but the
strategies adopted for ground motion estimation are
similar. Therefore, the accuracy of ground motion pre-
dictions still relies on the accuracy of GMPEs. During
the MW 9.0 Tohoku earthquake, the national-wide EEW
system in Japan succeeded in issuing warnings more
than 15 seconds before the strong shaking arrival in the
Tohoku district. At the time of the initial warning, the
JMA EEW system reported a magnitude of 7.2, signifi-
cantly lower than the true magnitude. However, it sig-
nificantly under-predicted the ground shaking at large
distances due to the large fault rupture, while it over-
predicted the ground shaking during the intense after-
shocks (Hoshiba and Ozaki, 2014).

To provide a more reliable estimation of ground
shaking for Earthquake Early Warning (EEW), Hoshiba
(2013) utilized the boundary integral equation to pre-
dict ongoing groundmotion without the need for earth-
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quake source information such as location and magni-
tude, though the direction of wave propagation had to
be assumed. Shortly after, Hoshiba and Aoki (2015) sug-
gested a numerical shaking prediction technique with
the help of a data assimilation technique for estimating
ground motion, alongside the Radiative Transfer The-
ory (RTT) to minimize computation time. Regarding
this, Kodera et al. (2018) then improved the algorithm
and proposed the Propagation of Local Undamped Mo-
tion (PLUM) approach as a simpler wavefield predic-
tion method. Seismic intensities of target sites are di-
rectly estimated through the usage of observeddata dur-
ing the PLUM process. Studies (Cochran et al., 2019;
Minson et al., 2019; Kilb et al., 2021; Saunders et al.,
2022, 2024, 2026) have exhibited that PLUM is a profi-
cient and precise method that is also capable of deal-
ing with complicated events, such as multiple simulta-
neous earthquakes. Therefore, PLUM is deemed to be
a rather viable algorithm that has gained plenty of at-
tention in the scientific community. In this paper, we
demonstrate that combining the already capable PLUM
approach with advanced Machine Learning (ML) data-
driven techniques can advance the accuracy of ground
motion predictions even further. This hybrid strategy
specifically targets a fundamental constraint of PLUM,
its reliance on observed strong motions from triggered
stations, which limits warning lead time, particularly
for sites near the epicenter. By integrating a MLmodel,
we can predict final seismic intensity from only the
initial seconds of waveform data, our method enables
reliable early estimates before strong shaking arrives,
thereby extending the effective warning window while
maintaining spatial coherence through PLUM’s propa-
gation framework.
With the ever-increasing amount of seismic observa-

tion data, research intoML (a broad class of data-driven
algorithms that learn patterns from data) and deep
learning (DL, a subset of ML based on multi-layer neu-
ral networks capable of automatically extracting com-
plex features from data) algorithms has become a hot
topic in the seismological community (Kong et al., 2019;
Mousavi and Beroza, 2022, 2023). Building on the pio-
neering work by Perol et al. (2018), numerous ML algo-
rithms have been explored across various fields of seis-
mology, including earthquake event detection (Meier
et al., 2019; Ross et al., 2019a; Zhu et al., 2019), seis-
mic phase identification (Ross et al., 2018; Wang et al.,
2019; Zhao et al., 2019; Zhu and Beroza, 2019; Mousavi
et al., 2020), earthquake location (Agius andGalea, 2011;
Kriegerowski et al., 2019; Ross et al., 2019a,b; Münch-
meyer et al., 2021a; Yang et al., 2024), event classifi-
cation (Diersen et al., 2011; Linville et al., 2018; Wool-
lam et al., 2019), seismic tomography (Adler et al., 2019;
Araya-Polo et al., 2018, 2019a,b), EEW(Abdalzaher et al.,
2024; Kong et al., 2016; Li et al., 2018; Allen et al., 2020;
Münchmeyer et al., 2021b; Chitkeshwar, 2024; Kolivand
et al., 2024; Noda, 2024; Zhang et al., 2024; Huang et al.,
2025; Jiang et al., 2025), earthquake hazard mitigation
(Khoshnevis and Taborda, 2018; Trugman and Shearer,
2018; Mousavi et al., 2020; Zhu et al., 2020; Joshi et al.,
2024), and earthquake prediction (Al Banna et al., 2020;
Li et al., 2020). Recently, Navarro-Rodríguez et al. (2025)

systematically reviewed the study of ML and DL in EEW
magnitude prediction and found these algorithms sig-
nificantly outperform traditional methods like Pd (peak
displacement) and τc (the characteristic period of the
initial P-wave). The above research has once again
proved the excellence performance of the ML/DL algo-
rithms.
In order to understand what an ML model learns

