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S U M M A R Y 

Seismology has entered the petabyte era, driven by decades of continuous recordings of 
broad-band networks, the increase in nodal seismic experiments and the recent emergence 
of distributed acoustic sensing (DAS). This review explains how cloud platforms, by provid- 
ing object storage, elastic compute and managed data bases, enable researchers to ‘bring the 
code to the data,’ thereby providing a scalable option to overcome traditional HPC solutions’ 
bandwidth and capacity limitations. After literature reviews of cloud concepts and their re- 
search applications in seismology, we illustrate the capacities of cloud-native workflows using 

two canonical end-to-end demonstrations: (1) ambient noise seismology that calculates cross- 
correlation functions at scale, and (2) earthquake detection and phase picking. Both workflows 
utilize Amazon Web Services, a commercial cloud platform for streaming I/O and provenance, 
demonstrating that cloud throughput can rival on-premises HPC at comparable costs, scan- 
ning 100 TBs to 1.3 PBs of seismic data in a few hours or days of processing. The review 

also discusses research and education initiatives, the reproducibility benefits of containers 
and cost pitfalls (e.g. egress, I/O fees) of energy-intensive seismological research computing. 
While designing cloud pipelines remains non-trivial, partnerships with research software engi- 
neers enable converting domain code into scalable, automated and environmentally conscious 
solutions for next-generation seismology. We also outline where cloud resources fall short 
of specialized HPC—most notably for tightly coupled petascale simulations and long-term, 
PB-scale archives—so that practitioners can make informed, cost-effective choices. 

Key words: Computational seismology; Machine learning; Seismic interferometry. 
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 I N T RO D U C T I O N  

eismology has entered a ‘petabyte era,’ where seismic networks
nd nodal array experiments routinely generate more data than tra-
itional workstations and institutional clusters can store or analyse.
ata from more than 70 000 seismometers has surpassed 1 PB
n the EarthScope Data Archive (Arrowsmith et al. 2022 ). Novel
echnologies, such as Distributed Acoustic Sensing (DAS), which
ollect thousands of sensors per experiment, are also increasing the
ata storage needs and already surpassing the PBs of data (i.e. data
ets exceeding 1015 bytes) collected and shared (Zhan 2020 ; Spica
t al. 2023 ; Wuestefeld et al. 2024 ). State-of-the-art research net-
orks and transfer tools now enable the movement of a petabyte
C© The Author(s) 2025. Published by Oxford University Press on behalf of The R
article distributed under the terms of the Creative Commons Attribution License (
permits unrestricted reuse, distribution, and reproduction in any medium, provided
f scientific data in about a day under optimal conditions (e.g.
edicated inter-institutional research networks with high-
hroughput protocols such as Globus and dCache), but remain chal-
enging to move through nor mal inter net bandwidth. Moreover,
eismic data services standards well-adopted by data centres are
ot well suited for big-data seismology studies (Quinteros et al.
021a ; Arrowsmith et al. 2022 ). While seismologists’ workflows
raditionally involve analysing data by downloading from archives
nd working on-premise, this model faces significant difficulties
ith analysis that requires more than several TBs of data. Re-

earchers are exploring cloud computing to address these bottle-
ecks, which brings code to data and offers scalable storage and
rocessing. 
oyal Astronomical Society. This is an Open Access
https://creativecommons.org/licenses/by/4.0/), which
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Figure 1. Evolution of cloud computing in seismology: before 2020, most 
computational workflows involved downloading data from the Incorporated 
Research Institutions for Seismology Data Management Center (IRIS DMC) 
and other data centres and working locally. Between 2020 and 2025, seis- 
mologists have investigated the use of elastic computing by pulling data 
from existing archives and processing directly on the cloud (e.g. MacCarthy 
et al. 2020 ). At the same time, two regional seismic networks copied their 
archives of earthquake catalogues and seismic waveforms to Amazon Web 
Services (AWS): the Southern California Seismic Network (SCSN) and the 
Nor ther n Califor nia Seismic Network (NCSN). Since 2025, the EarthScope 
Consor tium has mig rated its petabyte-scale archive to the cloud, enabling 
researchers to pull and compute directly on the cloud. 
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To turn this data deluge into discovery, seismologists increas- 
ingly look to cloud platforms that put compute next to the archive. 
In this review, we use cloud computing and storage to mean shared 
remote computing and data centres run by global firms like Ama- 
zon Web Services (AWS), Google Cloud Platform (GCP) and Mi- 
crosoft Azure, as well as European research clouds such as SURF 

and European Grid Infrastructure (EGI) that let geophysicists bor- 
row computing clusters and storage on demand, pay only for the 
time used. Commercialized cloud computing emerged in the early 
2000s, when the industry began providing capabilities such as 
large-scale object storage and on-demand computing. Geophysi- 
cists have traditionally used high-performance computing (HPC) 
centres to deliver tightly coupled, job-scheduled computing on a 
shared filesystem, often driven by and designed for large-scale nu- 
merical simulations such as wavefield simulations (e.g. SPECFEM; 
Peter et al. 2011 ) and earthquake dynamics (e.g. SeisSol; Heinecke 
et al. 2014 ). In contrast to HPC systems, cloud providers deliver 
elastic resources as metred services that users spin up and pay for 
only when needed. This encompasses several key design elements 
of their inner working, including virtual machines (VMs), cloud 
storage and advanced services like data bases and serverless ser- 
vices, which we introduce in this review. Practically, this means a 
researcher can open a web portal and launch virtual machines or 
clusters in several minutes. The cloud’s hidden orchestration layer 
juggles requests by slicing real hardware into many small ‘virtual’ 
ones, which gives users elastic capacity but also means users share 
logically isolated hardware with others. That convenience trans- 
lates into strengths (instant scale-up, pay-as-you-go, global access) 
and weaknesses (performance can vary, data may cross the public 
inter net, long-ter m storage fees add up) that we further discuss. 
Har nessing cloud infrastr ucture could fundamentally change how 

seismologists handle big data, making analyses faster and more 
collaborative. 

Cloud offers tremendous opportunities for easy access to object 
storage, a centralized, affordable and widely accessible solution for 
massive data archives. In contrast to HPC, object storage enables 
hosting and sharing PBs of public geoscientific data (Zhuang et al. 
2020 ; Abernathey et al. 2021 ; Gentemann et al. 2021 ). While indi- 
vidual data queries may have modest throughput speeds (10–1000 
MB s−1 ), the large parallelization capabilities of cloud systems 
allow throughput speeds comparable to those of HPC scratch sys- 
tems (10–100 GB s−1 ). Moreover, cloud providers are storing PBs 
of publicly available and free-access geoscientific data (Abernathey 
et al. 2021 ). In seismology, hosting seismic data on the cloud is 
rising, as we illustrate in Fig. 1 . The Southern California Earth- 
quake Data Center (SCEDC) was the first to provide archives of 
regional seismic networks as open data sets on the commercial 
cloud (Yu et al. 2021 ). It was recently followed by the Nor ther n 
Califor nia Ear thquake Data Center (NCEDC) and the Ear thScope- 
operated Seismological Facility for the Advancement of Geoscience 
repositor y (for merly Incorporated Research Institutions for Seis- 
mology Data Management Center, IRIS DMC). Cloud has also 
been a promising storage solution for DAS data [e.g. PoroTomo, 
https://registry.opendata.aws/nrel- pds- porotomo/ (Feigl 1969 ), and 
Ridgecrest DAS (Yu et al. 2021 )]. 

A typical entry point for scientists to cloud computing is through 
a freely accessible JupyterHub with a backend running on cloud 
platforms. Open-access JupyterHubs with notebooks (e.g. Binder, 
Google Colab and EarthScope GeoLab) lower the entry barrier 
to the cloud by giving users a ready-made Python environment. 
Users can automate software-to-infrastructure, using tools such as 
repos2docker to containerize software and automatically provide 
access to cloud-hosted virtual machines. In particular for seis- 
mologists, Krischer et al. ( 2018 ) has pioneered the use of cloud- 
hosted Jupyter notebooks, utilizing modest yet free Binder instances 
provided and donated by various cloud providers (e.g. OVH- 
cloud as of 2025). Alternatively, Google Colab provides free ac- 
cess to modest-sized virtual machines, which utilize GCP re- 
sources with pre-defined Python environments. Cloud is also an 
on-demand platform to host educational materials (Denolle et al. 
2025 ). 

