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S U M M A R Y
To provide timely and accurate seismic alerts for potential users during the earthquake early
warning (EEW) process, several algorithms have been proposed and implemented. Some of
the most common rely on the characterization of the earthquake magnitude and location, and
then use a ground motion model to forecast shaking intensity at a user’s location. It has been
noted that with this approach the scatter in the forecasted intensities can be significant and
may affect the reliability and usefulness of the warnings. To ameliorate this, we propose a
single station machine learning (ML) algorithm. We build a four-layer convolutional neural
network (CNN), named it CONIP (Convolutional neural network ONsite Intensity Prediction),
and test it using two data sets to study the feasibility of seismic intensity forecasting from
only the first few seconds of a waveform. With only limited waveforms, mainly P waves, our
CONIP model will forecast the on-site seismic intensity. We find that compared with existing
methods, the forecasted seismic intensities are much more accurate. To understand the nature
of this improvement we carry out a residual decomposition and quantify to what degree the
ML model learns site, regional path, and source information during the training. We find that
source and site effects are easily learned by the algorithm. Path effects, on the other hand, can
be learned but will depend largely on the number, location, and coverage of stations. Overall,
the ML model performance is a substantial improvement over traditional approaches. Our
results are currently only applicable for small and moderate intensities but, we argue, could
in future work be supplemented by simulations to supplement the training data sets at higher
intensities. We believe that ML algorithms will play a dominant role in the next generation of
EEW systems.
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1 I N T RO D U C T I O N

The main goal of an earthquake early warning (EEW) system is to is-
sue alerts or notifications to people and vulnerable systems likely to
experience potentially damaging ground shaking (Allen & Melgar
2019). Many of the presently operating EEW systems accomplish
this through an indirect approach. They estimate source parameters
(hypocentre and magnitude) rapidly from the first few seconds of a
waveform or set of waveforms. After that, ground motion for tar-
get areas is forecasted by applying a suitable ground-motion model
(Goltz & Flores, 1997; Alcik et al. 2009; Allen et al. 2009; Hsiao
et al. 2009; Kamigaichi et al. 2009; Wu et al. 2013; Cuéllar et al.
2014; Hoshiba & Ozaki 2015; Zhang et al. 2016; Given et al. 2018;

Kohler et al. 2016). Recently, it has become commonplace to eval-
uate the performance of EEW algorithms based on their ability
to forecast shaking and not on the quality of the obtained source
parameters (Kuyuk & Motosaka 2009; Kodera et al. 2016; Meier
2017; Kilb et al. 2021; Saunders et al. 2022). This is reasonable
because it is ultimately shaking that leads to damage and loss of
life. In these evaluations, it has been found that although only a few
parameters are required for the point source approach, estimation
of ground motion can have significant scatter (Meier 2017). This is
mostly because any bias in the source parameters, combined with
the uncertainties in the GMMs, leads to potentially large ground
motion prediction errors. Uncertainties in GMMs arise in part be-
cause most are developed with the assumption that ground motion
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is ergodic (Anderson & Brune 1999), which means that the distribu-
tion of ground motions over time at a given site is the same as their
spatial distribution over all sites for the same magnitude, distance
and site condition (Baltay et al. 2017). As a result, propagation
through heterogeneous media with varying attenuation properties,
complex site effects, directivity and other non-ergodic processes is
not captured well. Efforts to move away from the ergodic assump-
tion are still an area of active research (Walling 2009; Dawood &
Adrian 2013; Villani & Abrahamson 2015; Landwehr et al. 2016;
Kotha et al. 2017; Sahakian et al. 2019; Kuehn & Abrahamson
2020) and would improve EEW approaches that rely on a GMM
(Spallarossa et al. 2019).

Another important outstanding issue is that most GMM-based
EEW ground-motion prediction methods assume a point source
model which can lead to unsatisfactory performance for major
earthquakes. In addition to the significant underestimation in large
magnitude events, the ground motion of multiple simultaneous
earthquakes is often overpredicted. Some proportion of events dur-
ing the intense aftershock sequences following such large events
are not captured. Once more, an example of this can be found in the
Tohoku earthquake sequence. To address these many issues, several
methods have been proposed. In PreSEIS (Böse et al. 2008), a two-
layer feed-forward neural network is used to estimate the expansion
of the evolving rupture. Yamada (2014) proposed a near/far-source
classification approach to identify the fault rupture geometry. Sim-
ilarly, Böse et al. (2012b) use the image recognition technique to
detect fault ruptures and developed the FinDer algorithm.

