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The spatially variable nature of earthquake ground motions cause localized structural dam-
age and unpredictable structural responses near rupture zones. Whilst there are existing
seismic sensor networks that record ground motions, these stations are too sparsely located
to capture the shaking intensity variations between them accurately. This limitation directly
complicates critical challenges such as rapid emergency coordination, region-specific infras-
tructure engineering, and targeted seismic risk reduction strategies. Since ground shaking
cannot be directly measured at unsensored sites, this uncertainty creates significant risks for
these priorities. To address this, intensity measures (IMs) at unsensored locations must be
estimated through prediction or simulation. However, accurately modelling ground motion
remains a complex challenge due to multiple barriers: (1) limited availability of reliable
datasets; (2) gaps in existing seismic records due to uneven sensor coverage or data loss;
(3) contamination of data by noise from non-seismic sources (e.g., human activity, equip-
ment errors); and (4) the intricate, nonlinear relationships between interdependent physical
variables governing seismic behaviour, such as soil properties, fault mechanics, and wave
propagation dynamics. In this study, a graph neural network (GNN)-based model (called
spatio-vectorial model for estimating earthquake IMs, SV-MEIM) is proposed to predict
cross-dependent vector of ground motion IMs accounting for the spatial variability. In
particular, GNN model consists graph attention (GAT) blocks along with multi-layer per-
ceptron blocks. This spatial and vectorial regression is conducted via node-level regression
of GNNs. In contrast to traditional ground motion models which do not take into account
the spatial and cross IMs relationships, the GNN-based model offers a solution that esti-
mates the vector of ground motion IMs across a regional area. The proposed model uses
IMs such as spectral accelerations (Sa) from a network of stations and their site-specific
characteristics like the average shear wave velocity in the top 30 metres of soil (Vs30) to pre-
dict IMs at sites without sensors. Node attributes include the IMs at sensor locations and
their site-specific characteristics (like Vs30), while the edge attributes represent the spatial
relationships, incorporating the differences between Vs30 and polar distances between sites
(this accounts for distances and relative angles). The node attributes are transformed using
a novel exponential transformation to preserve the signs and scale of the values in the graph
computations. The model is trained and validated using the next-generation attenuation
(NGA) west-2 database of ground motion records. Statistical evaluations demonstrate that
the GNN-based model achieves high predictive accuracy across multiple IMs and performs
comparably to state-of-the-art methods. Notably, the GNN architecture requires less train-
ing data than conventional deep learning approaches, as node masking inherently reduces
input dimensionality while maintaining predictive performance. The proposed SV-MEIM
model enhances earthquake resilience by providing actionable tools for critical post-disaster
priorities and long-term risk management. By delivering high-resolution shaking intensity
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estimates at unsensored locations, it enables rapid emergency response strategies—such
as optimizing evacuation routes and prioritizing resource allocation. For infrastructure
stakeholders, the model supports risk-informed decision-making by identifying buildings
and lifelines (e.g., bridges, hospitals) most vulnerable to localized ground motion. The
model further aids in generating high-fidelity shake maps for public alerts, insurance risk
modelling, and recovery planning, collectively reducing economic losses and accelerating
post-event recovery by minimizing downtime in critical systems.

1 Introduction

Earthquakes are natural geophysical phenomena resulting from the sudden release of energy
along geological fault lines, typically occurring at tectonic plate boundaries [1]. These
seismic events generate ground motion that varies spatially and temporally, with each event
producing a distinct ground motion pattern from the rupture source [2, 3]. The severity
of ground motion directly correlates with the extent of localized damage to infrastructure,
human life, and economic systems in affected regions [4, 5].

To monitor and record seismic activity, global and regional seismic sensor networks have
been established. These networks record the ground motion waveforms which are commonly
quantitied through intensity measures (IMs) such as peak ground acceleration (PGA) and
spectral acceleration (Sa) [6]. Despite their utility, the spatial distribution of these sensors
is often sparse due to logistical, financial, and geographical constraints [7]. Consequently,
there are significant gaps in data coverage, particularly in remote or densely populated
urban areas where comprehensive seismic monitoring is critical [8]. These gaps hinder
the ability to accurately capture the spatial variability of ground shaking during seismic
events, limiting the effectiveness of early warning systems, emergency response planning,
and seismic hazard assessments [9, 10].

From a public safety perspective, communities that are unaware of their seismic risk are
more susceptible to loss of life and property during an earthquake [11, 10]. Structural
failures in densely populated urban areas not only can lead to high casualty rates, but also
result in long-term economic consequences hindering recovery efforts and placing additional
strain on national resources [4, 12]. Implementing robust seismic hazard and risk models
enhances the effectiveness of emergency services, facilitates risk-informed decision-making,
and ultimately contributes to saving lives [13, 14].

Furthermore, the occurrence of secondary casualties, such as those caused by delayed rescue
efforts or infrastructure failure, highlights the need for improved monitoring methods [8, 9].
While new seismic stations can be installed to cover unsensored areas, they are expensive
to design, deploy, and maintain [15, 16], and are often susceptible to damage or destruction
during large seismic events [17].