through extensive training with massive data, Zhang
et al. (2022) developed an onsite ground motion pre-
diction model using a 4-layer convolutional neural net-
work (CNN) called the “CONIP” model, which is de-
signed to estimate onsite seismic intensity using only
the initial seconds of waveform data from a triggered
station, and it continuously refines its prediction as
more data become available over an expanding time
window. This model was trained on over 32,000 seis-
mic event records from California, spanning 2000-2019,
with moment magnitudes (MW ) ranging from 2.0 to
7.1. We analyzed the prediction residuals of the mod-
ified Mercalli intensity (MMI) separately using the tra-
ditional GMPE-based approach and the CONIPmethod.
We found that the MMI prediction residuals from the
CONIP method were significantly smaller than those
from the GMPE-based approach. Furthermore, in our
previous study (Zhang et al., 2022), we discovered that
the CONIPmodel could effectively learn site and source
effects, but had difficulty learning path effects during
the model training process. Given the exceptional per-
formance of the CONIP model, we believe that it can
be applied to EEW systems. However, since CONIP is
a typical onsite prediction approach with limited abil-
ity to predict wavefields, the timeliness of warning in-
formation may be relatively short if relying solely on
this method. To address this, we combined our CONIP
module with the PLUM method, which provides prac-
tical solutions to this problem. Additionally, we dis-
covered that the CONIP model has specific regional ap-
plicability. Hence, we collected historical data from
the KiK-net network in Japan to create new training
datasets. We then trained the unchanged network with
this new data. Finally, we selected an event with a
magnitude greater than 7.0 (the 2005 West off Fukuoka
earthquake) and showed the feasibility of our hybrid ap-
proach by displaying the ground motion prediction us-
ing our approach second-by-second after the first sta-
tion triggered. Our approach differs from Kodera et al.
(2018), which estimates final S-wave amplitudes from
initial P-wave parameters without ML, and from recent
DL extensions such as Bloemheuvel et al. (2023) and
Clements et al. (2024), which integrate neural networks
into PLUM-like frameworks but rely on different input
representations or network architectures. In contrast,
CONIP directly predicts MMI from raw waveform seg-
ments at individual stations and is explicitly designed
for seamless hybridization with PLUM to enhance both
accuracy and warning timeliness.
This study adopts the same assumption as Kodera

et al. (2018), that strong groundmotionpropagateswith-
out attenuation within radius R when R is sufficiently
small (here, R=30 km). Building on this framework, we
integrate the CONIP model into PLUM by replacing the
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Figure 1 (a) Spatial distribution of hypocenters (denoted by dots) for all seismic events employed in the training of the
CONIPmodel within this study. Hypocenter locations were determined by JMA, with dot size encoding eventmagnitude and
color fill representing focal depth. (b) Spatial distribution of KiK-net stations (denoted by inverted triangles) used in training,
color-coded by the number of groundmotion records available per station in the training dataset.

observed peak groundmotion at triggered stations with
CONIP-predicted modified MMI. The resulting hybrid
system propagates these predicted intensities to sur-
rounding locations in real time, thereby enabling ear-
lier and more stable warning estimates than either ap-
proach alone. However, when integrating the PLUM al-
gorithm with our CONIP model, especially for a dense
observation network, we found that on-site seismic in-
tensity can be estimated more rapidly and reliably than
through conventional methods. Therefore, we focus on
this specific application and propose a novel hybrid ap-
proach. The proposed hybrid framework uniquely in-
tegrates the spatial robustness of PLUM, known for its
stable ground motion field estimation, with the early
predictive capability of a DL-based onsite intensity esti-
mator (CONIP). This synergy not only improves predic-
tion accuracy but also extends actionable warning lead
time, addressing a key operational limitation of original
PLUM implementations.

2 Data

Similar to all ML algorithm models, a large amount of
high-quality historical seismic data is needed to train
our CONIP model; specifically, ∼70,000 records were
used on in this paper. Our CONIP model has re-
gional applicability, in that the ground motion, such
as seismic intensity prediction accuracy, may decrease
sharply when the trained model is applied to another
region that was not included during the module train-
ing. More importantly, in our previous work (Zhang
et al., 2022), the datasets used in the model training
mainly consisted of small-to-moderate (mainly MW 2.0-

6.0) events in Parkfield and Los Angeles, California,
with few large-magnitude events (MW ≥6.5) involved.
Thus, the trained model will have limited ability to ac-
curately predict those large magnitude events.

We aim to demonstrate the efficacy of our hybrid seis-
mic intensity prediction algorithm by utilizing a newly
constructed dataset consisting of historical earthquake
events from KiK-net of Japan (Okada, 2013). Japan is
a region with high seismic activity, and the country
has established dense seismic observation networks,
which allowed us to collect a high-quality ML train-
ing dataset. Our selection criteria for records were as
follows: earthquake magnitude greater than 2.0 (JMA
scale), peak ground motion acceleration (PGA) greater
than 10 cm/s2, and surface records only, but no con-
straint was placed on the number of stations per event.
These criteria were selected to isolate potentially dam-
aging earthquakes from the vast amount of seismic data
and provide valuable features for our CONIP model to
enhance prediction accuracy. Our dataset includes ma-
jor earthquake events, like the 2011 Tohoku earthquake
and the 2003 Tokachi-Oki earthquake, but we excluded
records of the Tohoku earthquake aftershocks collected
during dataset construction (March 11, 2011 to June 30,
2011). This exclusion was due to the significant overlap
of seismic records during dense aftershock sequences,
which made it difficult to distinguish events in such
complex situations. By focusing on significant events
and excluding aftershocks, we aim to simplify our ML
training and provide accurate predictions using our hy-
brid algorithm. As shown in Fig. 1(b), the seismic sta-
tions used in this study cover nearly the entire Japanese
archipelago. However, the number of available train-
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Figure 2 Statistics of the 69,089 records used in CONIP model training. The bottom-left panel displays a scatter plot of
earthquakemagnitude (Mj) versus JMA intensitymeasurements. Corresponding distribution histograms formagnitude and
JMA intensity appear in the top-left and bottom-right panels, respectively. The top-right panel presents a histogram of the
number of training records per station.

ing records per station is highly heterogeneous, ranging
from just 1 to over 500. According to the statistics pre-
sented in Fig. 2, only ∼18% of stations have more than
50 records in the training dataset.