Recognizing this fundamental difficulty as well as the fact that it
is the ground motion that is of fundamental interest to EEW, Hoshiba
(2013) proposed a real-time ground motion prediction method based
on the Kirchhoff–Fresnel boundary integral equation. By real-time
wavefield monitoring and assumptions on the direction of the wave
propagation, ground motion at various locations can be predicted
without knowing the hypocentre and magnitude of the event. On
the basis of this method, Hoshiba & Aoki (2015) proposed a nu-
merical shake prediction approach by applying a data assimilation
technique. Tamaribuchi et al. (2014) use the integrated particle filter
(IPF) method to address overpredictions caused by hypocentre mis-
location that results from multiple simultaneous earthquake events.
Kodera et al. (2016, 2018) proposed the propagation of local un-
damped motion (PLUM) algorithm to minimize underpredictions
for very large earthquakes. These methods have been tested offline
in the United States, Cochran et al. (2019) assessed the PLUM algo-
rithm in southern California and found PLUM can be configured to
successfully issue alerts using lower IMMI trigger thresholds. Minson
et al. (2020) present a retrospective analysis of PLUM performance
and explore three potential regional alerting strategies based on the
July 2019 Mw 6.4 and 7.1 Ridgecrest earthquakes, that study shows
PLUM initial shaking forecasts can be faster than the point source
algorithm of ShakeAlert and is able to accurately forecast shak-
ing and proved to be largely immune to high-data latencies that
degraded ShakeAlert’s performance. These algorithms all offer im-
provements over the classical source parameter/GMM combination
approach, but often require a dense observation network and can
have difficulty with sparse station coverage.

Meanwhile, the amount of available seismic data has increased
significantly with the rapid growth of networks worldwide. As a
typical data-driven discipline (Kong et al. 2019) this has led to new
methodological advances, and there are potentials to find patterns
and new significant features in waveforms from these massive data
sets. Leveraging this, multiple machine learning (ML) algorithms
have been proposed in seismology. These use either hand-selected

physical features or deep learning approaches to automatically ex-
tract features to detect events (Wiszniowski et al. 2014; Zhang et al.
2014; Yoon et al. 2015; Rabin et al. 2016; Trugman & Shearer
2017; Bergen & Beroza 2018; Perol et al. 2018; Ross et al. 2019;
Chen 2020), pick phases (Li et al. 2018; Ross et al. 2018a, b, c; Yin
et al. 2018; Zhu & Beroza 2019), estimate ground motion (Böse
et al. 2012a; Derras et al. 2012, 2014; Alimoradi & Beck 2015;
Asim et al. 2017; Khoshnevis & Taborda 2018; Ochoa et al. 2018;
Klimasewski et al. 2021), provide early warnings (Böse et al. 2014;
Kong et al. 2016a,b; Fauvel et al. 2020; Münchmeyer et al. 2021a,
b), or even, and controversially, earthquake prediction and fore-
casting (Asencio-Cortés et al. 2017, 2018 ; Rafiei & Adeli 2017;
Rouet-Leduc et al. 2017; DeVries et al. 2018).

In this study, instead of estimating the earthquake magnitude
(Lomax et al. 2019; Mousavi & Beroza 2020a, b) and locating
the event (Kriegerowski et al. 2018; Mousavi et al. 2019) to then
forecast ground motion, we propose and demonstrate an on-site
algorithm that uses information from a single station to forecast
intensity at that site. We accomplish this by using a convolutional
neural network (CNN) approach. In our algorithm, which we call
CONIP (Convolutional neural network On-site Intensity Predic-
tion), only the first few seconds of a waveform (mainly P waves)
are used to train the ML model. This is consistent with the existing
on-site early warning methods. To achieve the needs of real-time
processing inherent in an EEW system, our algorithm starts the
seismic intensity forecasting from the first P-wave detection and
then updates the prediction second by second. Thus, it provides a
progressive seismic intensity prediction approach which we believe
will be very suitable for the EEW process. This is still a typical
on-site approach, but unlike the τ c and Pd algorithm (Wu et al.
2003, 2006; 2007; Wu & Kanamori 2005, 2008; Zollo et al. 2006,
2010; Peng et al. 2014, 2017), we did not extract feature parame-
ters. Rather, we estimate seismic intensity directly from available
waveforms. Additionally, we did not need to detect events (that can
be done with another standard ML or STA/LTA (Allen 1978) algo-
rithms), which we believe may provide higher accuracy earthquake
alerts to end-users. In fact, several attempts had been done during
the past few years. Käufl (2015) developed a neural network-based
methodology to determine source parameters and predict ground
motion directly. Jozinović et al. (2020) show the capability of a
CNN model to predict the intensity measurements (IMs), they use
a fixed 10 s window starting at the earthquake origin time to predict
IMs at stations far from the epicentre. Based on this, they adopt the
‘transfer learning’ (TL) methodologies to counter the lack of data
in central-western Italy (Jozinović et al. 2022). Münchmeyer et al.
2021a,b) proposed a deep-learning-based transformer earthquake
alerting model (TEAM), and evaluate its performance in Japan and
Italy. Their study shows TEAM performed significantly better than
the conventional algorithm such as for earthquake location and mag-
nitude estimation, thus it is applicable to real-time prediction and
provides realistic uncertainty estimates based on probabilistic infer-
ence. Similarly, we compare the performance of our approach to an
idealized on-site EEW system where the magnitude and locations of
the events are very well defined from a high-quality catalogue and
assume that they could be known to this high degree of accuracy in
real-time. We then estimate intensities using this ideal knowledge
of the event (which is not possible currently in real-time) com-
bined with a high-quality regional GMM. We will show that, when
judged by the errors in the intensity forecast, the ML approach far
outperforms the ideal on-site algorithm. To understand why this
superior performance is obtained, we use a ground-motion resid-
ual decomposition approach (Atik et al. 2010; Baltay et al. 2017;
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Sahakian et al. 2018) and show that much of this improvement can
be attributed to the algorithm learning source, path and site effects
specific to each region where it is applied. Trying to provide more
accurate MMI by choosing ML algorithms has been attempted with
varying degrees of success before (Kuyuk & Motosaka 2009; Böse
et al. 2012a, 2014), but few studies explained why ML models po-
tentially perform better. What do they really learn during training,
and which parts of the physical process are the most difficult to
learn by using this approach? In this paper, beyond proposing a new
algorithm we provide some answers to these questions by relying
on residual decomposition.