The most utilitarian alternative is to use the recordings from the existing sensor network and
spatially propagate the shaking (quantified using IMs) through different models. Without
an appropriate model, it is challenging to accurately determine the spatial distribution of
IMs that correlate with the extent of damage in each area [18, 2]. Reliable implementations
of such models can enable emergency response teams, infrastructure designers, and policy-
makers to use the IM estimates for rapid decision-making and minimize potential damage
and associated risks [19, 20].
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Typically, ground shaking has been modelled through ground motion models (GMMs) also
known as ground motion prediction equations (GMPEs). Early GMMs primarily relied on
established statistical regression techniques to develop empirical relationships between the
source and site parameters and the ground motion intensity at the site [21, 19, 22, 23, 24].
The GMMs are developed using historical earthquake records to estimate IMs such as PGA

and Sa with input parameters such as moment magnitude (M), closest rupture distance
(Rrup), soil’s average shear wave velocity (Vs30), and others. Despite their computational
efficiency and widespread use in probabilistic seismic hazard analysis (PSHA) [25], tradi-
tional GMMs face several inherent challenges. One of the most significant limitations is their
reliance on predefined forms and the inability to effectively capture complex non-linear re-
lationships that arise in ground shaking processes [19, 26]. Furthermore, these models often
neglect explicit spatial correlation modelling between the sensor locations, thereby provid-
ing independent predictions for each site without accounting for the spatial dependency of
ground motions [27]. This limitation can lead to inaccuracies, especially when modelling
regional ground motion fields [20].

The emergence of machine learning has revitalized research in ground motion modelling,
leading to the development of deep learning-based generalized ground motion models (GGMMs)
[28, 29, 30]. Unlike traditional GMMs, GGMMs leverage deep neural networks to capture
complex, non-linear relationships inherent in ground motion IMs. These models utilize
large-scale mathematical representations, allowing them to fit intricate patterns in IMs
recorded by seismic sensors, which naturally exhibit non-linear dependencies with predictor
variables such as M , Rrup, and Vs30 [28].

Consequently, numerous specialized neural network architectures have been proposed to
advance this field [31, 32, 33, 34, 35, 36]. For example, Fayaz et al. (2021, 2023) introduced
a deep learning-based GGMM that employs a recurrent neural network (RNN) framework
to simultaneously predict multiple IMs [37, 38]. Their approach integrates long short-term
memory (LSTM) units to effectively capture complex sequential dependencies within the
vector of amplitude-, duration-, frequency-, and energy- based IMs while preserving cross-
IM correlations.

However, despite these advances, these GGMM do not incorporate spatial dependencies,
restricting its predictive capabilities to existing sensor locations without providing estimates
for unsensored areas. This limitation highlights the need for models that can integrate both
temporal and spatial information to fully capture the spatial variability of ground motions
[13, 32].

Another approach by TISER-GCN [39] constructs a graph from seismic waveforms using
convolutional neural network (CNN) layers. This graph-based model leverages graph convo-
lutional networks (GCNs) to capture spatial relationships and dependencies between seismic
stations. However, this CNN-based transformation operates as a ”black-box,” offering lim-
ited interpretability regarding how the graph structure is derived from the waveform data.
This lack of transparency raises concerns about the robustness and generalizability of the
model, particularly when applied to diverse seismic environments. Furthermore, the model
is constrained to predicting only five IMs per node, which restricts its applicability for
comprehensive seismic hazard assessments. Another limitation of the study includes that
it doesn’t test the predictive performance through absolute evaluation metrics such as the
coefficient of determination (R2) The omission of these evaluation tools limits the model’s
ability to be systematically compared against other approaches and hinders its usability in
practical decision-making contexts.
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Other spatial-based models, such as Zhang et al. [40], leverage spatio-temporal graph
structures to enhance prediction accuracy, however they do not predict IMs but rather aim
to predict the longitude, latitude, depth and M of the earthquake event. Whilst this can be
useful for classifying earthquakes, it does not present the inherent response during ground
shaking.

In this study, a novel spatio-vectorial model, termed SV-MEIM (spatio-vectorial model for
estimating earthquake intensity measures) is proposed. SV-MEIM leverages graph neural
networks (GNNs), specifically graph attention networks (GATs), for the spatial prediction
of ground motion IMs. SV-MEIM explicitly integrates spatial dependencies by representing
seismic stations and their interactions as a graph structure. The model applies GATs to dy-
namically assign adaptive attention weights to neighbouring nodes, allowing it to selectively
focus on the most relevant seismic stations and mitigate noise from less informative connec-
tions [41]. Furthermore, GATs excel in irregular, non-Euclidean domains by dynamically
weighting station interactions based on learned importance, improving robustness against
missing or imbalanced data. Additionally, the study proposes a novel transformation for
IMs to effectively stabilizes the lognormal nature of IMs and preserve signs and scale to
inherent the physics of the IMs in graph computations.

The SV-MEIM framework extends beyond traditional approaches by incorporating a vecto-
rial representation of IMs, PGA and spectral acceleration (Sa) at various periods, alongside
site characteristics and inter-station distances. This enables the model to jointly learn
spatial correlations and cross-IM dependencies, providing a more comprehensive under-
standing of seismic event dynamics. Additionally, by formulating seismic data as a graph
learning problem, SV-MEIM is capable of estimating IMs at unsensored locations, effec-
tively increasing the spatial granularity of hazard predictions. The proposed approach is
particularly advantageous in real-world seismic networks, where station coverage is often
sparse and geographically uneven.