Following data acquisition, waveform preprocessing
involved removing themean value from eachwaveform
and trimming 10-second three-component signals from
the P-wave arrival time at each station. No bandpass
filtering was applied, and no explicit signal-to-noise ra-
tio (SNR) criterionwas imposed. The preprocessed data
were archived in HDF5 format (The HDF Group1) to fa-
cilitate efficient access. During manual waveform in-
spection,metadata timing errorswere identified in KiK-
net records. To correct these, we computed theoreti-
cal P-phase arrival times using the “tjma2001”2 travel-
time table and JMA hypocenter parameters (based on
JMA bulletin), then aligned the observed P-phase picks
(derived from STA/LTA+AIC detection) to these theo-
retical arrivals by waveform shifting. Our comprehen-
sive training dataset consisted of 69,089 three-channel
records from a total of 3,220 events. Readers can visual-
ize the distribution of these events and histogram of the
records in Fig. 1 and Fig. 2, respectively.

1https://www.hdfgroup.org/HDF5/
2https://www.data.jma.go.jp/eqev/data/bulletin/catalog/appendix/

trtime/trt_e.html

3 Hybrid Approach
In our previous study (Zhang et al., 2022), we present

the CONIP model, a four-layer convolutional neural
network (CNN) that uses high-order feature extraction
to improve onsite seismic intensity estimation from
records. While it is challenging to determine the ex-
act features learned during training, our seismic in-
tensity prediction residual analysis confirmed that the
model produces significantly smaller residuals, both
in terms of mean absolute error and bias, compared
to traditional GMPE-based methods, even with a short
time window (TW=1 s). Unlike human-defined features
like Pd, τc, and IV 2 (squared velocity integral), CONIP
learns more complex, autonomous features from the
dataset, making them potentially more generalizable.
In this study, we retain the CONIP model architec-
ture, where the input tensor possesses dimensions of
(N×3×(TW×100)), where N represents the number of
events used during model training and 100 is the sam-
pling rate of the record. The mean squared error (MSE)
is adopted as the loss function. The dataset is parti-
tioned in a 6:2:2 ratio (training:validation:testing). Op-
timization is performed using the Adam optimizer, with
a learning rate of 0.0001 and we implement an “early-
stop” strategy that stops model training if the valida-
tion loss does not decrease for eight training epochs.
When doing EEW processing, we can continually up-
date the onsite groundmotion prediction in real-time as
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Figure 3 Illustration of the proposed hybridmethodology. Panel (a)-(c) depicts Voronoi tessellation within a seismicmoni-
toring network, triggered stations (highlighted cells) initiate CONIPmodel predictions for seismic intensity at corresponding
sites, with predicted values propagated to all cells associated with the triggered station through Voronoi analysis. Panel (d)
presents the methodological workflow diagram.

the availablewaveform information growswith increas-
ing TW. To accomplish this, we train separate models
for each TW while keeping the same CONIP structure
and training parameters. Interested parties looking for
more information can visit our GitHub repository (see
“Data Availability” section). For a more detailed expla-
nation of the CONIPmodel and its performance, please
refer to Zhang et al. (2022). Our findings suggest that
the CONIP model enhances EEW systems by providing
more accurate final seismic intensity estimates, and de-
livering these predictions earlier, thereby extending ac-
tionable warning lead time without compromising spa-
tial reliability.
Details of the PLUM method were discussed by

Kodera et al. (2018), which will not be repeated in our
paper. In short, it directly predicts the ground motion
at a target site by using the maximum observed real-
time seismic intensity within a predefined circular re-
gion around that site, after correcting for site amplifica-
tion factors. This simple, non-parametric method op-
erates without requiring real-time estimation of earth-

quake source parameters (e.g., hypocenter,magnitude).
This makes it robust against challenges faced by con-
ventional point-source models, such as the under pre-
diction of shaking from large finite-fault earthquakes,
missed events during intense seismic sequences, and
over prediction formultiple simultaneous earthquakes.
While providing accurate and robust ground-motion
predictions in these complex scenarios, the trade-off is
a shorter maximum available warning time compared
to some point-source methods, as predictions are only
possible after strong shaking is actually detected by
nearby stations. Our approach, however, is different
in that the seismic intensities at each triggered station
are provided by our CONIP model, which predicts the
final seismic intensity at each site in real time, instead
ofmeasuring it once it exceeds a trigger threshold. This
difference allows us to estimate longer warning times
than the original method, especially for large events.
While our CONIP model is trained using triggered data,
our hybrid approach uses the recursive filter (Kunugi
et al., 2008), which consisting of six cascaded Infinite
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Impulse Response (IIR) filter units, to obtain the instan-
taneous seismic intensity Ir (on the JMA scale, here-
inafter) for non-triggered stations. We set a minimum
Ir threshold of 0.5 to simplify the trigger discrimina-
tion algorithm, and if a station exceeds this threshold,
our CONIP model generates the seismic intensity pre-
dictions. Following operational EEWpractice, a predic-
tion is considered accurate if the absolute difference be-
tween predicted intensities (Î) and observed intensities
(I) is no greater than 0.5 units. We hereby define the re-
call rate as the fraction of events meeting this criterion.
In contrast to the original method, which consid-

ers the maximum observed real-time seismic inten-
sity within a circular radius of R (e.g. 30 km), we
used Voronoi diagrams (Aurenhammer, 1991) to iden-
tify nearby stations and estimate the maximum seis-
mic intensity of all surrounding stations for each tar-
get site. To simplify the calculation, we did not account
for site effects during ground motion prediction. Fig. 3
presents a schematic diagramof our hybridmethod and
shows the data process flow. In summary, our approach
improves upon the original PLUM method by predict-
ing final seismic intensities in real-time and leveraging
Voronoi diagrams to estimate themaximum seismic in-
tensity of surrounding stations. These improvements
have the potential to increase warning times for large
events, providing vital time to prepare and respond to
earthquake impacts.