Finally, we note that our approach is currently limited to moderate
magnitudes and shaking intensities because that is what is most
widely available in the database of events for training. However, we
consider this to be one more step toward fully harnessing the power
of ML algorithms for EEW to learn source, site and path effects,
and to generalize this to arbitrarily large earthquakes and ground
motions.

2 DATA S E T S

Voluminous and high-quality data sets are the core part of the suc-
cess of any ML approach. To facilitate the study, several seismic
ML data sets had been published and used widely, such as STEAD
(Mousavi et al. 2019), INSTANCE (Michelini et al. 2021) and DiT-
ing (Ming et al. 2022). As most of the existing data sets are large-
scale (e.g. STEAD), it will be hard to learn useful information for a
specific small area even though massive records are contained in the
data set. Some of the data sets (e.g. INSTANCE and DiTing) were
created much later than our work and records provided in some data
sets are raw data (e.g. DiTing), and the instrument response was
not removed, which make it almost impossible to calculate seismic
intensity from the records directly. For these reasons, here we build
two data sets by using historical events that occurred from January
2000 to December 2019 in California. We download waveforms
from the Incorporated Research Institutions for Seismology (IRIS)
for two adjacent areas in California with high seismic activity. The
first is smaller and is focused around Parkfield (PK) and the second
is a large swath of Southern California centred around Los Angeles
(LA, Fig. 1). We train and test the performance of the algorithm
in these two regions as they provide examples of what is possible
with very dense (LA) and with a relatively sparse (PK) network.
Events with magnitude greater than 2.0 are included in our study,
this yields 10 827 and 12 715 historical events available in these
two regions during this period. After data download, we remove the
instrument response and detrend all traces. Phase arrivals provided
by IRIS are used to trim data from the P-wave arrival. For training,
we choose a signal-to-noise ratio (SNR) criteria to keep records
with acceptable quality. The SNR is calculated based on the ratio of
root mean square of the waveform before and after P-wave arrival
in a 3 s time window. Records with SNR ≥ 3 were used during the
data set construction, model training and testing.

Initially, for each earthquake, we download any available ac-
celerogram and broad-band seismogram in the study region. For the
big events, broad-band sensors are likely to clip at a short distance,
which will no longer be suitable at which point strong ground motion
records are needed. But most of the events downloaded are small
magnitude, thus the SNR for a large portion of the accelerograms
is significantly lower than seismograms at the same hypocentral
distance. As a result, for this study we focus only on broad-band
seismograms leaving for each of these two study regions, 13 115

(PK) and 19 144 (LA) three-channel records to include, and the
range of epicentral distance in the data sets is 0.2–190.9 km (PK)
and 0.9–227.6 km (LA), respectively. These come from 17 (PK) and
204 (LA) stations and for 4024 (PK) and 925 (LA) events separately
(Fig. 2). The magnitude range in each data set is 2.0–5.96 (PK) and
2.0–5.44 (LA), respectively. It is worth mentioning that, as most of
the events we used here usually only provide ML scale, in order to
facilitate subsequent analysis (see Section 2), we convert them to
moment magnitude (M) scale by following (Ross et al. 2018) study.
For each record, we extract peak ground velocity (PGV) and peak
ground acceleration (PGA, after differentiation) from the two hor-
izontal components (computed using the geometric mean of both
components) and calculate MMI by using the statistical relationship
provided by (Worden et al. 2012), therefore, the range of MMI in
the data sets are –2.3 to 6.0 (PK) and –1.4 to 7.2 (LA), respectively.
Like PGA and PGV, MMI is a more widely used physical quantity
that reflects the of ground motion intension, as it’s directly related to
the potential damages during an earthquake, we set it as the training
target of our CONIP model. Finally, we save all data into an HDF5
file and use this to train CONIP. In Fig. 2, we show the magnitude
and MMI distribution of records selected in our two data sets. We
have more larger magnitude (and/or higher MMI) records in the LA
data set, this also allows us to compare model performance for these
two different event distributions.

3 M E T H O D S

3.1 CNN model

A CNN is a class of deep neural networks, most commonly applied
to image and video recognition, image classification, medical im-
age analysis, natural language processing and financial time-series
(Krizhevsky et al. 2012). CNNs extract features automatically and
are able to learn them effectively. This is very different from the
traditional hand-engineered feature extraction mode. A CNN con-
sists of multiple layers, usually an input and an output layer, as well
as hidden layers. The core mathematical operation, convolution, is
usually done in the hidden layers, other operations, such as activa-
tion, pooling and fully connectedness are all carried out in hidden
layers. As a result, we only need to design the network according
to our actual needs without particular attention as to which features
the network should learn.