By integrating physics-based principles with machine learning, SV-MEIM advances earth-
quake rapid response models and seismic hazard assessment. Its ability to estimate spatial
IMs across large regions contributes to reducing uncertainty in hazard prediction, thereby
enhancing early warning systems, infrastructure resilience planning, and post-earthquake
recovery efforts. Ultimately, SV-MEIM aims to minimize economic losses and casualties,
supporting more effective disaster response strategies and improving seismic resilience at
both local and regional scales.

2 Conceptualisation

Modelling seismic networks through graph theory offers an effective means of capturing the
spatial dependencies inherent in ground motion IMs. In this study, the seismic network
is conceptualized as an undirected weighted graph G = (V,E,A), where V represents the
set of nodes (seismic stations), E denotes the set of edges (spatial relationships between
stations), and A is the adjacency matrix encoding the connectivity and strength of the
relationships.

2.1 Graph Construction

Each seismic station is represented as a node vi ∈ V . Connections (edges) between nodes
are established based on the geographical proximity of the stations, ensuring that the graph
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structure reflects real-world spatial relationships. To quantify the distance between sta-
tions, the Haversine formula is employed [42]. Unlike the Euclidean distance, the Haversine
distance accounts for Earth’s curvature, which is essential when dealing with regional or
global seismic networks. The Haversine distance is expressed in Equation (1), where d is
the great-circle distance between two stations, r is Earth’s radius (approximately 6371 km),
θ1 and θ2 are the latitudes of the two stations (in radians), ∆θ = θ2 − θ1 is the latitude
difference, and ∆λ = λ2 − λ1 is the longitude difference.

d = 2r arcsin

(
√

sin2
(

∆θ

2

)

+ cos(θ1) cos(θ2) sin
2

(

∆λ

2

)

)

, (1)

2.2 Node Attributes

Each node in the graph is associated with a feature vector xi that encapsulates site-specific
parameters and IMs. These features enable the model to learn localized and regional seismic
patterns. The following parameters reflect the node attributes:

• Geographic location: Latitude and longitude of the coordinates of the stations
provide an essential spatial context.

• Seismic IMs: IMs of ground motions recorded at the various stations for a given
earthquake event such as Sa at various periods and PGA.

• Site characteristics: Parameters that characterize local site effects on seismic waves,
such as Vs30.

These attributes allow the model to learn both localised and regional seismic patterns.
The attributes much be transformed through an appropriate transformation (Tr) to: (1)
preserve the inherent differences in scale between the IMs while ensuring meaningful learning
representations, and (2) prevent interference in the internal graph convolutions that could
arise if the natural logarithm were used, potentially introducing opposite-signed values
within the node feature vectors.

2.3 Edge Attributes

Edges are enriched with features that capture inter-station relationships and geophysical
dependencies. The edge feature vector eij between the nodes vi and vj include:

• Distance: The Haversine distance computed between stations provides a primary
measure of spatial separation.

• Seismic correlation: Cosine similarity between IM vector, reflecting the degree of
ground motion similarity.

• Site condition differences: Differences in Vs30 values between stations, indicating
potential variations in local amplification effects.

Since the ground motion amplitude attenuates as the station is farther from the seismic
source/hypocentre, edges are established between nodes only if the calculated distance d

falls below a predefined threshold. In this study, this threshold is calculated as the mean
distance between stations plus one standard deviation.
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The process of transforming the data into a graph representation is summarized in Figure
1.The details of the Tr are described in Section 4.2. This graph representation enables the
application of GNNs and other graph-based learning methods to extract meaningful spatial
dependencies from the resulting graph.

Figure 1: Process of constructing graph representation from the seismic data

3 Database

Figure 2: Geographic representation of NGA-west2 database; Italy (left), and Taiwan (right)

This study utilizes the next generation attenuation (NGA)-west2 database [43], which com-
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prises 21,336 ground motion records from 599 seismic events worldwide (Figure 2). Devel-
oped as an update to the original NGA-west project [44], NGA-west2 expands the range
of recorded earthquakes, incorporating data from recent large-magnitude events and di-
verse tectonic settings. The dataset includes 8337 events recorded from 91 earthquakes
with M >5; ground motions from various faulting mechanisms strike-slip (12597 records),
reverse (5085 records), and normal (606 records) captured across a wide spectrum of site
conditions, from soft soils (9931 records at Vs30 < 400 m/s), to dense soils (10652 records
at 400 < Vs30 < 800 m/s) to stiff rock (753 records at Vs30 > 800 m/s ).

The Sa spectra of the ground motions with PGA >0.05g in the NGA-west2 database are
presented in Figure 3(a). In particular, the RotD50 definition of Sa is utilized as the IM
in this study [45]. Unlike other definitions (such as geomean, average, etc.), RotD50 Sa is
independent of the orientation of the recording sensor and leads to the one-to-one causal
relation between the source parameters and spectral acceleration. As observed from the
figure, the spectra of the selected ground motion represent both low levels of shaking (Sa <

0.1 g) and high levels of shaking (Sa > 0.5 g).