Considering these basics, this article reviews how cloud com- 
puting has been applied in seismological research. We discuss stor- 
age solutions for seismic data (Section 2 ), data bases (Section 3 ), 
the various types of computing resources (Section 4 ), showcase 
experiments conducted at scale on large archives of broad-band 
seismic data (Section 5 ), and cloud-enabled visualizations (Sec- 
tion 6 ). We also present a series of experiments that have tar- 
geted archetypes in big-data seismology: (1) data mining using 
deep learning models to detect seismic events, and (2) ambient field 
seismology that requires intensive generation of cross-correlation 
at scale. Both tasks are characterized by a high data intake and 
large computational requirements, yet differ in output and pro- 
cessing specifics. In particular, we focus on the specific require- 
ments of each workflow and how they affect the choice of cloud 
tools. Finally, we present our recent experience in running a cloud 
seismology workshop (Section 7 ) and discuss the opportunities, 
cost and challenges in cloud computing for seismological research 
(Section 8 ). 

2  C L O U D  S T O R A G E  

2.1 Cloud-hosted data archives 

Transferring and sharing data between institutions is essential for 
large-scale collaborative research in seismology. Software from 

command-line tools (e.g. sftp , wget ) to hosted services (e.g. 
Globus; Allen et al. 2012 ) is made available to securely and ef- 
ficiently share data over the internet to facilitate the transfer of 

https://registry.opendata.aws/nrel-pds-porotomo/
art/ggaf322_f1.eps
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Figure 2. Station map of cloud-hosted data : A total of about 1.3 PBs of seismometre miniSEED data is hosted on Amazon Web Services (AWS) cloud 
storage: the Ear thScope Consor tium seismic data archive, and the Nor ther n and Souther n Califor nia Ear thquake Data Centre. Each triangle indicates a seismic 
station and is colour-coded by its data availability. 
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oderate to large-sized data sets. However, on-premise storage
nd bandwidth limitations constrain point-to-point transfer effi-
iency. At the same time, the host takes responsibility for processing
equests and maintaining stable data access, usually at the cost of ad-
itional man-power. Cloud storage provides an accessible solution
or hosting and sharing scientific data with exceptional scalability
nd durability, along with improved findability, accessibility and
eusability (Abernathey et al. 2021 ). 

Cloud object storage offers a significant advantage by enabling
he storage of large data sets and scalability for massively parallel
ueries from both within and outside the cloud. For instance, AWS
rovides the Simple Storage Service (S3), a scalable object storage
ervice that allows users to store data as objects without practical
imits on total data volume. Azure (Blob storage) and GCP also
rovide similar services. In contrast to the filesystem used in HPC,
les are saved as individual objects and organized in a bucket with
 flat structure. S3 objects can be identified by a prefix and a key,
uch like a folder and its filename in a filesystem, which users are
ore familiar with. While S3 is not a Portable Operating System

nterface and differs from the Unix-style semantics most researchers
re used to, the departure is advantageous: freeing storage from strict
OSIX rules lets cloud object stores scale to billions of files, offer
lobal access from any service and replicate transparently across
egions. 

Seismic data centres curate and offer vast amounts of invaluable
ata through the International Federation of Digital Seismograph
tations (FDSN) web services, which standardized API queries for
eismic data and metadata delivery (Hutko et al. 2017 ; Hauksson
t al. 2020 ; Quinteros et al. 2021b ). Cloud storage fundamentally
ransforms data centre solutions, improving robustness, durability
nd stability to data management within the facility, resilience to
torage read spikes and proximity between storage and compute
odes on the user end (Beckwith 2011 ). The SCEDC has been the
ioneer in migrating, hosting and publicizing ∼150 TB of continu-
us data onto the cloud (Yu et al. 2021 ; Zhu et al. 2025 ), followed
y the effort of NCEDC of their ∼190 TB, and most recently, the
ar thScope Consor tium seismic data archive, which has surpassed
 PB (see Fig. 2 ). Direct access to cloud-based archives enables
he development of cloud-native workflows, which we will dis-
uss in Section 5 . For instance, the workflow’s throughput could
ot be achieved through the FDSN fdsnws-dataselect web
ervice. However, we note that there are examples of petabyte-
cale storage services with high throughput operated by scien-
ific institutes, for example, for particle physics (Mkrtchyan et al.
021 ). 

Data centres migrating their repositories, or offering copies, in
loud environments must consider how data will be discovered and
ccessed directly by researchers. Whereas previously, these reposi-
ories were only accessible behind services that acted as abstraction
ayers, the organizations’ data can now be exposed to direct access
e.g. back-end or raw files). This is important to avoid adding pro-
essing bottlenecks, limiting the ability to subset data and slowing
own data queries and downloads. At the same time, such direct
ccess increases the burden on the user to write efficient code,
ownloading only the relevant sections of data, a task previously
andled by the access layer. Operational requirements like control-
ing access to restricted data, log data use, etc., may slow down the
ata access, and careful design must be considered depending on
he application. New services and software are needed to support
he efficient discovery and use of large-scale analyses beyond the
implest cases. 

.2 Data formats on object storage 

.2.1 Array data 

istorically, data centres have relied on SEG-Y (for active seismol-
gy) and Standard for the Exchange of Earthquake Data (SEED,
or passive seismology) as primary data formats (Guimar˜ aes et al.
021 ). SEG-Y, designed initially for tape storage in the 1970s, re-
ains widely used due to regulatory requirements in the petroleum

art/ggaf322_f2.eps
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exploration industry. Still, it suffers from poor parallel read perfor- 
mance and high I/O latency in modern cloud environments. Mean- 
while, SEED (or more accurately, miniSEED) is also actively used 
for seismic time-series archiving and shipping. Specifically, the 
miniSEED standard in its 2 + version adopted the paradigm that 
separates waveforms (i.e. miniSEED with minimal metadata) from 

their metadata counterpart (i.e. dataless SEED with no time-series). 
This only makes this for mat par tially cloud optimized because it 
has no native support for object-based data partitioning, indexing 
or scalable metadata integration. It also requires additional infras- 
tructure to serve efficiently from cloud storage (e.g. an indexing 
layer or a metadata catalogue). 

More recently, the HDF5 format (Hierarchical Data Format ver- 
sion 5, The HDF Group 1997–2023 ) enables researchers to design 
their data structures and storage. HDF5 supports a customizable 
and flexible hierarchical schema, allowing the storage of multidi- 
mensional seismic waveforms and metadata (e.g. Krischer et al. 
2016 ; White et al. 2023 ). On the other hand, such a self-describing 
structure also presents obvious limitations when used at scale in dis- 
tributed cloud computing. The monolithic nature of HDF5 files in- 
troduces overhead for metadata handling and parallel access, while 
losing efficiency on byte-range requests and compressed blocks, that 
is, read subsets of large data sets (Ni et al. 2023 ). Despite efforts 
from open-source projects such as h5coro (H5 cloud-optimized 
read-only librar y, https://github.com/SlideRuleEar th/h5coro ) and 
kerchunk ( https://github.com/fsspec/kerchunk) that were made to 
optimize HDF5 for cloud object storage, they are often read-only 
solutions and do not fully resolve challenges from generalized file 
structures. 