3.2 Model structure

The neural network that is used by CONIP contains four convolu-
tional layers, two maxpooling layers, one flattening layer and two
fully connected layers (Fig. 3). The input to the network is the
100 Hz three channel waveform data for a particular station/event
pair and the output is the predicted MMI at that same site. We train
our network to produce predictions that are as accurate as possible
across the data sets. We use the open-source neural-network library
Keras to construct the network. For training, we use a mini-batch
size of 64 and set the learning rate to 0.001. We use the mean square
error (MSE) loss function to supervise the accuracy of the predic-
tion results and the Adam optimizer. Other technical details of each
convolution layer (e.g. filters used in each convolution layer) can be
found in Table 1. For every second that has elapsed after P-wave
arrival, we use the same CNN model architecture to predict the
on-site MMI. The only difference is the shape of input data for each
time window whose length (TW) will increase accordingly. Thus,
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Figure 1. Historical events distribution of two adjacent regions [Parkfield (PK) and Los Angeles (LA)] studied in our paper. Circle size show the magnitude
of each event and colours represent the depth of events (only in the electronic version), triangles represent broad-band stations used in our study.

we have a 1 s CNN model, that makes predictions based on the
first second of P-wave data, a 3 s model, a 5 s model, and so on.
As most of the peak ground motion values will be available within
10 s in our data sets, we only trained models out to the first 10 s.
Of course, for larger events, this training window can be expanded
while keeping the model architecture the same.

3.3 Model training

For training, we first normalize all waveforms by their peak am-
plitudes and then randomly split the data into independent training
(75 per cent) and testing data sets (25 per cent). Meanwhile, for
the training data set, 80 per cent of the records are used to train
the model and 20 per cent of records were selected to validate the

results. The model was trained with only an 8-core i7 CPU laptop.
Since we do not use graphical processing units (GPU) during the
model training, the entire training process of our model is somewhat
time-consuming. On average, completing one training epoch takes
several seconds of CPU wall-time. For our modestly sized data set,
the time spent training is tolerable.

To prevent overfitting, we apply the ‘early-stop’ strategy. We halt
training as soon as the validation loss no longer improves for five
consecutive epochs. Then the epoch with the lowest loss value on
the validation set was selected as the best model. For our study, we
typically need 50–60 epochs to obtain the ‘lowest loss’ CNN model.
As mentioned earlier in our paper, we start on-site MMI prediction
at the P-wave detection time and will update the prediction every
second. As the time window (TW) length increases, the shape of
input data will increase accordingly, so we train separate models
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(a) (b)

(c) (d)

Figure 2. Statistical of selected seismic records distribution in two data sets (PK and LA) separately. These two data sets include 13 115 (a) and 19 144 (b)
records, respectively. The bottom left-hand panel in (a) and (b) shows the distribution of magnitude versus MMI in each data set, and the up and right panels
in (a) and (b) are the magnitude and MMI histograms, respectively. Similarly, the bottom left-hand panel in (c) and (d) shows the distribution of magnitude
versus epicentral distance in each data set and the right-hand panels in (c) and (d) are the epicentral distance histograms.

Figure 3. Cartoon depicting the CNN workflow for on-site MMI prediction, where Conv1D means 1-D convolution layer, MaxPooling1D means max pooling
operation for 1-D temporal data. In addition to these layers, fully connected layer, dropout layer and flatten layer are essential components of a CNN model.
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Table 1. Detail of the layers that used in our study.

L1 L2 L3 L4 L5 L6 L7 L8 L9
Name Conv1D Conv1D MaxPooling1D Conv1D Conv1D MaxPooling1D Dense Dropout Dense

Size/rate 9 9 3 9 9 3 128 0.5 1
Filters 128 128 - 64 64 - - - -
Activation ReLU ReLU - ReLU ReLU - ReLU - Linear

Figure 4. Model training and validation loss changes with epochs for (a) PK and (b) LA separately. The training and validation losses decline rapidly with
epochs increase and gradually stabilized after 40–60 epochs for both PK and LA region.

for each TW based on the same model architecture. A priori, one
expects that, when a longer TW is chosen, MMI predictions should
be more accurate than with a shorter TW. As a result, based on the
same CNN structure, we should be able to provide a progressive
approach to forecasting MMI. Existing on-site EEW algorithms
source parameters and ground motion forecasts are usually gener-
ated from a 3-s TW. Because of this, in this paper, as a benchmark
for comparison with existing approaches, we focus mostly on the
CNN model with a 3 s TW. We note that only records for which
the peak values were not reached during a specific TW length were
used to train each model.

To evaluate performance, we use a loss history curve. In Fig. 4,
we show the results for the training and validation data sets as a
function of the number of training epochs for TW = 3 s in both
PK and LA data sets. As shown in this figure, both the training
and validation loss history have highly consistent trends. At the
early stage of the model training, the model loss is always high but
decreases rapidly after a few epochs. This pattern is seen in both
PK and LA data sets, which reflects that the CNN model used in
our study is suitable. After 50–60 epochs, validation loss gradually
stabilizes, and we can then obtain the best model for a particular
TW.

3.4 Idealized on-site algorithm

In order to compare the performance of CONIP against traditional
EEW approaches, we also build an idealized on-site algorithm.
For each event, we assume the magnitude and location from the
COMCAT catalogue and use the BSSA14 GMM (Boore et al. 2014)
to forecast shaking intensity at each individual site. The BSSA14
GMM is part of the NGA-West2 family of ground models and was
designed specifically for use in California. For each site, we also
consider the Vs30 values from the hillslope proxy map provided by
the USGS (Allen & Wald 2009).