Since the modelling of spatial dependencies require multiple earthquake events to be recorded
at multiple stations, a subset of this data was taken to train the SV-MEIM model. This
is done by computing a bipartite graph linking stations to common earthquake events and
then selecting the bipartite graph which contains the most seismic events recorded across
all common stations. Filters are applied to each bipartite graph such as the number of
stations > 20 and the number of common earthquakes > 5.The Sa spectra of the selected
subset of ground motions are presented in Figure 3(b)

While alternative datasets could be used to follow the same modelling process outlined
in this paper, NGA-west2’s comprehensive coverage and standardized format makes it the
preferred choice for this study.

(a) (b)

Figure 3: (a) Sa spectra of NGA-west2 ground motions; (b) Sa spectra of selected subset
of ground motions

4 Method

To model and predict ground motion IMs, a GNN is developed to capture the spatial de-
pendencies between seismic stations during earthquake events. The data is structured as a
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bipartite graph, where edges represent connections between seismic stations and recorded
seismic events, enabling the model to learn the spatial relationships that govern ground mo-
tion propagation. The methodology comprises multiple stages, including data preprocess-
ing, graph construction, and neural network design, each optimized to enhance predictive
accuracy.

4.1 Bipartite Representation

The interaction between seismic stations and recorded earthquake events is formulated as
a bipartite graph, where stations are connected through multiple shared seismic events.
This structure allows the representation of spatial dependencies in ground motion IMs
while preserving the relationships between recording stations and seismic sources. Multiple
instances of this bipartite graph can be constructed for regions with sufficient seismic data,
enabling a standardized and transferable framework applicable across different geographic
locations worldwide.

Figure 4 illustrates the formation of this bipartite graph on a three-dimensional plane.
The visualization incorporates terrain elevation, represented using a colour gradient, to
provide geographic context for the spatial distribution of seismic activity. By structuring
seismic networks in this manner, the model can analyse shared seismic events across stations,
enhancing its ability to generalize to new regions and improving the robustness of seismic
network studies globally.

Figure 4: Taiwan’s terrain overlaid with a bipartite graph connecting recording stations
(blue triangles) and earthquake epicentres (black stars)

Once the associations between seismic stations and recorded earthquake events are estab-
lished, the data is preprocessed to ensure compatibility with graph-based analysis. Each
node in the graph represents a seismic station and is assigned site-specific features, includ-
ing station coordinates (longitude, latitude), PGA, Sa, Vs30, and other relevant IMs. The
edges connecting nodes encode the relationships between seismic events and the stations
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that recorded them. These relationships are weighted based on multiple factors, such as
geographic proximity (i.e., distance between stations) and difference in site-specific soil con-
ditions (i.e. difference in Vs30), allowing the model to account for both spatial dependencies
and the correlation of seismic wave propagation.

The station data and corresponding IMs are integrated into a feature matrix X ∈ R
N×F ,

where each row represents a station-event pair, with N being the number of nodes and
F the number of features. This matrix serves as input for constructing the graph, with
edges linking stations to seismic events, ensuring that the model learns from shared data
relationships. The structured representation of seismic IMs in a bipartite graph provides a
systematic framework for training the graph-based neural network.

To optimize the bipartite representation, the focus is placed on retaining the most infor-
mative data while eliminating redundant or irrelevant features. Feature selection is applied
to reduce model complexity and enhance computational efficiency. Specifically, only key
features such as PGA, Sa, Vs30, and station coordinates are retained. This selection en-
sures that the model is trained on the most critical parameters, minimizing overfitting and
improving generalization while maintaining computational efficiency.

4.2 Custom Transformation

Sa of ground motions is typically modelled as a lognormal distribution [22, 46]. However,
the implementation of GNNs requires expanding the node attribute vector by incorporating
the edge attribute vector, ensuring that distances remain continuous across all states. This
necessitates a transformation that preserves positivity and maintains scale differences across
attributes.

Figure 5: Comparison of Tr(x) vs. natural log transformations

To achieve this, a transformation Tr(x) expressed in Equation (2) is applied. This trans-
formation modifies the input x using a fractional power, scaling, and normalization. This
offers several advantages over conventional approaches such as the natural logarithm. The
exponent e−1 smooths variations by suppressing large values while enhancing smaller ones,
making it particularly effective for handling data with a wide range of magnitudes. The
multiplication by e amplifies the transformed values, while the division by 2 prevents exces-
sive growth. Additionally, unlike the natural logarithm, Tr(x) is sign-preserving, ensuring
that values remain positive and continuous even for inputs below 1. This property is crucial
for preserving the physics of the problem in models like SV-MEIM, where discontinuities in
attribute scaling could disrupt the continuity of spatial relationships. Figure 5 presents a
comparison of Tr(x) against the natural logarithm.
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Tr(x) =
ex

1

e

2
(2)

(a) (b)

Figure 6: Comparison of the (a) original and (b) transformed distributions of Sa at T =0.5s

The results of this transformation, Tr(x), are shown in Figure 6. As shown, Tr(x) effectively
converts an exponentially distributed data of Sa into a normal distribution, maintaining the
consistency necessary for stable and accurate model training.