Recognizing these limitations, geospatial data initiatives such 
as Pangeo and EarthCube have pioneered the adoption of cloud- 
optimized array formats like Zarr and TileDB, which avoid hi- 
erarchical formats and instead store multidimensional arrays in a 
chunked, compressed and distributed manner. Pangeo’s use of Zarr, 
for instance, has enabled massive parallel processing of gridded 
climate and remote sensing data sets, demonstrating ∼10x speedup 
in read performance compared to HDF5 when accessed in paral- 
lel from cloud object stores (Abernathey et al. 2021 ). Similarly, 
TileDB has proven effective for sparse geospatial data, including 
GNSS and seismic sensor arrays, allowing efficient subsetting and 
time-series access (Habermann et al. 2021 ). These technologies are 
now being adapted for seismology, where efforts such as those by 
Ni et al. ( 2023 ) demonstrate that converting DAS data from HDF5 
to Zarr/TileDB results in significant memory and compute time im- 
provements. The proliferation of these new open formats and their 
variants may be an obstacle to the sustainability of our software, 
so seismological workflows must stay format-agnostic and ready to 
pivot between, or simultaneously support, multiple storage layouts 
as standards evolve. 

2.2.2 Point sensors 

Seismological research spans a wide range of temporal and spa- 
tial scales, requiring storage solutions that can support both short- 
duration, multistation queries and long-duration, station-centric 
analyses. These workflows stress storage along different query axes: 
some pull data from thousands of stations but only short time 
windows (e.g. large-N arrays, ambient-noise cross-correlation), 
whereas others retrieve long, continuous histories—months to 
years—for each station in the network (e.g. ambient-noise moni- 
toring, template matching). Small-object storage enables efficient 
writing and retrieval, often providing superior performance relevant 
to seismological broad-band seismic data (e.g. 10 MB per day for a 
typical 100 Hz 3-component broad-band data). 

Cloud-optimized formats designed for petabyte-scale data sets—
such as Zarr and TileDB—have emerged from the geospatial data 
community to support large queries on colocated compute, enabling 
efficient streaming of large data chunks. These formats are par- 
ticularly advantageous for array-based data sets, including nodal 
deployments and DAS records (e.g. Ni et al. 2023 ). However, for 
many seismological applications, which typically involve small, tar- 
geted data requests, established formats like day-long miniSEED 

files remain highly effective. miniSEED supports efficient re- 
mote access to small waveform segments, making it well-suited 
for near-real-time, station-centric data streaming and event-driven 
workflows. 

The data centres mentioned above all host seismic time-series 
in the miniSEED format on AWS S3. There are differences in 
conventions for organizing files in the S3 bucket regarding data 
granularity. Specifically, SCEDC and NCEDC store one channel 
per object, whereas the EarthScope seismic data archive groups 
all channels per station in a single file. Despite hosting more small 
objects, the for mer str ucture exhibits high efficiency when querying 
data from subset channels or locations since no redundant bytes are 
read. The latter structure usually requires an external data base that 
indexes files to facilitate data query (e.g. using mseedindex, https:// 
github.com/EarthScope/mseedindex ), although a fully cloud-native 
access library has yet to be developed. The various bucket structures 
indicate that object naming (prefix and key) has not yet reached 
a standard across these data centres because the new paradigm of 
direct access renders these previously hidden implementation details 
part of the user interface. 

Delivering seismic station metadata in a cloud-native way re- 
mains an open challenge. At present, the FDSN web service for 
metadata still operates on on-premises servers at each data cen- 
tre, creating a bottleneck that is not resilient to large-scale or 
burst queries. As an initial step toward addressing this, SCEDC 

and NCEDC have publicized community-standardized StationXML 

files—containing the complete history of station metadata and in- 
strumental response—directly in their respective cloud storage. 
While this approach makes metadata accessible from the cloud, 
StationXML itself is not optimized for object storage: reading and 
parsing full XML documents is often slower and less efficient than 
targeted queries via the FDSN web service. Significant work re- 
mains to design and adopt metadata formats and delivery mecha- 
nisms that are truly cloud-efficient, enabling scalable, selective and 
low-latency access. 

3  C L O U D  DATA  B A S E S  

Seismologists need data bases to manage station metadata and 
curated data sets such as earthquake catalogues and phase picks. 
A data base is an organized data collection designed for efficient 
storage, retrieval and management. The simplest form of a data 
base, which is termed a flat-file data base, relies on files stored in 
hierarchical directories, where data is typically structured in plain 
text formats [e.g. Comma Separated Value (CSV) and JavaScript 
Object Notation (JSON)]. Although flat-file data bases are useful for 
small-scale or static data sets, their limitations in scalability, query 
flexibility and concurrent access become apparent when managing 
large volumes of data. 

Modern data bases are broadly categorized into relational and 
NoSQL (non-relational Str uctured Quer y Language) data bases, 

https://github.com/SlideRuleEarth/h5coro
https://github.com/fsspec/kerchunk
https://github.com/EarthScope/mseedindex
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ach addressing distinct needs. Relational data bases were devel-
ped decades before the advent of cloud computing. They organize
ata into structured tables of rows and columns governed by the
elational model. The relational model handles structured data with
 strict schema and transactional consistency, making it ideal for cu-
ated seismic meta data (e.g. event catalogues or station metadata)
cenarios. 

In contrast, NoSQL data bases became popular during the big
ata era to address the challenges of scalability, schema flexibil-
ty and heterogeneous data types, which are common in modern
eismological research. NoSQL data bases include document stores
e.g. compatible with a tool such as MongoDB), key-value stores,
ide-column stores and graph data bases. The MsPASS framework

s an example of using MongoDB to manage large-scale seismic
ata (Wang et al. 2022 ). NoSQL data bases thrive in cloud envi-
onments due to their flexibility in managing semi-structured data
e.g. processed waveforms or phase picks) and scalability across
istributed systems. This aligns seamlessly with the growing re-
iance of seismological research on high-volume, multimodal data
ets, such as machine learning-ready archives. 

Among NoSQL data bases, document stores like MongoDB and
ts AWS implementation, DocumentDB, exemplify the advantages
f schema flexibility in modern seismological workflows. These
ystems store data as JSON-like documents, enabling researchers
o consolidate heterogeneous data sets, such as workflow parame-
ers, phase picks and semi-structured metadata, into a single data
ase without rigid schema constraints. This flexibility is particu-
arly valuable in seismology, where evolving research workflows
ften generate metadata with new and inconsistent attributes. Doc-
mentDB further simplifies scalability by automating sharding and
eplication in cloud environments, allowing distributed storage of
arge-scale data sets while ensuring low-latency access. Modern
loud data bases thus can store the massive output of seismic pro-
essing (e.g. billions of phase picks or cross-correlation measure-
ents) and enable quick queries. We will explore the application

f cloud-hosted data bases in seismology in the following cloud
orkflow examples. 

 C L O U D  C O M P U T E  

loud providers offer diverse infrastructures and services well-
uited to seismologists’ diverse needs. Orchestrating these various
loud services to support seismological research involves integrat-
ng compute, storage and software tools provided by cloud vendors
sing service orchestrators such as CLI (command-line interface)
ools, Python-based Software Development Kits (SDKs; e.g. boto3 ,
oogle-cloud-python ), or web-based platforms (e.g. AWS
tep Functions, Google Cloud Workflows). Scientists developing
orkflows on the cloud face challenges when providers update their

ervices and adapt open-source software, but this is possible with the
elp of research software engineers (Krauss et al. 2023 ). To detect
nd adapt to cloud service changes efficiently, ensuring workflow
esilience requires version pinning, modular pipeline design and
utomated testing. On the other hand, the diversity of resources in
he cloud, in particular, the variability of available machines and
ervices, is typically much higher than in on-premise HPC systems.

hile numerous large-scale national science infrastructures exists, 1 

hey are typically much more homogeneous. For researchers, the
 e.g., Jean Zay ( http://www.idris.fr/eng/jean-zay/jean-zay-presentation- 
eng.html ) or JUWELS https://apps.fz-juelich.de/jsc/hps/juwels/index.html 
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loud infrastructure allows them to tune the requested resources
recisely to their demand. At the same time, this increased flexi-
ility also comes with increased effort for identifying the optimal
esource allocation. 