3.5 Residual decomposition

To understand specifics about the performance of both the idealized
on-site EEW approach and CONIP, we quantify how much of the
misfit between observed and predicted intensities is due to errors
in characterizing the source, site, and path effects. For this, we use
a residual decomposition approach. The residual, δij, for a specific
event, i, and station, j, pair is defined as the difference between an
observed (Iobs,ij) and a predicted (Ipred,ij) intensity such that

δi j = ln(Iobs,i j ) − ln(Ipred,i j ). (1)

The observations are determined from the measured waveforms
and the predictions are either from the idealized EEW algorithm
where magnitude and location are perfectly known or from the
CNN approach.

We thus have two sets of residuals between which we can com-
pare: GMM from the traditional EEW approach, and CONIP from
our algorithm. Residuals reflect a misfit between what is observed
and what is expected, and it is possible to decompose them to sep-
arate which part of the discrepancy can be ascribed to the source,
to the path and to the site. We use a mixed-effects maximum like-
lihood approach (Pinheiro & Bates 2000), similar to Abraham-
son & Youngs (1992) and Stafford (2014)), which solves for fixed
effects—terms that are unaffected by data set selection, and random
effects—biases that arise due to the data set selection. Typically,
with an intensity measure as the predictive parameter, the remain-
ing terms in the GMM functional form (such as magnitude and
distance) are inverted for fixed effects (Brillinger & Preisler 1984,
1985; Abrahamson & Youngs 1992; Sahakian et al. 2018), and in-
dividual event (and occasionally site) corrections as random effects.
The benefit of using a maximum likelihood mixed-effects approach
as opposed to a pooled, ordinary least-squares inversion, is that the
resulting values of each random effect consider the uncertainties of
other random effects (Abrahamson & Youngs 1992; Sahakian et al.
2018).
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 5. MMI prediction performance. Panels (a) and (c) are prediction residual (observe minus predict) of validation data sets for PK and LA model
separately, (e) and (g) are prediction residual by using ground motion prediction equation (GMM) for PK and LA on validation data sets separately. The
right-hand panel shows the histogram of each scatter.

Because we compare two different types of models and do not
regress the observations with a functional form (i.e. we are not trying
to build a ground motion model), we use the total residual (δij) as
data. The residual for any event-station pair (δij) can be represented
as a combination of a bias term a for the entire set of residuals,
a correction or term for each event i (δEi), a correction term for
each site j (δSj) and a remaining term (δWSij) that represents the
remaining uncertainty.

δi j = a + δEi + δSj + δW Si j . (2)

Here, the bias term a is the only fixed effect. We solve for
‘event’ (δEi) and ‘site’ (δSj) terms as random effects. The remaining
residual, δWSij, is generally considered a combination of the path
correction for the ith earthquake recorded at the jth station (δPij),

as well as remaining aleatory uncertainty (δW 0
i j ):

δW Si j=δPi j + δW 0
i j . (3)

We do not attempt to separate these latter two terms, but rather
assume that most of δWSij, represents effects along the path, and
take this to be our ‘path term’.

It is worth noting that in the case of the traditional EEW approach,
the GMM residual population here is compared to the BSSA14
model as described in the above section. This model was developed
on events M > 3, but we extrapolate do M2 for our data set. While
not ideal, we require this magnitude range to develop our CNN, and
desire to perform a direct comparison between our residuals, and
those of the more traditional approach.
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CNN-based on-site intensity prediction for EEW 2193

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 6. MMI prediction residual for unseen data (January to June 2020) in two regions. Panels (a) and (c) are prediction residuals (observe minus predict)
when the trained model is applied to unseen data for PK and LA separately, and (e) and (g) are prediction residuals by using the GMM-based method. The
right-hand panel shows a histogram of each population.

4 R E S U LT S

4.1 Model prediction performance on testing data sets

After training is complete, we verify the MMI prediction accuracy
of the model by using the testing data sets. In Figs 5(a)–(d), we
plot the MMI prediction residual (observed minus predicted) for
both data sets. To make comparisons with traditional methods (e.g.
τ c and Pd methods), only TW = 3 s was analysed in our paper.
Overall, MMI prediction residuals for CONIP for both LA and
PK are relatively small, although they retain a systematic but very
slight overestimation for both data sets. The mean and standard

deviation of the total prediction residual for each test data set is
–0.204 ± 0.29 and –0.191 ± 0.41 separately. Figs 5(e)–(h) shows
the same analysis but for the idealized on-site GMM-based MMI
prediction approach. Recall that here we assume that the event
location and magnitude are the same as in the earthquake catalogue.
The results show much higher residuals with means and standard
deviations of –0.184 ± 0.70 and 0.254 ± 0.57 for the PK and LA
data sets. In addition, we observed a few outliers in Figs 5(a) and
(c). After verifying our data set, we find all of them are caused by
instrumental artefacts in the waveforms. Since these account for a
very small part of the data set, we did not deliberately remove them.
In the supplemental material, we provide a full list of the MMI
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

(i) (j)

(k) (l)

Figure 7. Path (δWSij), source (δEi) and site (δSj) component in MMI prediction residuals for PK data set. Panels (a), (e) and (i) scatter plots for our CONIP
method and (c), (g) and (k) are scatter plots for the GMM method, the right-hand panel shows the histogram of each scatter.
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(a) (b)
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(e) (f)
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Figure 8. Similar to Fig. 7, but for the LA data set.
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2196 Z. Hongcai et al.

prediction for using GMM and CONIP in both PK and LA regions.
We upload the MMI prediction result for each station–event pair to
the supplemental material.