4 Result

4.1 Model training and validation
Our CONIP model is easy to train, requiring only a
16-core i7 CPU without any graphical processing units
(GPUs). Each training epoch takes a few seconds (typ-
ically less than one minute) to complete, and we usu-
ally train for 80-100 epochs to obtain the “lowest loss”
trained model. As a result, the entire training pro-
cess is completed in approximately 30-35 minutes. Fig.
4(a) shows the training and validation loss for TW=3 s,
while Fig. 4(b) demonstrates our trained model’s abil-
ity to predict JMA seismic intensities on the KiK-net
test set. As shown in Fig. 4, both training and valida-
tion losses drop quickly in the first few epochs. The
model converges rapidly after about 40 to 50 epochs of
training. The trained model exhibited excellent perfor-
mance on the test set, with 66.8% and 92.7% of records
reliably estimated with residuals less than ±0.5 unit
and±1.0 unit (JMA intensity scale, hereinafter), respec-
tively. However, some records (7.3%) exhibited higher
prediction errors, particularly for larger JMAseismic in-
tensity records (e.g. ≥5.0), whichwewill further discuss
in the “Discussion” section.
In our previous discussion (Zhang et al., 2022), we ob-

tained separately trained models for each TW growth.
This study defines a recall rate metric based on pre-
dicted seismic intensity values. To show the effects of
TW growth, we compared the mean and standard de-
viations of the JMA seismic intensity prediction errors
and the recall rate on the test set for each trainedmodel
in Fig. 5. The TW varies from 1 to 10 seconds. We

observed that the mean prediction values for each TW
were all around 0.0, indicating that the trained model
could generate unbiased predictions even with a short
TW. Moreover, as the TW increased, the standard devi-
ations for each TW gradually decreased. For example,
when the TWwas 10 seconds, the prediction error was -
0.02±0.39 unit, which was 37% smaller than the value
in TW=3 seconds, which was -0.01 ±0.62 unit. Simi-
larly, a positive association emerges between longerTW
and higher recall rate. The most pronounced improve-
ment occurs during initial TWextension, the recall rate
increases markedly from 65.5% at TW=1 s to 72.6% at
TW=3 s. With further TW expansion to 10 s, the recall
rate plateaus at 82.5%. This performance enhancement
correlates directly with the greater waveform informa-
tion available at larger TW durations, a relationship ex-
amined subsequently in this work.
This study employs the traditional GMPE method

(Morikawa et al., 2010), which directly predicts JMA
seismic intensity, as a benchmark to systematically
evaluate the predictive accuracy and stability of our
CONIP model for seismic intensity estimation. Results
demonstrate that CONIP achieves significantly higher
precision compared to the GMPE approach, maintain-
ing robust performance even under extremely short
time windows (e.g., TW=1 s). Further analysis reveals
inherent systematic biases in GMPE predictions, with
statistical errors quantified as 0.41±0.54 units, and a re-
call rate of 36.7%, representing substantially larger de-
viations than those observed for CONIP-based predic-
tions (Fig. 5). The observed bias likely arises froma par-
tial mismatch between theMorikawa et al. (2010) GMPE
and the specific attributes of the KiK-net strong-motion
records used in this study, such as local site conditions,
magnitude-distance distribution, or event depth. Al-
though a well-calibrated GMPE should in principle ex-
hibit minimal systematic deviation, the persistent bias
suggests that the adopted GMPE may not be fully op-
timized for real-time EEW applications or for the ex-
act seismic context of our test events. Another possi-
bility is that operational EEW systems, such as the na-
tional system in Japan, employ empirically adjusted at-
tenuation models or incorporate additional corrections
not captured by the standard equation. For these rea-
sons, we treat the GMPE comparison here as an illus-
trative baseline rather than as a definitive reference.
The observed enhancements in both accuracy (28.8%
increase in recall rate for TW=1 s) and stability (27.8%
lower variance for TW=10 s) further support the robust-
ness of ML-based seismic intensity estimation frame-
works, particularly their enhanced reliability in real-
time early warning scenarios requiring rapid data pro-
cessing within constrained temporal windows, where
traditional methods struggle with systematic overesti-
mation tendencies.
To assess the confidence of our CONIPmodel, we em-

ploy a Monte Carlo (MC) simulation approach. This
method introduces random perturbations to the input
data to quantify themodel’s uncertainty. Taking TW=3 s
as an example, we randomly select 500 records to ac-
celerate the calculation, for each test sample we gen-
erate 50 noisy variants by adding Gaussian noise (stan-
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Figure4 EvaluationofCONIPmodel trainingdynamics andseismic intensitypredictionaccuracyusinga3-second timewin-
dow (TW=3 s). Training required approximately 14 minutes for 40 epochs and 25 minutes for 100 epochs. Panel (a) presents
training and validation loss curves as a function of training epochs, while panel (b) compares predicted vs. observed JMA
intensities for the test dataset using the optimizedmodel.

Figure 5 Statisticalmoments (mean±1σ) of JMA intensity predictions stratified bymagnitude bins (panel a) andmodel ac-
curacy index (panel b) across varying TW in the test dataset. In panel a, cyan squares represent earthquakeswithmagnitudes
less than 5.0, orange diamonds indicate events with magnitudes between 5.0 and 6.5, purple triangles denote earthquakes
greater than 6.5 in magnitude. Red circles show the mean values per TW, while blue pentagrams indicate the prediction
biases of the GMPE for comparison. Colored dots indicate mean values per TW, with vertical error bars denoting standard
deviations.

dard deviation set to 0.1), and then perform repeated
predictions using the trained model. By analyzing the
distribution of predictions, we compute the variance for
each sample, where a larger variance indicates higher
uncertainty (lower confidence) in the model’s predic-
tion for that input. Furthermore, we compare the pre-
dicted absolute means with ground-truth labels to cal-
culate prediction errors and examine the relationship

between variance and error, thereby validatingwhether
the model’s uncertainty estimates align with its actual
predictive performance.