4.3 Graph Representation

Graphs provide an effective framework for modelling problems that involve complex, non-
linear relationships between entities. In the context of ground motion IM prediction, a
graph-based approach allows for the explicit representation of spatial and vectorial depen-
dencies between seismic events and recording stations. By structuring the data as a bipartite
graph—where seismic stations and earthquake events serve as nodes, and relationships be-
tween them are encoded as edges—shared event-station interactions are captured. This
structured representation enables the model to learn spatial dependencies that are often
overlooked in traditional ground motion models [47].

One of the key advantages of using a graph-based representation is its ability to efficiently
process large, unstructured seismic datasets by explicitly modelling spatial dependencies
between stations rather than treating observations as independent samples. Unlike tradi-
tional machine learning approaches, which assume independent and identically distributed
(i.i.d.) data, the graph structure preserves inter-station relationships, allowing the model
to learn the spatial correlation of seismic waves [48].

By leveraging the adjacency matrix and node feature matrix, the graph-based model aggre-
gates information across connected stations, effectively capturing spatial patterns in ground
motion propagation. GNNs utilize these relationships and incorporate both local and global
spatial dependencies. Furthermore, GNNs are particularly well-suited for this type of data
due to their ability to operate on irregular, non-Euclidean domains, making them highly
effective in handling the spatial sparsity and heterogeneous station distribution that char-
acterizes real-world seismic networks [49].

To accurately represent the spatial relationships in earthquake data, the use of polar co-
ordinates is particularly advantageous. Since seismic waves propagate radially outward
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from their epicentre, modelling spatial dependencies in polar coordinates provides a more
natural and interpretable framework for capturing distance-dependent wave propagation
patterns. The conversion from Cartesian to polar coordinates is performed using the stan-
dard transformation, Equations (3) to (6), where r represents the radial distance from a
central reference point (computed as the centroid of station locations), and ϕ denotes the
azimuthal angle [50].

x = r · cos(ϕ), (3)

y = r · sin(ϕ), (4)

r =
√

x2 + y2, (5)

ϕ = atan2(y, x). (6)

This transformation provides a more structured representation of seismic wave propaga-
tion, simplifying the learning process for the graph-based neural network. Additionally,
by expressing station relationships in polar coordinates, the model can efficiently compute
great-circle distances using the Haversine formula (refer to Figure 1 in the Conceptualiza-
tion section), further enhancing its ability to capture spatial dependencies in seismic wave
propagation.

4.3.1 Connections

The computed radial distance r is used to determine connectivity between nodes. A connec-
tion between two nodes is established if r < d, where d is defined as the average inter-node
distance plus one standard deviation. This threshold ensures that most nodes maintain
sufficient connections to facilitate effective learning. However, in cases where a node fails
to establish at least three neighbouring connections, the k-nearest neighbours (KNN) algo-
rithm is applied to guarantee a minimum level of connectivity [51].

The graph is represented as a weighted directed network [52, 53], where edges encode the
relationships between seismic stations based on their recordings of shared seismic events.
This structure is commonly used in graph-based earthquake models [39, 40, 54]. Each edge
transmits information regarding the proximity of stations, IMs of ground shaking, and the
shared characteristics of both the stations and seismic events. The direction of edges is
assigned based on the data flow, typically oriented from one station to another, ensuring
that information is propagated in a manner consistent with the predictive framework.

The weighting of the edges reflects the strength of these relationships, with higher weights
assigned to stations exhibiting greater similarity in ground motion characteristics. Direc-
tionality plays a crucial role in model prediction, as information should flow from known
stations to unknown locations, maintaining bidirectional relationships only where data avail-
ability permits. This structured approach allows the model to effectively capture spatial
dependencies, enabling it to learn how seismic waves propagate across different regions and
how ground motion intensity varies across geographical locations.

4.3.2 Edge Weights

The edges in the graph are assigned multi-dimensional weights that capture the spatial
and geophysical relationships between stations. Since the system is represented in Polar
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coordinates, edge weights incorporate both the r between two stations and the similarity
of ϕ. Additionally, the inverse of the absolute difference in Haversine distances between
stations is used to emphasize the influence of stations closer to the target stations. Stations
located farther from the target station receive lower weights, reflecting their diminished
impact on ground motion observations at the target location.

To account for variations in local site conditions, the difference of Vs30 values between
connected stations is also included as an edge weight. This feature helps quantify the effect
of soil properties on seismic wave propagation.

By integrating these weighted relationships, the model effectively captures spatial depen-
dencies in ground motion IMs, enhancing its ability to predict seismic intensity at locations
where direct recordings may be unavailable.

4.3.3 Node Weights

Node weights encode intrinsic properties of seismic stations and earthquake events, in-
dependent of the connections (edges) between them. For stations, these weights capture
site-specific factors influencing ground motion, such as local soil conditions, seismic ampli-
fication, and geological properties. Key features selected for this model include PGA, Vs30,
and Sa, all of which undergo transformation of Equation (2) to ensure consistency across
the dataset.

These weights allow the model to differentiate between stations based on their ability to
capture seismic signals accurately. For instance, stations on soft soils typically record more
intense ground shaking than those on hard rock, even at the same epicentral distance [55, 56].
Encoding such variations as node weights enables the model to assign greater importance
to stations that provide more representative seismic measurements.