4.2 Model prediction performance on unseen records

To further demonstrate and verify the practicality and reliability
of the trained model, we download more recent events from IRIS
(January to June 2020), and we use the same records selection
criteria (M > 2.0, SNR > 3, and broad-band seismograph only) and
same data pre-processing process to build two new testing data sets.
After that, we test the CONIP prediction performance. As shown in
Figs 6(a)–(d), with these completely new records that were never
seen during the model training, the model is still capable of quite
accurately estimating MMI by using the first 3 s waveform, and
MMI estimation residuals are 0.106 ± 0.36 and –0.131 ± 0.43,
respectively. But for the GMM-based seismic intensity prediction
method (Figs 6e–h), the MMI estimation residuals are –0.288 ± 0.72
and 0.351 ± 0.54, respectively. The MMI prediction of each unseen
record is also uploaded to the supplemental material.

4.3 Residual decomposition

Using the mixed-effects approach outlined above we decomposed
the MMI prediction residuals into three categories, path effects,
dP, source effects, dE and site effects, dS, for both regions and
for both CONIP and the idealized on-site approach (Figs 7 and 8).
Compared with the GMM-based method [subfigure (c), (g) and (k)
in Figs 7 and 8], CONIP clearly shows much better performance. We
observe significantly less scatter in the residuals whether in the path,
the source, or the site aspects. We also observe an unbiased residual
distribution in both data sets, which is a very important feature of
the CNN approach as this will also result in a more robust ground
motion prediction performance when applied to actual processing
systems.

Fig. 7 shows that in PK data set the scatter for CONIP, compared to
the idealized approach, is two times smaller for dP, for dE the scatter
is three times smaller, and for dS the scatter is eight times smaller.
The mean of the MMI prediction residuals for each contribution
are 0.0 ± 0.23 (dP), 0.012 ± 0.07 (dE) and –0.01 ± 0.05 (dS)
for our CONIP, and 0.0 ± 0.46, 0.056 ± 0.22 and 0.097 ± 0.41
for the GMM-based method correspondingly. And in the LA data
set (Fig. 8), the scatter in dP is 1.2 times smaller, for dE it is two
times smaller and for dS is three times smaller for CONIP. The
mean MMI prediction residual for each aspect is 0.0 ± 0.27 (dP),
0.018 ± 0.11 (dE) and 0.008 ± 0.11 (dS) for our CNN method, and
0.0 ± 0.33, –0.009 ± 0.22 and 0.091 ± 0.35 for the GMM-based
method correspondingly.

5 DISCUSSION

5.1 Improvements over traditional on-site algorithms

In comparison to typical on-site early warning methods, the CNN-
based approach does not need to know the hypocentre or the mag-
nitude of the earthquake to forecast shaking intensity (Böse et al.
2012a). This leads to significant improvements in the method’s abil-
ity to generate more accurate seismic intensity estimation (Fig. 5)
with the same limited waveform. From an applications perspective,
the main difference is we estimate MMI directly, rather than obtain-
ing seismic intensity estimation based on source parameters and a

Figure 9. R2 score changes with time windows (TW) grow. R2 score grad-
ually increased with TW expansion, which represents the model fit better
when more waveform were available.

GMM, thus error propagation (from the source parameters to the
GMM) will be significantly reduced.

In this paper, we graded the performance of the algorithms by
studying the MMI estimation residuals (Fig. 5). For the ideal on-site
algorithm case, we used the BSSA14 GMM relationship (Fig. 5)
proposed by Boore et al. (2014), This is one of the NGA-West2
GMMs (Bozorgnia et al. 2014) and is specifically designed for use
in California. When using the GMM we assume the earthquake
magnitude and hypocentre from the COMCAT catalogue and as
such that they are already very well constrained. We also obtained
Vs30 for each site by using the terrain-slope proxy approach and a
high-quality digital elevation model (DEM), specific Vs30 values
for each station can be found in the supplemental material. As shown
in this figure (Fig. 5), even in this ideal situation, we observed
a significantly better MMI prediction performance from CONIP
over the GMM-based method. The mean residuals for these two
approaches are –0.184 ± 0.70 and 0.254 ± 0.57, respectively. In
actual real-time performance, a traditional on-site algorithm would
indubitably perform worse. There would be magnitude and location
errors resulting in a larger scatter in the MMI estimation.

This improvement is to be expected. It is well known that GMMs
are usually generated by using data at multiple stations during dif-
ferent events and in various source regions, thus it is a regional or
even global average. In contrast, as the CNN model, we present here
is trained based on local event data, it learns more local features
leading to better MMI estimation. It is possible that a GMM that
was estimated specifically from the same restricted region produces
a smaller prediction residual. However, as we discuss in the next
section because the vast majority of GMMs are still obtained as-
suming ergodicity, it is still unlikely that a regional model would
perform better than our CNN-based method.