As shown in Fig. 6, which displays the relation-
ship between prediction variance and absolute error,
we observed that when the model reports low uncer-
tainty (small variance), the predictions are very ac-
curate (small errors). Quantitatively, the Spearman
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rank correlation between variance and absolute error
is ρ=0.32 (p<0.01), suggesting a modest but statistically
significant tendency for higher uncertainty to coincide
with larger errors. More critically, we evaluate calibra-
tion by computing the fraction of observations falling
within the 95% prediction interval derived from theMC
samples. We find a prediction interval coverage proba-
bility (PICP) of 96.7%, indicating that the model’s un-
certainty estimates are slightly conservative but well-
calibrated, a desirable property for operational EEW
systemswhere underconfidence is safer than overconfi-
dence. These results support the use of CONIP’s uncer-
tainty output as a practical confidence metric in real-
time applications.
To evaluate the statistical significance of our CONIP

model, we conducted a permutation test with 1000 ran-
domized iterations (for TW=3 s, Fig. 7). The model
demonstrated meaningful predictive capability on the
test dataset, achieving a mean squared error (MSE) of
0.706 and coefficient of determination (R2) of -0.069. To
establish whether this performance exceeded chance
levels, we generated a null distribution by systemati-
cally shuffling the relationship between predictions and
true values while preserving feature data. For each
permutation cycle, we computed the same evaluation
metrics used for the true model, creating comprehen-
sive reference distributions for both MSE and R2. The
truemodel’s performancemetrics showed clear separa-
tion from thepermutationdistributions. These p-values
were 0.001 for MSE and 0.001 for R2, both falling be-
low the 0.05 significance threshold. Visual inspection of
the distribution plots showed that the true model’s MSE
value was in the lower tail of the permuted MSE distri-
bution, while its R2 value was in the upper tail of the
permutedR2 distribution. This directional alignment is
favorable because MSE quantifies the average squared
prediction error, where lower values indicate a better
fit, and thus a trueMSE significantly lower than the per-
muted values reflects non-random predictive accuracy.
Conversely, R2 measures the proportion of variance ex-
plained relative to a naive mean predictor, with higher
values indicating greater explanatory power, so a true
R2 significantly higher than the permuted values con-
firms the presence of meaningful predictive structure.
This pattern indicates that our model detects mean-
ingful patterns in the data rather than random noise.
The statistically significant results (p<0.05 for bothmet-
rics) provide strong evidence that the model performs
much better than random chance, confirming its prac-
tical usefulness for the regression task at hand.

4.2 A test event of our hybrid groundmotion
approach

To showcase the effectiveness of our hybrid ground
motion estimation approach, we analyzed the West
off Fukuoka earthquake that was not incorporated in
the CONIP model training. This earthquake struck on
March 20, 2005 (2005-03-20, 01:53:42.33 UTC), with a
magnitude of Mj 7.0 (MW 6.6) and a focal depth of 9.0
km. The hypocenter is located at 33.7392° N, 130.1763°
E, as determined by JMA. The event occurred offshore,

approximately 9 km west of Fukuoka City, a major ur-
ban center with a population exceeding 1.5million, and
generated strong shaking (JMA intensity 6-) in densely
populated areas of northern Kyushu. The earthquake
caused severe damage, including 1 death, over 500 in-
juries, and multiple buildings damaged in the vicinity
of the epicenter (Nishimura et al., 2006). This event
serves as a compelling test case due to its offshore lo-
cation near the densely populated Fukuoka metropoli-
tan area, the availability of high-quality strong-motion
records fromKiK-net andK-NET, and its established use
in previous EEWresearch as a benchmark for assessing
real-time groundmotionprediction. For this reason,we
deliberately excluded it from the training dataset and
reserved it exclusively as an independent test example,
enabling direct and consistent comparison with other
published EEWmethodologies that have also evaluated
performance on this well-documented event.
We conducted an offline simulation using KiK-net

strong-motion records time-aligned to the earthquake’s
source origin time. Fig. 8 illustrates the epicentral ge-
ometry and station layout used in this evaluation. The
results demonstrate that our hybrid groundmotion esti-
mation approach effectively captures the spatiotempo-
ral evolution of shaking intensity, highlighting its poten-
tial to enhance real-time seismic hazard assessments
during early warning.
Next, we utilize the hybrid ground motion approach

as outlined earlier to estimate the ground motions of
this event. Unfortunately, we are unable to use our
trained model for the first few seconds, as no triggered
data is available. Therefore, we begin our estimation
6.84 seconds after the event occurs. Fig. 9 displays snap-
shots of the ground motion predictions for 5, 10, 15,
and 20 seconds after the start of the estimation, corre-
sponding to 11.84, 16.84, 21.84, and 26.84 seconds after
the earthquake origin time, respectively. To illustrate
the potential impact of the event, ourmethod generates
spatially continuous estimates of seismic intensity, in
contrast to the Japannational EEWsystem,which issues
a single JMA intensity value per county-level admin-
istrative division. This high-resolution output enables
differentiated hazard assessments within the same ju-
risdiction, reflecting local variations in ground motion.
We utilize the Kriging interpolation algorithm to pro-
duce the contour map based on the estimated JMA in-
tensity on each observation site. Interestingly, our hy-
brid approach may underestimate the ground motion
at the beginning of the event, and parts of the poten-
tial damage areas may not have enough time to take ac-
tion. However, our hybridmethod can still provide use-
ful response times for those in further areas. For ex-
ample, 10 seconds after the first trigger, according to
our theoretical calculation results, only 8 KiK-net sta-
tions are triggered, but we can still provide warnings
to surrounding areas that have suffered severe shaking,
such as in Sasebo city. However, the warning times pro-
vided by our hybrid method are relatively short, typi-
cally only a few seconds, likely due to the nature of the
onsite warning approach, which we will discuss later.
To evaluate the reliability of the onsite seismic inten-
sity prediction results generated by our hybrid method,
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Figure 6 Monte Carlo simulation analysis of prediction confidence (TW=3 s). Scatter plot illustrating the relationship be-
tween prediction variance (uncertainty) and absolute error for onsite seismic intensity estimates. Each circle represents a
test sample, with higher variance indicating greater model uncertainty. The red squares with error bars denote the binned
averages of absolute error and their corresponding standard deviations within each bin of prediction variance. The black
dashed line is the linear trend line fitted to all data points, indicating an overall positive probabilistic relationship between
uncertainty and error.