The most basic unit on the cloud for scientists and many other
igher level cloud services is a virtual machine (VM). VMs are
he virtualization of hardware and packetization of operating sys-
ems, enabling users to access and share physical infrastructure
n demand. The host operating system logically isolates different
Ms running on the same machine. VMs can be configured to the
ser’s preference, including the number of vCPUs, Random Access
emory (RAM), local storage and additional resources like GPUs,

ll selected from a set of provisioned templates. The flexibility of
Ms is fuelling a democratization of large-scale computing. This

eview focuses on the type of parallelization well suited for cloud
latforms, one of distributed memory, sometimes referred to as
embarrassingly parallel.’ 

.1 Batch computing 

s a service commonly available in cloud systems, such as Azure,
WS and GCP, Batch computing involves the parallelization of

obs on cloud instances, similar to the job arrays in the SLURM
cheduler system (Yoo et al. 2003 ). The batch computing service is
articularly useful for parallelization when the job array shares the
ame code base and differs only in passing arguments, whether the
obs are simply command lines or containerized tasks. While the
mbarrassingly parallelizable job runs independently, the multin-
de parallel job allows internode communication through message
assing libraries (e.g. MPI; Gropp et al. 1996 ). Such a framework
nables single jobs spanning multiple computing instances as a
loud-based on-demand cluster for high-performance computation
pplications (Breuer et al. 2019 ; Zhuang et al. 2020 ; Dancheva et al.
024 ). 

Similar to the scheduler in a modern HPC system, an autoscal-
ng mechanism dynamically provisions and scales cloud resources
ased on the volume and requirements of submitted workloads. Such
 mechanism adjusts the number of running instances or containers
o ensure that resources match the computational requirement with-
ut over-provisioning. Autoscaling can be triggered by pre-defined
etrics such as CPU utilization, memory usage, request rates or

ob numbers, allowing cloud environments to handle traffic spikes
nd workload fluctuations efficiently. This capability is essential for
aintaining high availability, improving fault tolerance and opti-
izing resource utilization and spending, making it a key feature in
odern cloud infrastructure. 

.2 Serverless 

erverless computing is a cloud-native execution model that ab-
tracts infrastructure management, allowing developers to de-
loy code without provisioning servers. By automatically scaling
esources in response to demand, the serverless architecture en-
bles users to focus on their applications rather than manag-
ng operational overhead. This is particularly transformative for
eismic early warning systems, where latency-sensitive processing
f real-time data (e.g. event detection) requires rapid, event-driven
orkflows. In a serverless framework, cloud providers like AWS

Lambda), Azure (Functions) and Google Cloud (Cloud Run Func-
ions) dynamically allocate compute resources in response to user
equests. 

http://www.idris.fr/eng/jean-zay/jean-zay-presentation-eng.html
https://apps.fz-juelich.de/jsc/hps/juwels/index.html
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A compelling example of serverless computing in seismology 
is demonstrated by Mohapatra et al. ( 2025 ), who tested a hy- 
brid cloud-local workflow using AWS Lambda and the MsPASS 

framework. Their study found that downloading raw seismic data 
(i.e. the 40 million-record USArray data set) to local HPC clus- 
ters created untenable bottlenecks, requiring approximately 462 d 
for single-worker processing. By shifting pre-processing to server- 
less functions (e.g. noise reduction, metadata filtering), they mini- 
mized data transfer volumes and achieved throughput comparable 
to local HPC processing. The authors conclude that doing some 
or all processing on the cloud in this fashion will be essential 
for any processing involving large volumes of data already stored 
on the cloud. While hybrid workflows incur cloud costs, they by- 
pass local network limitations, offering a scalable path for modern 
seismology. 

4.3 Visualization 

Effective visualization turns today’s petabyte-scale seismic data 
into insight at a glance. Many groups rely on browser-based note- 
books that connect directly to cloud object storage. Browser-based 
notebooks—commonly hosted in JupyterHub or Google Colab—
can mount cloud object storage directly (e.g. using tools such as 
s3fs for AWS or gcsfs for GCP), read only the data chunk re- 
quired for a plot and render interactive figures in real time. When 
those exploratory notebooks mature, researchers often containerize 
them into lightweight dashboards (such as Dash or Streamlit ) 
that run on serverless platforms. 

Because ‘serverless’ platforms start containers only at re- 
searchers’ demand (e.g. during an earthquake crisis or a teaching 
lab), hosting costs remain a few USD per month in quiet peri- 
ods. When visualizing full 3-D wavefields or large seismic data 
sets such as from DAS, teams spin up short-lived GPU instances 
running remote desktop tools such as ParaViewWeb , PyVista or 
cloud-proprietary software such as NICE DCV for AWS, to stream 

pixels, not raw data, to the user. 
Once these visualization environments are running, the chal- 

lenge becomes delivering data to them efficiently. Using cloud- 
optimized formats such as Zarr and TileDB, seismic data sets can 
be stored in small, independent chunks, allowing rapid retrieval 
of specific subsets—for example, waveforms from a given station 
and time window, or a horizontal slice through a 3-D wavefield—
without downloading entire files. Low-resolution previews, map 
tiles or simplified 3-D model snapshots can be served instantly to 
support smooth navigation and exploration. More computationally 
demanding visual products, such as spectrograms, cross-sectional 
wavefield views or machine-learning-derived feature maps, can 
be generated asynchronously in the background, with only the 
resulting lightweight images or metadata returned to the user 
interface. This workflow enables seismologists to interactively ex- 
plore data, compare results and monitor networks in real time 
through a web browser, while keeping bandwidth and latency 
low. The products of these visualizations still require robust data 
bases to store and organize derived measurements, as discussed in 
Section 3 . 

5  C L O U D - NAT I V E  A P P L I C AT I O N S  I N  

S E I S M O L O G Y  

Seismological analyses often require large computational bursts 
followed by long idle periods of analysing, a usage pattern that is 
tailor-made for on-demand cloud resources. Early adopters, there- 
fore, re-hosted existing HPC pipelines in the public cloud to rent 
capacity only when peaks arose, a form of cloud-assisted ‘lift-and- 
shift’ workflow. Wang et al. ( 2018 ) was among the first to demon- 
strate the use of public cloud computing for seismic data processing 
at the TB scale and performed noise cross-correlation using the 
Aliyun cloud service, specifically with the Batch service and the 
cloud object storage. MacCarthy et al. ( 2020 ) used the FDSN web 
service to request data on the fly while detecting harmonic tonal 
noise. They successfully scanned 6 TB of USArray data within 4 d 
on a Kubernetes cluster with 50 EC2 nodes. Witte et al. ( 2020 ) built 
a serverless seismic imaging application ported from the HPC plat- 
form, dynamically scheduling jobs and provisioning computational 
resources using serverless cloud, demonstrating excellent cost ef- 
ficiency, scalability and performance competitive with on-premise 
HPC clusters. Similarly, Zhu et al. ( 2023 ) designed an integrated 
earthquake detection workflow with containerized submodules, that 
is, data streaming, phase picking, association and event location. 
The autoscaling mechanism was implemented at both the clus- 
ter and cloud platform levels, enabling the automatic provisioning 
of computational resources based on job load. The paradigm of 
these cloud-based workflows was summarized by MacCarthy et al. 
( 2020 ) as comprising three primary components: the infrastruc- 
ture, cluster management software and domain-specific research 
software. These ‘lift-and-shift’ studies share a three-tier pattern: in- 
frastructure (cloud VMs and containers), cluster management layer 
(Kubernetes, batch, step functions) and domain software (e.g. noise 
cross-correlation, full waveform inversion, earthquake detection). 
Computing efficiencies depends on how tightly these elements are 
coupled. 