Other earthquake-specific characteristics could be used for node weights, for example mag-
nitude and depth of the event could be utilised, however they are determined days after
the seismic event [57]. While these factors directly affect the intensity of ground motion
recorded at each station, the SV-MEIM model is currently designed as a rapid response
model. Hence, only the key features which are available during and right after the event
are used in training the model.

4.4 SV-MEIM Model Architecture

The SV-MEIM model utilizes a GNN framework to estimate missing or extrapolate Sa val-
ues based on connectivity and shared information among seismic stations. The architecture
follows a structured pipeline consisting of three primary stages: input graph construction,
feature propagation via GAT layers, and prediction refinement using a multi-layer percep-
tron (MLP). Figure 7 illustrates the complete model workflow.

The input graph is constructed with seismic stations as nodes, each characterized by site-
specific parameters. Target stations, where Sa needs to be inferred, are denoted in orange,
while known stations providing observations are shown in blue. The graph structure en-
codes spatial dependencies through weighted edges, where relationships are defined based on
proximity, geological similarity, and inter-station correlations. The inclusion of directional
and bidirectional edges ensures that asymmetric and symmetric dependencies in seismic IM
propagation are effectively captured. Each node is assigned an attribute vector consisting of
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Figure 7: SV-MEIM model architecture. The input graph consists of seismic stations
(nodes) with associated parameters. Unknown stations (orange) represent target sites for
inference. The GNN propagates information through GAT layers, followed by dense MLP
layers with ReLU activation, before reconstructing the inferred node values in the output

graph

known station parameters such as PGA, Sa, and Vs30, while edge attributes encode spatial
correlations and site conditions.

In the feature propagation stage, GAT layers iteratively refine node embeddings by aggre-
gating information from neighbouring stations through attention-weighted message passing.
This mechanism allows the model to prioritize influential stations while suppressing less
relevant connections. The feature update at each node is governed by the Equation (7)
where the attention coefficient αi,j is computed as Equation (8). In these equations, xi

represents the feature vector of node i, Θ are trainable weight matrices, and ei,j encodes
edge attributes. This attention mechanism ensures that the model dynamically adjusts the
importance of different stations based on their contribution to the prediction.

x′
i =

∑

j∈N (i)∪{i}

αi,jΘtxj , (7)

αi,j =
exp

(

LeakyReLU
(

a¦s Θsxi + a¦t Θtxj + a¦e Θeei,j
))

∑

k∈N (i)∪{i} exp
(

LeakyReLU
(

a¦s Θsxi + a¦t Θtxk + a¦e Θeei,k
)) . (8)

Following the GAT layers, the learned node embeddings are processed through an MLP
block, which refines the predictions before reconstructing the inferred node values in the
output graph. The MLP consists of fully connected layers with ReLU activation functions,
which introduce non-linearity and enhance feature representation. The final output includes
predicted PGA and Sa values for the target stations, generating a completed seismic network
representation that integrates both observed and inferred values.

Beyond spatial relationships, the model incorporates temporal dependencies to capture
dynamic variations in ground motion IMs. Spatio-temporal extensions [58, 59] leverage
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sequential modelling techniques to track vectorial modelling of IMs. Transformer-based
mechanisms and recurrent layers are applied to encode vector-representation of IMs while
preserving spatial structure, improving predictive accuracy in real-world applications.

By integrating attention-based learning and spatio-vectorial modelling, the SV-MEIMmodel
provides a robust framework for predicting seismic IMs at target stations with missing sen-
sors/data. The combination of GAT layers for spatial feature extraction and MLP layers for
final inference ensures that the model can effectively generalize across regions with diverse
seismic conditions.

5 Results and Discussions

This section discusses the training performance and evaluates the predictive power of the
SV-MEIM model. The section further conducts a residual analysis of the model and then
implements a case study on Taiwan to assess it’s spatial predictions against the available
data.

5.1 Training Performance and General Evaluation

(a) (b)

Figure 8: (a) Train and validation losses over epochs; (b) True vs predicted Tr(Sa) (purity
plot)

To assess the model’s training efficiency and its ability to generalize, loss curves are analysed
over the 500 training epochs, as illustrated in Figure 8(a). The validation set comprises
20% of randomly selected stations (i.e., validation set), which are entirely withheld from
training to evaluate the model’s ability to infer PGA and Sa values at unseen locations.

The loss plot reveals an initial sharp decline in both training and validation loss, indicat-
ing rapid convergence in the early training phase. As training progresses, the training loss
continues to decrease, whereas the validation loss stabilizes at a relatively higher level, sug-
gesting that while the model effectively minimizes error on the training set, some degree
of overfitting occurs over extended epochs. Despite this, the validation loss remains consis-
tently low, demonstrating that the model retains strong generalization capabilities across
different seismic stations.
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Figure 8(b) displays the purity plot, which visualizes how the true Tr(Sa) compares to the
predicted Tr(Sa) across multiple periods. A strong alignment along the diagonal reference
line (dashed red) indicates that the model’s predictions closely approximate the actual
values. However, slight deviations are observed for certain spectral periods, particularly
for lower-period Sa values (e.g., 0.25s and 0.55s), where a greater spread is evident. This
suggests that shorter-period ground motions exhibit increased variability. This is in line
with the past studies that have demonstrated the difficulties in modelling the high frequency
domain of ground motions [60, 61].