Figure 7 Permutation test results for the CONIP model (TW=3 s). Panel (a) displays the null distribution of MSE from 1000
random permutations, with the red line indicating the model’s true MSE and the green line showing the mean of permuted
MSE values. Panel (b) presents equivalent results for the R2metric, demonstrating statistical significance relative to random
guessing.

we randomly select three stations in this event, namely
SAGH01, FKOH01, and KMMH02 (shown in Fig. 8), and
compare the onsite seismic intensity predictions of the
original PLUMmethod and our hybrid method for each
station, as shown in Fig. 10. It is evident from this

figure that our new method estimates seismic intensity
more rapidly, and eventually converges to the real ob-
servations. Our limit of ten seconds during our CONIP
model training means that we cannot predict the seis-
mic intensity beyond this point, whereby we choose the

9
SEISMICA | volume 5.1 | 2026



SEISMICA | RESEARCH ARTICLE | Hybrid Approach of Real-time Ground Motion Prediction for Earthquake Early Warning

Figure 8 Spatial distribution of the 2005 West Off Fukuoka Earthquake hypocenter (red star) and KiK-net stations (blue
triangles) employed in this study. Three concentric circles centered at the epicenter denote key temporal milestones in the
EEWtimeline: the innermost circle (“0 s”)marks the theoretical P-wave front locationat themomentof the first station trigger,
whichoccurred6.84 safter theorigin time; themiddleandouter circles (“10 s”and“20s”) represent theP-wave frontpositions
10 and 20 seconds after the initial trigger (16.84 and 26.84 seconds after the origin time), respectively, assuming an apparent
P-wave velocity of 6.0 km/s . A total of 8 and 21 KiK-net stations were triggered within 10 s and 20 s after the first detection,
respectively. Stations labeled with their codes (below) are referenced in Fig. 10.

value of Ir for this situation. The result will be the same
for a long TW. To quantitatively assess the performance
advantage of the proposed hybrid framework over the
original PLUMmethod, we compare the times required
to achieve a final JMA intensity estimate within ±0.1
units of the observed value across all 58 stations used
in this study during this event (Fig. 11). As shown in
Fig. 11(a), the hybrid method consistently delivers fi-
nal predictions earlier than PLUM, particularly at larger
hypocentral distances. The difference in lead time is
further illustrated in Fig. 11(b), where each data point
represents the time advantage of the hybrid approach.
For stations located within 100 km of the hypocenter,
the mean additional lead time is 5.49 seconds, with in-
dividual gains ranging from 2 to over 10 seconds. This
improvement reflects the enhanced early estimation ca-
pability of theML-basedmodel, which leverages spatial
correlations and learned patterns more effectively than
traditional single-station triggering logic.
In summary, through thedemonstrationof this event,

we illustrate the practicality of our proposed hybrid
ground motion estimation approach. However, it can
also be seen from this example that the warning times
provided by ourmethod are relatively short. We believe

this is related to the nature of the onsite warning ap-
proach and will discuss it further.

5 Discussion

We are endeavoring to integrate advanced ML algo-
rithms into the earthquake early warning (EEW) pro-
cess to enhance the accuracy of seismic intensity pre-
dictions and the practicality of the EEWsystem. Our re-
sults reaffirmed the superior performance of ML mod-
els like CONIP in rapid seismic intensity estimation. Al-
though our CONIPmodel is only a four-layer CNN-based
network and not as complex as other ML models, such
as the LSTM or transformer models (e.g., Münchmeyer
et al., 2021b), it can still provide more reliable ground
motion predictions than traditional GMPE-based meth-
ods even with short time window records (e.g. TW=1 s).
As mentioned earlier, the CONIP model has limitations
in estimating ground motion fields and can only pre-
dict onsite seismic intensities, reducing the effective-
ness of the method for off-shore events and events in
regions of minimal station coverage. To integrate the
CONIP model into an actual EEW processing system,
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Figure 9 Temporal snapshots of ground motion predictions for the 2005 West Off Fukuoka Earthquake. Subfigures (a)-(d)
depict predicted seismic intensity distributions at 5, 10, 15, and 20 seconds after initial trigger detection, corresponding to
11.84, 16.84, 21.84, and 26.84 seconds after the earthquakeorigin time, respectively. Blue triangles denoteKiK-net stations as
shown in 8, while labeled orange dotsmark the locations of Saga and Sasebo cities. Dashedblack circles illustrate theoretical
S-wave propagation fronts at each time step. Colored contour maps represent estimated JMA intensity levels across the
region, with color shading indicating intensity values on the JMA scale.

we have proposed a new hybrid approach inspired by
the practical PLUMmethod (Kodera et al., 2018). In our
hybrid approach, instead of real-time seismic intensity
calculations at each site, we use the CONIP model to
estimate final ground motion after the station is trig-
gered, while still using the original PLUM processing
strategy for ground motion field estimation. This com-
bined approach can not only maintain the high reliabil-
ity of the present PLUMalgorithmprediction results but
also promote the efficiency of seismic intensity predic-
tions. Since our CONIP mode is a lightweight model,
the time required for on-site intensity prediction is neg-
ligible, thus this hybrid approach introduces no addi-
tional computational delay. Our study shows this hy-
brid approach can provide end-users with longer warn-
ing times.