CONIP can also provide progressive MMI prediction when new
data become available. This can better meet the actual demands
of a system during the EEW process. The on-site MMI prediction
starts as soon as the P wave is detected, we then update the prediction
second by second until the peak value is reached. Theoretically, with
the TW increase, MMI estimation accuracy from the CNN model
should also increase. To exemplify this accuracy, we calculate the
R2 score, which represents the proportion of the variance for a
dependent variable that is explained by an independent variable, or
variables, in a regression model. The R2 score is between 0 and 1,
where 0 means the model was very poorly fit and 1 means a perfect
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Figure 10. On-site MMI real-time prediction for EEW. Station code: NC.BBGB, event ID: 73 292 360, catalogued magnitude: 4.71, focal depth: 9.7 km and
hypocentre distance: 22.4 km. Panels (a), (b) and (c) are the three-channel velocity history and (d) shows the predicted MMI changes with TW.

fit. As shown in Fig. 9, even with only the first second waveform the
R2 score is around 0.73, and gradually increased with TW, which
is also consistent with our expectations. In Fig. 10, we randomly
select a record to show the potential real-time MMI prediction
performance of CONIP. As can be seen from this figure, with just
the first few seconds’ waveforms, we are able to predict the MMI
value with very good accuracy. For the first 4 s, the progressive
MMI prediction is 3.57, 4.73, 4.99 and 4.85, respectively while the
observed MMI is 4.82. Note that we just provide MMI prediction
for the first 4 s and PGV of these record arrivals at 4.48 s. Although
this leading time is quite small, as the MMI prediction is very
accurate, CONIP will be still useful for part users. For example,
factories can automatically stop the power supply to avoid more
losses caused by the earthquake, high speed trains can automatically
activate emergency braking procedures and slow down their speed
to prevent derailment.

5.2 What has the model learned?

As noted, the CNN model far outperforms the traditional on-site al-
gorithms even in the ideal situation when magnitude and hypocentre
are very well known. It is evident that CONIP extracted and learned
more useful features that lead to more accurate MMI estimation
under the same situation.

To understand what the model learned during the training we
applied the MMI prediction residual decomposition (Figs 7 and 8;
Sahakian et al. 2018; Baltay et al. 2017). Fig. 7 shows the com-
parison between path, source, and site residuals for the PK model.
The improvement in all three is dramatic (between a factor of 3
and a factor of 8). Figs 11, 12 and 13 show the geographic distri-
bution of each of these terms. In the case of the source residuals,
in the GMM approach, there are systematic clusters of events that
have either high or low residuals, indicative of some particulari-
ties of the source processes for those cluster (such as elevated or
lowered stress drops). Though some of these same patterns are still
somewhat recognizable in the CONIP residuals, many of them have
disappeared. This indicates that CONIP has learned to recognize
these effects from the waveform data. Likewise, the site effects are
greatly reduced, and sites that show significant site effects (despite
the GMM including Vs30) have now much smaller residuals. Once
more CONIP has learned that some sites systematically amplify or
dampen shaking intensity.

More impressive is the factor of 2 reductions in the path effect
residuals for PK. In Fig. 13, we have binned the model domain in
5 km cells and connected each site and path via a straight line. We
then obtain the mean value of dP, the path residual, inside of each
cell from all the rays that cross it. This is a first-order approximation
to try to understand which paths systematically amplify or dampen
intensity. We only plot cells with more than 50 rays crossing it. The
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Figure 11. Comparison of source component dE in the MMI prediction residuals for PK [(a) and (b)] and LA [(c) and (d)] separately. Panels (a) and (c) are
for our CONIP method, (b) and (d) for GMM-based method.

figure reveals that, for example, paths that cross the San Andreas
fault have systematically lower residuals; the ground motions are
lower than expected. This likely shows that the fault damage zone
dampens energy in the frequency range of the intensity measures
studied here, perhaps due to lower Q due to a reduced shear modulus
(Li et al. 2006; Cochran et al. 2009), or from scattering attenuation
induced by heterogeneous velocity structure (Sahakian et al. 2019).
Likewise, in the mountains either side of the fault, lower attenua-
tion leads to paths with systematically higher residuals. In CONIP,
while these patterns are still faintly seen, they have much smaller
values. In particular, the effect of the SAF dampening the intensities
disappears almost completely.

The results for the LA model are similar (Fig. 8) with significant
reductions in the source effects (Fig. 11) and site effects (Fig. 12),
in particular compared to the site residuals of Parker et al. (2020).
However, the reduction in the path effect residual is more modest.
The scatter is reduced from 0.33 in the GMM approach to only 0.27
in CONIP. This is also apparent in the geographic distribution of the
path residuals (Fig. 13). For example, the elevated residuals for paths
that cross the Transverse Ranges and the San Bernardino Mountains
are lower, yes, but remain elevated in the CONIP results. In the LA
model most of the improvement comes from the source and site
effects being much smaller. This is likely due to the dimensions of
the geographic domain and the number of rays that cross each of
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Figure 12. Comparison of site component dS in the MMI prediction residuals for PK [(a) and (b)] and LA [(c) and (d)] separately. panels (a) and (c) are for
our CONIP method, (b) and (d) for GMM-based method.

the cells. Figs 13(c) and (f) also shows that in the smaller PK model
we have on average 265 rays crossing any given cell. Meanwhile,
in LA this number drops to 131. It is likely that there isn’t enough
data in the bigger LA Model region to make a more substantial
improvement in the path effects.