5.2 Model Performance Across Periods

Figure 9 presents the R2 values for both training and validation sets across different periods,
providing key insights into the model’s predictive performance and generalization capabili-
ties. A higher R2 value suggests that the model effectively captures variance in the dataset,
leading to more accurate predictions. In this case, the training scores demonstrate strong
performance, particularly for mid and long periods (T > 0.5s), indicating that the model
successfully learns mid-to-low frequency characteristics. The validation R2 values, while
exhibiting more variability, closely follow the training scores, suggesting that the model
generalizes well across different seismic stations.

Figure 9: R2 values for train and validation sets

A notable observation is the model’s performance at T = 0s (i.e., PGA), where it achieves
a high R2 value, indicating strong predictive capability. The R2 drops for short periods
close to T = 0.1s, however, increase right after T = 0.2s. This suggests that the model is
moderately well-suited for estimating mid-to-high frequency of ground motions, which are
crucial for understanding the response of smaller structures and low-rise buildings that are
sensitive to short-period oscillations.

However, at very short periods (T = 0.05s and T = 0.015s), the R2 values exhibit a
significant drop, indicating lower predictive accuracy. This decline is likely attributed to
the increased signal noise and local site effects that heavily influence high-frequency ground
motions, making them more challenging to model accurately.

For longer spectral periods (T > 2s), the model maintains consistently high R2 values
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in both training and validation sets, indicating reliable performance for predicting ground
motions associated with larger structures and flexible buildings. The strong alignment
between training and validation scores in this range suggests that the model effectively
captures long-period ground motion characteristics with minimal overfitting. These findings
reinforce the SV-MEIM’s robust generalization ability while also identifying specific spectral
ranges where improvements can be made. By addressing the observed limitations at very
short spectral periods, the model’s applicability to real-world seismic risk assessments can
be further improved.

5.3 Residual Analysis

(a) (b)

(c) (d)

Figure 10: Residual plots of the SV-MEIM predictions for: (a) PGA, (b) Sa(T = 0.5s), (c)
Sa(T = 1.0s), and (d) Sa(T = 2.0s)

To further evaluate the predictive performance and consistency of the SV-MEIM model,
residual plots are analysed, as shown in Figure 10. These plots provide insight into the
model’s accuracy across different Rrup and periods. Since the sampled dataset only contains
871 number of earthquake events of ¡10 distinct M values, the residuals are only compared
against distance, Rrup, to check for biases.

Figure 10 displays residual plots for PGA and selected Sa periods, where the residuals
represent the ratio between the predicted and true values at seismic stations. An optimal
model should produce residuals that are symmetrically distributed around the zero residual
line, or also known as the unity line, indicating unbiased predictions. The results show that,
for most cases, the residuals exhibit a balanced distribution with no significant skewness in
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relation to distance Rrup. However, it is generally observed that for the shorter periods the
variance of residuals tends to be higher than the longer periods. This deviation suggests
that the model tends to have a lower accuracy on Sa at shorter periods. The presence
of higher variability at short period Sa values highlights the challenge of capturing non-
linear ground motion characteristics effectively, where noise can more easily skew recording
stations, causing inaccuracies in the data.

These visual analyses provide valuable diagnostic insights into the model’s predictive ca-
pabilities. The residual plots help identify systematic biases, particularly in the prediction
of extreme Sa. Based on these observations, further refinements can be explored, such as
better datasets, residual correction techniques, or hyperparameter optimization. Enhancing
the model’s ability to capture extreme ground motion values and reducing uncertainty in
short-period predictions would further improve its robustness for seismic hazard assessment
and real-world deployment.

5.4 Case Study Analysis in Taiwan

The predictive performance of the SV-MEIM model is further analysed by using a case study
event of M = 6.3 recorded in Taiwan. The selected case study event was chosen based on
its frequency and representation within the seismic database, ensuring a well-distributed
dataset for testing. This event was particularly withheld (belongs to the test set) during
the training phase of the SV-MEIM. This approach ensures that the model’s predictive
capability is evaluated on an entirely unseen earthquake event.

Figure 11 presents the three-dimensional terrain-based heatmap (shakemap) mapped by
the SV-MEIM model. The visualized IMs include PGA and Sa(T ) at different periods
(T = 0.5s, 1.0s, 2.0s), enabling a comprehensive assessment of the seismic IMs across the
region. The shakemap highlights both recorded and interpolated regions, capturing spatial
variations in ground motion intensity, including areas lacking direct sensor measurements.

The triangular markers correspond to observed values at seismic stations, while the un-
derlying heatmap represents model-predicted values interpolated across the entire terrain.
The degree of alignment between a station marker’s colour and the surrounding terrain indi-
cates the model’s accuracy in capturing spatial dependencies, with closer matches signifying
higher predictive reliability. The results demonstrate that SV-MEIM effectively generalizes
to unseen seismic events, with minimal discrepancies between recorded and predicted IMs
at the sensored locations. For the unsensored location, the model non-linearly interpolates
the IMs, thereby increasing the spatial resolution of hazard assessments.