However, these workflows assumed that data could be fetched on 
demand, but pulled data from outside the cloud; such a pre-requisite 
cannot be easily met in the cloud for data-intensive tasks. Trans- 
ferring the raw data or data products can be time-consuming and 
expensive (Wang et al. 2018 ; Ni et al. 2023 ). For example, Zhu et al. 
( 2023 ) spent ∼50 per cent of total job time downloading waveforms 
through the FDSN web service. Requesting data at scale may also 
pose challenges for data centres that receive unpredictable heavy 
traffic and clusters where big data is saved and managed on-site. To 
overcome these bottlenecks, recent efforts embrace ‘cloud-native’ 
workflows: (1) harness direct access to the cloud-hosted data to 
avoid copying data (MacCarthy et al. 2019 ; Yu et al. 2021 ), (2) lever- 
age cloud-managed services and (3) employ containerized software 
to ensure portability, consistency and ease of deployment across 
platforms. To illustrate the cloud-native workflows for seismology, 
we present two contrasting research workflows in seismology that 
have benefited from the cloud systems: (1) cross-correlation for 
ambient noise seismology and (2) earthquake catalogue building 
workflows. Fig. 3 illustrates the two alternative workflows with 
data flows and associated cloud services best used in large-scale 
jobs. 

5.1 Workflow 1: Large ambient noise seismology 

Ambient noise seismology is the methodology that utilizes contin- 
uous seismograms, typically dominated by a diffuse, ambient seis- 
mic field, to extract spatial or temporal variations in seismic wave 
speeds. This method has been widely used for (1) Earth Imaging 
reconstruct high-frequency Rayleigh wave and image shear wave 
structure where seismic stations are located (e.g. Shapiro et al. 
2005 ) and no longer rely on rare earthquakes, and for (2) Earth 
monitoring by exploring changes in subsurface structure by subtle 
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Figure 3. Two canonical workflows in seismology: Event-based seismology that reads large volumes of seismic data (high I–high Input) but outputs low 

volumes of data in data bases (low O–low Output), and structure-based seismology that reads large volumes of seismic data (high I) and outputs large volumes 
of seismic data (high O). The first workflow outlines the basic steps in generating a seismic event catalogue. The second workflow describes how to extract 
seismic properties of the subsurface with ambient field seismology, which generates high data volumes of ambient noise cross-correlations. 
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hase shifts on the coda of cross-correlations (e.g. Sens-Schönfelder
 Wegler 2011 ). 
The method relies on the cross-correlation of short time-series

etween channels, presenting some of the most significant chal-
enges in computational seismology. The cross-correlation typi-
ally uses short windows, ranging from minutes to a few hours,
ecorded at pairs of seismic channels and stacks these over days
o years of data. Thus, the workflow scales quadratically with the
umber of channels N , a step that favours shared memory process-
ng, and linearly with the number of windows to stack T , a step
hat favours distributed memory processing. The rise of array seis-

ology with N > 100 is a real computational challenge. Because
he workflow often entails storing cross-correlation functions, in-
luding intermediate steps such as substacking, cross-correlation
ay involve writing TBs of files. Several efforts have been made

or open-source and large-scale computing of ambient noise cross-
orrelations, some leveraging CPU-based clusters (e.g. Jiang &
enolle 2020 ; Makus & Sens-Schönfelder 2024 ), others leveraging
eterogeneous computing with CPU and GPU (e.g. Fichtner et al.
017 ; Ventosa et al. 2019 ; Clements & Denolle 2020 ; Zhou et al.
021 ). 

Given two canonical seismological approaches for Earth imaging
nd Earth monitoring , the workflow to compute cross-correlation
unctions is multistep, and their optimal parallelism strategies dif-
er. First, the cross-correlations are performed independently on
ynchronous time-series, which permits distributed memory par-
llelism, often referred to as ‘embarrassingly parallel,’ and scales
nly with the overall period of the instrumental record. Secondly, the
ross-correlations are done on pairs of seismic channels, and a given
hannel window of data could be read once and cross-correlated
ver all other channels with N ( N − 1) / 2 pairs. This strategy often
mploys multithreading with shared memory, parallelization across
hannel pairs, and leveraging GPUs to accelerate the correlation
tep (Fichtner et al. 2017 ; Clements & Denolle 2020 ). When the
ata is too large for the memory available, local storage of interme-
iate products, such as the Fourier transforms (Wang et al. 2018 ),
r low-rank factorizations (Martin 2019 ), and parallelization over
roups of station pairs is also possible (e.g. C4 project Schmitt et al.
020 , 2025 ). 
Cloud infrastructure is particularly well-suited for ambient noise
eismology, given its significant data throughput (reading and writ-
ng) and parallelization capabilities. Several attempts to perform
mbient noise cross-correlations on the cloud demonstrated the
peed and scalability of adapting cloud infrastructure. Wang et al.
 2018 ) developed a parallelization scheme to independently cal-
ulate groups of channel pairs and perform massive daily cross-
orrelations, totaling 300 M, over 10 hr of processing on nearly
000 virtual machines using the Aliyun cloud service. Ni et al.
 2023 ) performed DAS cross-correlations on AWS using cloud-
ative workflows and achieved 300 M of daily cross-correlations
ver 64 instances in 24 hr, spending less than 20 USD. Clements
t al. ( 2020 ) and Schmitt et al. ( 2020 ) developed a workflow on
WS that approached ‘cloud-native’ by streaming from S3 to EC2,
enerating cross-correlation locally, saving the results on disc and
ploading them to S3. 

We now present Cloud-Native NoisePy , a new version of Jiang &
enolle ( 2020 ) that has been updated with I/O for cloud-based data

rchives, enhanced object-oriented Python programming, including
arallelization, flexibility in computing platforms and continuous
ntegration. NoisePy leverages cloud object storage for massive I/O
arallelization and shor t-ter m storage of temporar y data, such as
aily cross-correlation functions, as illustrated on the right-hand
ide of Fig. 3 . NoisePy employs two primary parallelization strate-
ies to optimize performance. The first approach utilizes the Batch
ompute service to execute each daily job of processing and inter-
hannel cross-correlation concurrently and independently, using the
ame container with different data. Within each job, NoisePy utilizes
ative Python multithreading for parallelization across several steps,
ncluding reading data, pre-processing, computing the Fourier trans-
orm, cross-correlation and writing daily results, which are stacked
nd saved as compressed NumPy .npz files back to storage (file
tr ucture and for mat were found optimal when experimenting with
WS S3). After processing all daily data, a final aggregation step
ombines the results to produce long-term correlation stacks. This
rchitecture efficiently handles large-scale data, generating TBs of
ross-correlation outputs in the cloud. 

We present the results of an experiment in which we ran NoisePy
n one year of SCEDC data from 2022 January 1 to 2023 January 1.

art/ggaf322_f3.eps
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Figure 4. Ambient noise cross correlation using 1 yr of data from the Souther n Califor nia Ear thquake Data Centre: all data are publicly available in the 
SCEDC AWS cloud storage (s3://scedc-pds). The Z-Z component cross-correlation functions are bandpass filtered between 1 and 10 s. 
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We cross-correlated all of HH? channels that included 288 stations 
and about 43 000 station pairs. Ran on AWS Fargate with up to 64 
instances, it took 11 hr of compute time to generate 6.2 million files 
of daily-stacked cross-correlation, with a volume of 1.6 TB on S3, 
spending about 250 USD on SPOT pricing. The second step on a 
similar Fargate cluster took 1.5 hr and generated the final stacks of all 
interchannel cross-correlations, totaling 23 GB of data and 46 000 
S3 objects. We present the results of the 1-yr stacked ZZ component 
of the cross-correlation, bandpass filtered between 1 and 10 s, sorted 
by the interstation distance in Fig. 4 . We find the convergence of the 
correlation functions past 600 km of interstation distances. Seismic 
tomography from these data products will involve extracting phase 
and group velocity measurements from these cross-correlations and 
inverting the frequency-dependent velocity curves into a shear-wave 
velocity model. Our experiment demonstrates the case of scalable 
data processing for tomography applications. 