Despite this, CONIP still far outperforms the idealized GMM
approach. The reduction in the site and source effects is still mean-
ingful enough that it leads to an almost factor of 3 improvement
(Fig. 8) in the overall performance in the LA model. Similarly, the
results also show that even when the network is relatively sparse,
as in the PK model, as long as there are enough events for training
the performance can also be significantly improved. These results

agree with the findings of a side-by-side comparison of ML ground-
motion estimation and traditional empirical GMMs (Klimasewski
et al. 2021). Though less sophisticated, this work found that artificial
neural nets (ANN) seem to learn regional site and path behaviour,
providing more site-specific estimates of ground motion.

5.3 Present limitations of the approach

As shown in our paper, the CNN-based intensity prediction method
proposed is very reliable, and our study shows that advanced ML
algorithms have good prospects for application in the field of EEW.
However, there remain numerous improvements to be made. As
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Figure 13. Comparison of path component dP in the MMI prediction residuals and for PK [(a) and (b)] and LA [(d) and (e)] separately. panels (a) and (d) are
for CNN-based method, (b) and (e) for our CONIP method. Panels (c) and (f) are contour maps of the number of ray traces for path effect decomposite analysis
for PK (c) and LA (e) data set separately.

with most on-site early warning algorithms, for sequences of events
especially during aftershocks that follow a bigger main shock, our
method may not be able to perform well. The premise behind the
CONIP approach is that the input (limited) waveform is the initial
stage of the earthquake. From this, CONIP will predict the seismic
intensity. When multiple events occur simultaneously in a short
period of time, it will be difficult to distinguish the coda of one event
from the initial P waves of another. Training with more complex
data sets can potentially ameliorate this.

Readers may have noted that we set the borders of the two study
regions somewhat arbitrarily. For a truly operational setting con-
sidering major geological boundaries when training regional algo-
rithms would likely be warranted. One of the research goals of the
study is to assess whether the ML models trained from these two
adjacent regions share a certain consistency, and what factors lead
to the differences. We set the dimensions of the LA region almost
two times larger than PK, as we also want to find if the ML model
is still robust in different spatial ranges. Our findings are that after
choosing a different scope, the trained models are very different so
for operations, this is certainly an issue that will warrant careful
thought. Additionally, larger domains will have more varied path
effects and so will require larger training data sets (as is the case
with the LA domain).

Perhaps the largest current limitation of the approach we show
here lays in the magnitude (and intensity) of the training data. We

are limited by actual available historical events in the catalogues
and data sets. In this work, most of the events that we used during
the CNN training are smaller magnitude events and moderate inten-
sities, with most of the stations at local to regional distances from
the epicentre. Therefore, as currently formulated whether the algo-
rithm will generalize well to high-intensity records is unknown and
perhaps unlikely. Additionally, it is by nature a region-dependent
algorithm that learns the specifics of source, site, and paths in said
region. Its performance outside of the training region will also likely
be limited. To expand the algorithms’ reliability to higher intensities
and larger magnitude events it is likely that simulation will play a
big role. Fully deterministic modelling of ground motion for large
(∼M7) continental earthquakes is still a computationally very in-
tensive task but it is becoming possible to model out to frequencies
as high as 10 Hz (Rodgers et al. 2020). Future methodological im-
provements and GPU computing promise to make these approaches
more accessible. Semi-stochastic methods for large earthquakes
(Frankel et al. 2018) also continue to improve and can now in-
clude realistic P waves in addition to the strong-shaking component
(Goldberg & Melgar 2020), these could also be potentially used to
generate synthetic waveforms for training. Whatever the solution,
the results we detail here are an initial step, we firmly believe that
ML approaches will generate more accurate MMI estimations for
other regions.
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CNN-based on-site intensity prediction for EEW 2201

As we mentioned repeatedly in our paper, the CNN-based method
is just a single station on-site approach, which is easier to implement.
As currently coded, it cannot benefit from valuable information
provided by other sites in the network also measuring the ground
motion wavefield. Future improvements will include a network-
based CNN.

6 C O N C LU S I O N

Based on advances in ML algorithms we constructed a four layers
CNN model to predict on-site seismic intensity in real-time. To test
the approach, we built two separate data sets and demonstrated good
performance in both. Specifically, when compared with an ideal on-
site algorithm that uses the best catalogue information available
for each earthquake, our CNN-based method produces forecasts of
seismic intensity that are much more accurate and from only lim-
ited portions of the P wave part of the waveform. We decomposed
the MMI prediction residuals for both the CNN approach and the
ideal on-site algorithm. The results show that the CNN model eas-
ily learns site and source effects. It also learns path effects, but this
is a harder task that depends largely on having enough sources to
station pairs that sample many potential paths in a given region.
Overall, this makes up the shortcoming of the GMM-based seismic
intensity estimation methods which assume ergodicity of ground
motions. Our method is currently only applicable to small and mod-
erate intensities since that is what is most commonly available in
the catalogue of events, but we argue it could in future work be
supplemented with simulations. In short, while this is a proof of
concept, we believe the research shows that ML-based forecasting
of shaking intensities has good prospects for success in future EEW
systems.
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