While ML models like CONIP demonstrate clear ad-
vantages in computational speed and prediction accu-
racy, their performance is inherently constrained by

two critical factors: physical limits and data depen-
dency. First,MLpredictions cannot transcend the phys-
ical boundaries of seismic wave propagation, predic-
tions cannot precede the arrival of seismic waves at a
site, and accuracy improves with longer time windows
(e.g., TW=10 s vs. TW=1 s) as more waveform informa-
tion becomes available. Second, the reliability of ML
models is highly sensitive to the quality and represen-
tativeness of training datasets. For instance, our CONIP
model exhibits reduced generalizability when applied
to regions with sparse historical seismic records (e.g.,
California orWesternChina), as highlighted in later sec-
tions. These limitations underscore the necessity of hy-
brid approaches that integrate data-driven models with
physics-based principles to balance computational effi-
ciency and predictive reliability.

During CONIP model training, it was observed that
approximately 13% of the records’ magnitude exceeded
Mj 6.0. As mentioned in the previous section, we
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Figure 10 Comparison of JMA seismic intensity predictions for stations (a) SAGH01, (b) FKOH01, and (c) KMMH02 using the
original PLUM method (gray markers) and the proposed hybrid approach (red markers). Station locations are indicated in
Fig.8.

wanted to assess how our CONIP model performs on
these events, which is a critical aspect of the hybrid al-
gorithm’s evaluation. Unlike traditional feature calcu-
lation methods such as Pd and τc, our CONIP model au-
tomatically learned deeper features during its training.
However, we did notice seismic intensity underestima-
tion, particularly when a short TW was used for larger
events (i.e., Mj>6.5). This limitation stems in part from
the pronounced class imbalance present in the training
dataset. As illustrated in Fig. 2, high-intensity ground
motion records (≥4.0) account for merely a small pro-
portion (∼3.5%) of the total data. In preliminary ex-
periments, we investigatedmitigation strategies such as
oversampling and loss reweighting to prioritize high-
intensity samples; however, these measures delivered
only marginal improvements in the prediction accu-
racy for strong shaking, arguably due to the inherently
scarce representation of such events. To preserve the
statistical fidelity of ground motion occurrence rates,
we retained the original data distribution during fi-
nal model training, while explicitly acknowledging this
constraint as a factor influencing high-intensity perfor-
mance. Moreover, according to prior research (Wu and
Teng, 2004; Wu et al., 2006; Wu and Zhao, 2006; Zollo
et al., 2006; Olson and Allen, 2005; Yih-Min et al., 2007;

Crowell et al., 2009; Wurman, 2010), such phenomena
could be linked to a lack of information when restricted
TWs are employed, particularly for large magnitude
earthquakes with long durations. This aligns with the
physical limitations discussed above, as seismic inten-
sity predictions for large events will likely be under-
estimated if the source duration is significantly longer
than the present TW. In brief, even though an ML algo-
rithm can derive more useful features from waveform
data, it cannot overcome the boundaries of physics. As
a consequence, the initial ground motion predictions
of our hybrid technique will likely be underestimated
for large events, but with TW expansion, they will be
rapidly updated to approach actual values. On the other
hand, an alternative explanation for this phenomenon
may be that the scarcity of large-magnitude events dur-
ingmodel training limits the learning of effective event-
specific features, thereby compromising the model’s
generalization performance for large-magnitude sce-
narios. Recent studies have demonstrated that applying
ground motion simulation algorithms can effectively
mitigate the adverse effects of sparse large-magnitude
data (Cui et al., 2024; Lin et al., 2023), consequently en-
hancing the applicability ofmachine learningmethods.
This constitutes one of the primary directions for future
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Figure 11 Comparison of final JMA intensity estimation time between the original PLUMmethod and the hybrid approach
during the 2005 West Off Fukuoka Earthquake (58 stations). Panel (a) shows the time (in seconds after origin time, O.T.) at
which each stationachieveda final intensity predictionwithin±0.1 unit of theobserved value,where red circles denotePLUM
results, blue triangles represent the hybrid approach. Panel (b) displays the difference in final intensity estimation time be-
tween the two approaches (hybridminus PLUM),with orange diamonds indicating the additional advance time gained by the
hybrid model. A horizontal dashed line marks the average gain of 5.49 seconds for stations within 100 km of the hypocenter.