5.2 Workflow 2: Earthquake catalogue building 

Earthquake catalogue building is a complicated, multistep work- 
flow that ingests raw time-series data and outputs point clouds of 
earthquake locations and their attributes. The main steps are to 
detect events, identify the time at which seismic phases (typically 
pickingP and S arrivals) arrive, associate them with a specific ori- 
gin (event), possibly incorporate location using 3-D Earth velocity 
models, relocate them using double-difference relocation and calcu- 
late source parameters, such as magnitude and focal mechanisms. 
Each step has been explored using machine learning. In particu- 
lar, for phase picking, deep learning has proven highly successful, 
with models such as U-Net (e.g. Zhu & Beroza 2019 ; Münchmeyer 
et al. 2022 ). Network-based analysis typically requires gathering 
multiple-station data simultaneously, and has benefited greatly from 

U-Net and graph networks (e.g. Münchmeyer et al. 2021 ; Sun et al. 
2023 ; Clements et al. 2024 ). Most workflows are a sequence of 
modules (e.g. Walter et al. 2020 ; Retailleau et al. 2022 ; Zhang et al. 
2022 ; Zhu et al. 2023 ), where modules can be adapted according to 
the user preferences. 

The computational efficiency of these workflows matters when 
considering large-scale deployment. Similar to the first workflow 

presented, we break down the computational efforts into two types 
of parallelization. The first step involves extracting features from 

raw data, including the arrival times of P and S waves, the ampli- 
tude and possibly the polarity of these waves. This process can be 
independently calculated for each data window as a separate job and 
is amenable to massive parallelization. The second processing step 
requires aggregating these features across the stations and benefits 
from multithreaded parallelization. Both steps can be easily orches- 
trated on cloud systems, which was first pioneered by Zhu et al. 
( 2023 ) by including deep learning phase picking, association and 
relocation using double difference, and by Pierleoni et al. ( 2023 ) for 
Internet-of-Things (IoT) early warning systems whereby picking is 
done at the seismometer level, and location is done on the cloud. 
We present here another cloud-native workflow for the basic steps 
of earthquake catalogue building, utilizing the SeisBench ecosys- 
tem (Woollam et al. 2022 ) for phase picking, which we refer to as 
QuakeScope. 

QuakeScope orchestrates its seismic catalogue workflow entirely 
on AWS Batch (Fargate) and a MongoDB-compatible DocumentDB 

cluster for outputting detection attributes and checkpointing. The 
basic unit of the workflow is a Python job, composed of four steps: 
(i) obtain a day-long time-series of miniSEED data, (ii) process 
the continuous waveform with a phase picking model implemented 
in SeisBench, such as PhaseNet (Zhu & Beroza 2019 ) or EqTrans- 
former (Mousavi et al. 2020 ), (iii) remove the instrumental response 
to extract the amplitude of each detection, (iv) write the resulting 
detections to a DocumentDB. As jobs (i) and (iv) are I/O-bound, 
while jobs (ii) and (iii) are compute-bound, we implemented an 
asynchronous processing using the asyncio Python module. This 
means that the job processes data simultaneously, loads the next 
day and still writes the picks from the previous day. This increases 
throughput substantially and thereby reduces resource costs. The 

art/ggaf322_f4.eps


Cloud seismology 9

Figure 5. Evolution of job statistics in the 2025 Data Mine experiment : top panel has a line between the start and end time of each job that ran on Fargate. 
Each year’s worth of data is sent manually as a separate batch of jobs, colour-coded for EarthScope. The middle panel shows the number of pending jobs in 
the Fargate queue. Jobs enter the queue and are scheduled to run until the quota of 1500 jobs is reached. The dips in the number of active jobs are attributed to 
our slower job orchestration. One that may be attributed to SPOT’s intermitency is at hour 60. Upon success, the experiment on the NCEDC and SCEDC went 
smoothly, maximizing the number of jobs until completion. 
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ndividual steps communicate through limited-size First-In-First-
ut queues to avoid excessive memory overheads. 
We present the results of the 2025 Data Mine experiment, where

e scanned the complete EarthScope Consortium seismic data
rchive (1 PB) and the SCEDC and NCEDC AWS-hosted open
ata, each with 150 TBs, with QuakeScope. We describe in Fig. 5
he evolution of our jobs on AWS. Our AWS allocation had limited
uotas for 1500 jobs (12 000 vCPUs) to be used simultaneously, a
ripled quota relative to the default limits. We manually launch each
ear, from 2025 going back in time, as a queue of jobs, and experi-
ented with the EarthScope back-end servers as a pilot experiment.
uring the initial stage, we stress-tested the EarthScope archive. We
rogressively launched the jobs on Fargate SPOT (a lower cost queue
hat is less ‘on-demand’). In the EarthScope experiment, our pro-
ressive load of jobs in the queue demonstrated the resilience of the
ackend system, allowing us to launch a larger batch of jobs by hour
0 in the experiment. For the NCEDC and SCEDC experiments with
 smaller data set of approximately 300 TB, we launched all jobs
imultaneously, reached our quotas, and completed them in 12 hr.
he performance of cloud systems remained constant, demonstrat-

ng that this process can be easily accelerated by allowing for more
oncurrent processes. See Ni et al. ( 2025 ) for a complete report of
his experiment and the data product. 

 C O M M U N I T Y  M O D E L  

I S UA L I Z AT I O N  A N D  D I S S E M I NAT I O N  

ithin the seismological community, there is an acute need for mod-
ls of natural systems to support both basic and applied research.
or example, models of seismic wave velocities within the Earth
re essential for interpreting tectonic history and evolution (Delph
t al. 2021 ), for generating accurate ground motion estimates using
arthquake simulations (e.g. Glehman et al. 2024 ), and for enabling
 wide range of analyses related to seismic hazard and risk. Sim-
larly, geometric models of earthquake-producing fault structures,
long with associated metadata such as slip rates and earthquake
istories (Plesch et al. 2024 ; Seebeck et al. 2024 ), form the founda-
ion of seismic hazard analysis (Petersen et al. 2020 ). These needs
ave driven the development of community models, which are col-
aboratively developed, synthesis-based representations of natural
ystems that are maintained and shared by a broad group of re-
earchers with expertise in the relevant domain (e.g. Aagaard et al.
025 ). Community models are typically open-source and publicly
vailable, designed to incorporate the best available data and under-
tanding and intended to serve as common foundations for scien-
ific research, education and practical applications (e.g. Shaw et al.
015 ; Plesch et al. 2024 ). The generation of community models
s a focus of various community science organizations such as the
tatewide California Earthquake Center (SCEC) and the Cascadia
egion Earthquake Science Center (CRESCENT) (Melgar et al.
024 ; Aagaard et al. 2025 ). 

To enable FAIR (Findable, Accessible, Interoperable and
eusable) access to community models (Wilkinson et al. 2016 )
nd facilitate their use across a wide range of applications,
hese models are often distributed in multiple formats—such as
tr uctured text files, binar y volumes, data bases or web-based
PIs—to accommodate diverse user needs and computing envi-

onments. However, the complexity and size of these data sets—
articularly 3-D and 4-D models of Earth’s interior or fault
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systems—can present significant technical barriers for many users 
(Small et al. 2017 ). There is a growing need for software tools that 
allow users to interactively visualize, query and subset models be- 
fore downloading or integrating them into workflows. These tools 
must balance performance with accessibility and support interop- 
erability with widely used scientific programming languages (e.g. 
Python) and data standards. Ultimately, the effective use of commu- 
nity models depends not only on their scientific rigour but also on 
the availability of user-friendly software that lowers the barrier to 
entry. 

The cloud is particularly well suited for the hosting, visualiz- 
ing and disseminating community models because it provides cen- 
tralized, flexible infrastructure that meets the needs of distributed 
scientific teams (Gentemann et al. 2021 ). Community models are 
often large, dynamic data sets and are accessed by users across mul- 
tiple institutions. These characteristics make local storage solutions 
inefficient or inaccessible. Cloud storage enables elastic scaling, 
allowing both storage and computing power to dynamically adapt 
to the community model’s growth, without the managerial burdens 
associated with on-premises infrastructure. It also facilitates con- 
sistent versioning, access control and metadata management, which 
are required for transparency and reproducibility. In addition, cloud 
platfor ms integ rate seamlessly with moder n computational tools 
and workflows, enabling users to analyse and visualize models di- 
rectly in the cloud without transferring large data sets. As such, the 
cloud is a natural fit for managing community-driven, data-intensive 
geoscientific resources. 