Figure 11a illustrates the predicted and observed PGA distributions. The heatmap shows
localized high-PGA zones near the earthquake epicentre and along major fault structures,
consistent with strong ground motion attenuation patterns [24]. While the model captures
broad PGA patterns accurately, minor discrepancies near station-dense regions observing
high PGA may indicate complex near-surface effects not fully represented in the input
features [62]. The Sa(T = 0.5s) distribution exhibits similar spatial trends to PGA, given
its sensitivity to high-frequency shaking [6]. However, slightly broader spatial dispersion of
shaking intensity is observed, particularly in sedimentary basin regions of Taiwan [63]. The
model’s predictions align well with observed station values in most regions.

In Figure 11b, the Sa(T = 1.0s) and Sa(T = 2.0s) heatmaps present a more regionally
smoothed intensity pattern compared to PGA and Sa(T = 0.5s). This behaviour aligns
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with the longer-period characteristics of ground motion, where seismic waves experience
lower attenuation and influence a broader area [64]. Notably, regions near the epicentre
exhibit sustained moderate-to-high shaking, indicative of rupture directivity effects, where
fault orientation and slip direction may concentrate energy in specific regions [65]. The
SV-MEIM model effectively captures these trends, demonstrating strong generalization in
areas without sensor coverage.

(a)

(b)

Figure 11: (a) Predicted heatmaps vs true records at stations for M = 6.3 event in Taiwan
for PGA and Sa(T = 0.5s); (b) Predicted heatmaps vs true records at stations for M = 6.3

event in Taiwan for Sa(T = 1.0s) and Sa(T = 2.0s)

For Sa(T = 2.0s), the heatmap reflects long-period shaking effects, which are critical for
assessing seismic impacts on mid-rise and high-rise structures [66]. The spatial distribution
reveals lower-frequency amplification in sedimentary basins and alluvial deposits, aligning
with expected site resonance phenomena [67]. While the overall patterns remain consis-
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tent with observed station values, localized deviations in long-period response suggest that
additional geotechnical input parameters (e.g., basin depth, Vs30 variations) could further
refine model accuracy in certain regions [68].

The incorporation of graph-based interpolation ensures that SV-MEIM accounts for spatial
correlations in seismic wave propagation, even in areas with limited station coverage. Unlike
traditional interpolation methods, this model also incorporates the underlying geophysical
constraints such as soil properties and fault proximity and could be easily tuned to add
more features.

6 Conclusion

This study addresses the challenge of predicting earthquake-induced ground motion IMs in
regions lacking direct seismic observations. The proposed SV-MEIM (i.e., spatio-vectorial
model for estimating earthquake intensity measures) integrates GNNs with a novel exponen-
tial transformation of IMs to capture both spatial correlations and cross-IM dependencies.
Unlike traditional GMMs that rely on empirical regression or physics-based simulations,
SV-MEIM provides a data-driven approach capable of dynamically learning non-linear spa-
tial relationships between seismic stations while preserving the underlying physics of ground
motion attenuation.

The graph-based architecture enables the estimation of IMs at unsensored locations, increas-
ing the spatial granularity of ground motion fields beyond what is possible with classical
interpolation-based methods. The introduction of GAT blocks further enhances model in-
terpretability by prioritizing critical station interactions in the learning process.

Evaluation on the Taiwan case study demonstrated the model’s capability to predict spa-
tially distributed IMs across complex terrain with high fidelity. The heatmaps revealed
that SV-MEIM effectively captured the attenuation and amplification effects in different
geological regions, particularly in sedimentary basins where ground motion amplification is
prominent. The model showed strong agreement with observed station values for PGA and
mid-to-long period Sa (Sa(T > 0.5s)), accurately reflecting regional shaking patterns. How-
ever, analysis of residuals indicated higher variance at very short periods (Sa(T = 0.1s)),
where high-frequency seismic waves are more susceptible to site-specific soil effects and
broadband scattering phenomena. The model’s performance in these cases suggests the
need for further refinement, particularly in incorporating site response effects, nonlinear
soil behaviour, and frequency-dependent damping mechanisms to improve generalization
across all IM periods.

Future work can explore several key areas for refinement: (1) incorporating domain-specific
constraints into the loss function, (2) developing hybrid models that integrate physics-
informed graph-based learning, and (3) expanding the dataset through synthetic augmen-
tation methods to mitigate data sparsity in under-monitored regions.

A major application of SV-MEIM is its potential integration into real-time seismic hazard
assessment frameworks, such as ShakeMaps [7], which currently rely on kriging-based inter-
polation and empirical GMMs. The proposed SV-MEIM model offers a machine learning
alternative that can dynamically adapt to new seismic events in near real-time, thereby im-
proving the accuracy of post-earthquake response measures. Furthermore, SV-MEIM has
broader implications in infrastructure resilience planning, structural fragility analysis, and
earthquake risk mitigation strategies.
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Martin Atzmueller. Graph neural networks for multivariate time series regression with
application to seismic data. International Journal of Data Science and Analytics,
16(3):317–332, 2023.

[40] Xitong Zhang, Will Reichard-Flynn, Miao Zhang, Matthew Hirn, and Youzuo Lin.
Spatiotemporal graph convolutional networks for earthquake source characterization.
Journal of Geophysical Research: Solid Earth, 127(11):e2022JB024401, 2022.
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