research.
As a data-driven subject, the reliability and applica-

bility of ML models are directly affected by the qual-
ity and quantity of training datasets. Luckily, KiK-net
provides diverse historical data of a range of magni-
tudes and depths, and their quality is high. Hence, we
did not intentionally remove any data during dataset
construction. However, as previously mentioned, our
CONIP model relies heavily on specific data features,
and its accuracy in predicting ground motion, such as
seismic intensity, reduces significantly when applied to
different regions. Specifically, we conducted tests using
historical earthquake data from western China; how-
ever, due to the scarcity and highly uneven spatial dis-
tribution of available strong-motion records, unlike the
dense and uniformly instrumented KiK-net network,
the model’s predictive performance was notably infe-
rior. This regional dependency further highlights the
data-driven nature of ML models, as discussed in the
limitations section above. Through seismic prediction
residual analysis (Zhang et al., 2022), we determined
that our model learned more site and source features
from the present training dataset. Therefore, we con-
clude that our trained CONIP model does not exhibit
great generalizability. A possible solution to ensuring
reliable and stable seismic intensity predictions for spe-
cific application areas would be to retrain themodel us-
ing datasets from the area. However, this is challeng-

ing when the area has insufficient historical records. In
practice, CONIP model training typically requires tens
of thousands of high-quality, spatially diverse strong-
motion records, and regionswith significantly fewer ob-
servations often yield unstable or overfitted models. To
address this issue, we aim to construct a region-mixed
training dataset by merging data collected from differ-
ent areas such as California, Japan, and China to en-
hance model performance. We are grateful for notable
works and published ML datasets like STEAD (Mousavi
et al., 2019), INSTANCE (Michelini et al., 2021) and DiT-
ing (Zhao et al., 2023), which facilitate our research.
During the CONIP model training, we limited the TW

to 10 seconds. This was mainly due to the fact that the
majority of the seismic records in the training dataset
were close to the epicenter, within a hypocentral dis-
tance of less than 100 km. Therefore, most stations
would have recorded the S wave within the TW=10 s,
making it less meaningful to try to “predict” the max-
imum seismic intensity after the S wave had already ar-
rived. Depending on the study region, the length of the
cut-offTWmaybe adjusted accordingly based on the ac-
tual dataset. We believe that such adjustments will im-
prove the applicability of our hybrid approach. It is im-
portant to note that we did not eliminate records that
had already captured the S wave as the TW length in-
creased. One reason for this is that it would have been
difficult to do so, and another reason is that it may be
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more realistic to include such cases in practical appli-
cations. It is often challenging to accurately estimate
source parameters in short TWs, especially for large
events.
One issue worth mentioning is that in the original

PLUM method, site effects of different stations needed
to be considered for ground motion real-time estima-
tion. However, in our hybrid method, there is no such
step. One of the important reasons is that we select only
the stations adjacent to the triggering station for “un-
damped propagation” instead of all stations within 30
km. Although this may reduce the warning time pro-
vided, we assume that the difference in site effects be-
tween stations will be relatively small. Therefore, we
do not consider site effects correction in our approach.
However, we do recognize that doing so is not fully justi-
fied, as existing studies have shown that site effects are
quite complex even within a small area. Therefore, we
are trying to incorporate the spatial distribution of site
features into CONIP models to provide more accurate
estimates.
Evaluating processing performance for dense after-

shocks following a significant earthquake is also a cru-
cial aspect of our hybrid approach. As such, our hy-
brid algorithm largely relies on the processing ability
of the PLUM method, as the CONIP onsite seismic in-
tensity prediction is only engaged when the real-time
seismic intensity calculation exceeds 0.5. Therefore, re-
garding dense aftershocks, the primary function of our
MLmodel is to improve onsite seismic intensity predic-
tion. However, according to previous analyses (Kodera
et al., 2018; Cochran et al., 2019), the PLUMmethod has
an excellent performance in event detection, allowing
for no missed significant events. Hence, we anticipate
that our hybrid approach will also perform well in sce-
narios where dense aftershocks are present. A collec-
tion of aftershock sequences has been acquired to fur-
ther test this hybrid method in a future study.

6 Conclusion
Our research introduces a hybrid approach for real-
time ground motion prediction in EEW systems. This
novel methodology integrates ML algorithms with the
original PLUM method. The combination leverages
the strengths of both techniques: ML’s adaptive pat-
tern recognition capabilities complement PLUM’s ro-
bust wavefield estimation. This synergistic design rep-
resents an advancement beyond standalone implemen-
tations of either approach. Test results demonstrate
the improvements in prediction accuracy and timeli-
ness. The hybrid approach achieves higher accuracy,
both in JMA intensity amplitude and spatial distribu-
tion, in short-term predictions compared to the origi-
nal PLUM algorithm. This translates to extended lead
times (1-5 seconds earlier within in the first 10 seconds
post-origin) for end-users, providing critical additional
seconds for protective actions. Specifically, the method
reduces instances of underestimation during large seis-
mic events whilemaintaining computational efficiency.
It should be noted that the CONIP model was trained

exclusively on high-quality strong-motion data from

Japan, primarily sourced from the KiK-net. Conse-
quently, its performance is optimized for the seismic
characteristics, site conditions, and station geometry
typical of this region. The core of the hybrid approach
proposed in this study is to develop a locally tailored
CONIP model that leverages region-specific data to
achieve accurate and timely groundmotion estimation.
Direct application of the trainedmodel to other tectonic
settings, such as California or western China, may yield
suboptimal results due to differences in source mecha-
nisms, crustal structure, and, critically, the sparsity or
unevendistribution of observational data. This regional
dependency underscores the importance of local data
availability and the need for retraining or adaptation
when deploying such data-driven approaches in new ar-
eas.
The framework demonstrates practical deployment

potential in operational EEWenvironments. Its compu-
tational efficiency ensures processing delays of only a
few millisecond when generating on-site intensity pre-
dictions. The architecture leveraging CONIP’s time-
liness when a few stations’ data are available while
preserves PLUM’s stability when sufficient stations are
triggered. This balance makes the hybrid approach
suitable for integration into existing EEW infrastruc-
ture. By resolving limitations in conventional methods
while maintaining real-time performance, the hybrid
approach offers a viable enhancement for earthquake
early warning capabilities. The methodology has been
validated using real seismic data, confirming its poten-
tial to improve warning reliability in active seismic re-
gions.
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