As an example of such a tool in the seismological community, 
the CRESCENT Community Velocity Model (CVM) Viewer and 
Repository (Bahavar et al. 2025a ) is a cloud-based platform for 
storing, distributing, analysing and visualizing seismic wave ve- 
locity models of the Earth. It combines Python-based tools with a 
geospatial web interface to enable real-time, interactive exploration 
of data sets. By adhering to widely accepted metadata and file for- 
mat standards, the platform ensures that data sets remain consistent, 
interoperable and ready for use in both research and education. 

The CVM Viewer is a web-based geospatial visualization tool 
built with Python, FastAPI and CesiumJS (Consortium et al. 2018 ). 
It allows users to explore CVM data sets interactively through a 
cloud-hosted 3-D map. In addition to visualizing the spatial ex- 
tent of seismic velocity models, the viewer displays known faults 
and earthquake hypocentres. Users can toggle terrain layers, adjust 
model boundaries and navigate using rotation, zoom and pan con- 
trols. Visualization tools include horizontal slices, vertical cross- 
sections and depth profiles, offering intuitive ways to investigate 
subsurface structures. 

The CVM Repository hosts multiple user-submitted seismic ve- 
locity models that have undergone peer review and are published. 
Models are stored in netCDF-4 Classic and HDF5 formats on AWS 

S3, organized hierarchically to separate 3-D model volumes and as- 
sociated surface data. Automated compliance checks are performed 
before storage to ensure alignment with community metadata stan- 
dards. The backend, built with xarray and h5py , handles data 
queries and retrieves model subsets based on user-defined geo- 
graphic and depth ranges. 

Users can extract horizontal slices, cross-sections or full 3-D vol- 
umes in various supported formats. These extraction and conversion 
tools are deployed using AWS Lambda, enabling efficient access 
to large netCDF or HDF5 files and seamless format conversion. 
Throughout these operations, geospatial metadata is preserved to 
ensure compatibility and compliance with metadata standards. The 
entire system is deployed using AWS Fargate, a serverless container 
platform that automatically scales computing resources in response 
to user demand. 

In addition to the CVM Viewer, CRESCENT is developing a 
suite of complementary cloud-based tools to support the broader 
earthquake science community. The CRESCENT Community Fault 
Model Viewer (Bahavar et al. 2025b ) enables interactive visualiza- 
tion and dissemination of fault geometries and associated metadata. 
Other tools currently under development include platforms for stor- 
ing, analysing and distributing paleoseismic data and seismicity 
catalogues, all designed with an emphasis on scalability, accessi- 
bility and adherence to community data standards. These emerging 
tools demonstrate how cloud infrastructure makes data and com- 
putational resources more accessible and promotes collaboration 
across disciplines and institutions. 

7  E D U C AT I O N  A N D  T R A I N I N G  

I N I T I AT I V E S  

Open-source software and interactive cloud-based computing envi- 
ronments have transformed seismological research and education 
by providing free, accessible data analysis and modelling tools. 
Platforms like Binder, Google Colab and institutional Jupyter- 
Hub instances enable researchers and students to run open-source 
Jupyter Notebooks without requiring local installation, significantly 
lowering entry barriers. Seismo-live (Krischer et al. 2018 ) is 
one example, offering a library of seismology-focused Jupyter 
Notebooks that can be executed directly in a web browser using 
Binder. Similarly, Google Colab provides a free cloud-based note- 
book environment with pre-installed libraries, enabling students 
to analyse seismic data sets and run numerical simulations from 

any device. Google Colab is often linked in seismological software 
repositories to provide tutorials on free cloud services (e.g. in Seis- 
Bench; Woollam et al. 2022 ). By leveraging these free Jupyter-based 
platforms, the seismology community ensures that computational 
tools are widely available, fostering open science, reproducibility 
and equitable access to high-performance research workflows. 

Research projects may also lead to developing cloud-based work- 
flows, and researchers may choose to provide guides for cloud us- 
age. For example, Krauss et al. ( 2023 ) utilized the Azure platform 

and compared pre-trained Machine Learning models and template 
matching for constructing an earthquake catalogue offshore. Their 
work also provided informative, educational guidance for individ- 
ual researchers in code development and containerization, cloud 
infrastructure, job design and performance analysis. 

In higher education, instructors leverage cloud platforms to cre- 
ate interactive, scalable learning environments for seismology and 
data science. Universities may deploy cloud-like infrastructure with 
virtual machines for classroom instruction, enabling students to 
access the course with affordable devices (e.g. tablets, laptops or 
even phones) and run code and homework on cloud instances. Such 
cloud integrations enhance accessibility, enabling students to work 
with real-world data and modelling problems in an educational 
setting. 

Hands-on training workshops are essential for advancing com- 
putational seismology skills, as they immerse participants in 
using modern software and large-scale computing resources. 
Recent community initiatives, such as the NSF-funded SCOPED 

project, have organized multimodal workshops to teach researchers 
and students how to use research-grade seismological software on 
cloud platforms (Denolle et al. 2025 ). Engaging the community in 
multiple ways with cloud infrastructure has been beneficial: from 

running simple workflows on a provided cloud-based JupyterHub 
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e.g. the GeoLab workshop) to deploying an EC2 instance on their
wn (e.g. in HPS ). Recent workshops have been dedicated to train-
ng several hundred par ticipants, primarily g raduate students, post-
octoral researchers and research scientists. 

 D I S C U S S I O N  A N D  O U T L O O K  

.1 Software as a service 

loud infrastructure lets seismologists rent powerful computing
ervices only when needed, but those virtual servers still start life
s ‘bare-bones’ operating systems. Researchers must rebuild their
oftware stack—libraries, compilers, scripts–every time they launch
 new instance. To simplify this process, the common practice is
o replicate working environments facilitated by environment man-
gement software, such as a lightweight solution of the package
anager Anaconda ( https://anaconda.org ), or utilize a fully self-

ontained option such as Docker (Merkel et al. 2014 ) and Singular-
ty (Kurtzer et al. 2017 ). Cloud platforms also provide ready-to-use
irtual images that cater to general or geophysics-specific needs,
ften at a small additional cost. 

A more user-friendly approach is Software-as-a-Service (SaaS).
t is a delivery model that enables users to run scientific software
asily while interacting through a web form or API. The back-
nd software can be cloud-optimized, and computing resources are
rovisioned upon users’ request. Such a model enables users to
ccess the software in a serverless setting without tedious configu-
ation, while being elastic and cost-efficient for service providers.
or example, Chen et al. ( 2013 ) proposed a web application that
llows users to submit requests to generate synthetic seismograms.
he service receives requests along with source parameter settings
nd initiates the 3-D elastic wave equation solver on the back-
nd. Researchers of interest may utilize this service through a
irect and convenient web interface, receiving synthetic seismo-
rams without requiring any software configuration. The trade-off
s flexibility—custom methods or novel algorithms still require
irect access to code and data, which SaaS platforms may not
xpose. 

.2 The self-imposed open and reproducible science 

eismology already enjoys a culture of open data and open-source
oftware—community archives expose waveforms through standard
DSN web services, and libraries such as ObsPy (Beyreuther et al.
010 ) and SeisBench (Woollam et al. 2022 ) make analysis scripts
idely shareable. Yet, the full research replication requires running

he full-stack workflow on any machine to obtain similar research
esults. 

Cloud computing has become a critical enabler of reproducible
esearch by forcing workflows to be explicit and portable. In tradi-
ional observational seismology, workflows often rely on trial and
rror, such as manually selecting bandpass filters based on do-
ain expertise and visual data inspection. While this approach

enefits from expert judgment, it poses significant challenges to
eproducibility—other researchers may struggle to replicate results
f they do not use the same parameters or follow the same steps.
loud computing, however, requires the creation of well-defined,
ersion-controlled and containerized workflows that are portable
nd executable in consistent environments. This shift towards stan-
ardized research workflows facilitates reproducibility by ensuring

hat the exact conditions under which the research was conducted w  
an be easily replicated on different systems or by different re-
earchers. This self-imposed reproducibility fosters a more rigor-
us and transparent scientific process, crucial in modern seismology,
here big-data applications increasingly dominate. 

.3 The cost of the cloud 

ost cloud service providers employ a pay-as-you-go pricing
odel, where users are only charged for using any related cloud

esource. Because commercial cloud services are not directly spon-
ored or subsidized by government funds, their cost is priced by
ardware rental fees, power and facility fees, and commercial profit,
ut are comparable to the ‘fully burdened’ HPC costs after remov-
ng government subsidies. Researchers can estimate the cost of
heir workload to the first order by timing the duration of time
hat virtual machines run and the time that data is stored in cloud
torage. For example, we summarize the spending of Clements &
enolle ( 2023 ) based on AWS EC2 and S3 pricing policy: (1)
ownloading and uploading 50 TB of NCEDC data ( ∼40 USD),
2) performing the single-station noise correlations ( < 50 USD) and
3) storing all data over one week ( ∼40 USD per week). Such
ricing model holds cost advantages: (1) cloud resources are ac-
essible to almost everyone, whilst on-premise equipment makes
ne-time spending unnecessary, (2) maintenance is performed by
loud service providers instead of full-time institutional IT employ-
es and (3) spending is better quantified and monitored through
he billing statistics and may help future budgeting (Norman et al.
021 ). 

However, the pricing model can be complex when chargeable
sages are vaguely defined for some services and resources. Con-
equently, budgeting for cloud infrastructure beyond the basics is
ften more complicated. For example, in the cloud-native NoisePy
est (see Section 5.1 ), we utilize AWS S3 to save pre-stacked cor-
elation functions before stacking. Besides the ephemeral storage
ost from pre-stacked correlation functions, S3 write (PUT) and
ead (GET) operations also come at a flat rate (usually several
SDs per thousand requests). Despite being minimal, such cost

hall not be omitted when performing a large-N and large-T am-
ient noise interferometry study with potentially millions of such
perations. Moreover, data bytes travelling across cloud regions
ill incur a perceivable egress cost, unless waived under specific

greements [e.g. the Open Data Sponsorship Program, which sup-
orts the SCEDC S3 archive presented by Yu et al. ( 2021 )]. Addi-
ional charges may also be applicable for on-demand servers. For
nstance, I/O operations with the standard pricing model are not
ree for DocumentDB clusters. With this type of cluster, spend-
ng may be significant when I/O usage is extensive (e.g. phase
icks, insertions and metadata queries that scale with the job, see
ection 5.2 ). Such scaling terms should be identified and opti-
ized to avoid unexpected spending in a cloud-native workflow.
espite these challenges, our experience has been fortunate to over-
udget, strategize to optimize and conclude with a lower overall
ost. 

Explicitly comparing cloud compute costs to the costs for on-
remise HPC is challenging, as numerous factors need to be taken
nto account for on-premise HPC, such as procurement cost, en-
rgy, facilities and labour. In addition, such costs will vary strongly
n a countr y-by-countr y basis. However, for a rough estimate, we
ompare the costs for AWS Fargate service, the service used for
he phase picking workflow above (Section 5.2 ), to estimates from
ifferent universities. A CPU core hour (SPOT instance as in our
orkflow) on AWS costs around 0.012 USD ( ∼0.010 EUR). The

https://seisscoped.org/HPS-book/intro.html
https://anaconda.org
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costs charged (for internal users) by different universities vary be- 
tween 0.008 EUR and 0.012 EUR. 2 We note that the charge for 
main memory on the university deployments was overall slightly 
higher than on AWS Fargate; however, the cost is dominated by 
the cost per CPU core. While large-scale users should consider a 
more precise, task-specific assessment of costs, taking into account 
local conditions and the expected long-term resource utilization, 
these numbers illustrate that for workflows as the ones presented, 
the cost of on-premise and cloud resources is in a similar range. In 
all instances of researchers using institutional computing centres or 
cloud services, federal research grants can support these costs [e.g. 
as was the case for the numerical experiment shown here through 
a National Science Foundation CloudBank g rant (Nor man et al. 
2021 )]. 

In summary, researchers in seismology will benefit cloud re- 
sources if (1) they need on-demand resources as in early warn- 
ing or rapid post-event response without provisioning them over 
long time-frames, (2) many researchers are working on the same 
data (e.g. shared open-access data archive or post-earthquake re- 
sponse archive) and (3) the data archival is supported by cloud 
providers (e.g. AWS open data), non-profits (e.g. RadiantEarth 
https://radiant.earth/ ) or funded by governments [e.g. National Sci- 
ence Foundation Seismological Facility for the Advancement of 
Geoscience (SAGE) facility, now operated by the EarthScope Con- 
sortium] and on the order of peta-scale. Cloud services may be too 
costly for researchers who work directly with TBs of data, whose 
analyses are not time-constrained, who can guarantee a stable uti- 
lization of on-premise resources and who mostly want to share that 
data within their institutional research groups (i.e. a limited number 
of users). 

8.4 Disadvantages of cloud computing for science 

No medium offers tr ue per manence—disc drives typically require 
replacement after 5–8 yr—and cloud object stores are no exception. 
The difference is economic rather than technical: keeping a petabyte 
of data in a frequent-access state becomes an annual operating 
expense that can outstrip the one-off capital cost of a local tape 
librar y, especially once data-eg ress and retrieval fees are factored 
in. Although a common perception is that commercial clouds are 
less reliable than institutional computing centres, the underlying 
hardware is identical. The fundamental trade-off, therefore, is not 
reliability but the ongoing cost model and the penalties for frequent, 
bulk access to archival data sets. 

Moreover, because cloud uses shared but logically isolated hard- 
ware, r un-to-r un perfor mance may fluctuate as neighbouring users 
compete for network or disc bandwidth, whereas a dedicated on- 
prem workstation delivers near-identical wall times each day. Sec- 
ondly, tightly coupled jobs still run more efficiently on institutional 
clusters wired with low-latency node communication; compara- 
ble services do exist on the cloud, but the hourly premium usu- 
ally outweighs any elasticity benefit. Finally, the funding model 
feels unfamiliar: instead of drawing on a pre-paid allocation of 
CPU-hours, researchers receive a transparent bill that details costs, 
which can be unsettling when project budgets are built around fixed 
grant lines. 
2 https://hpc.r tu.lv/hpc/hpc-ser vices/price-list/?lang=en , https://hpc.ut.ee/ 
pricing/calculate- costs , https://hpc- docs.uni.lu/policies/usage- charging/ 
(last access 2025 August 11 for all) 
9  C O N C LU S I O N  

Cloud computing and storage offer a viable solution for analysing 
petabyte-scale seismic archives, leveraging the concept that data 
is transferred only once but distributed to many users. Cloud- 
optimized and containerized workflows can be spun up on demand at 
a relatively affordable cost for the size of the task. Cloud computing 
and storage solve the problems of slow campus Ethernet networks 
and shared HPC queues, enabling peta-scale analysis completed in 
hours to days, instead of months. However, building a cloud-ready 
pipeline remains a significant undertaking for most scientists. Con- 
tainerizing legacy code, wiring up object storage I/O and automating 
provenance all require skills that fall between classical research and 
production software. Research software engineers remain essential: 
they translate scientific intent into robust, version-controlled arte- 
facts, add automated tests and keep pace with the rapid evolution 
of cloud services. Once that up-front investment is made, every run 
is self-documenting and trivially repeatable, lowering the long-term 

maintenance burden. Prototyping for cloud systems on local servers 
is beneficial (e.g. minimizing cost) and possible (e.g. developing 
reproducible software and environments), for example, using tools 
such as MinIO object storage systems and MongoDB data bases. 
Researchers may focus on workflow reproducibility, open-sourcing 
software and minimizing job requirements to increase speed and 
lower computing and environmental costs. 

Our performance benchmarks illustrate the payoff. In our 
ambient-noise test case, 1.6 TB of correlation functions—6.2 mil- 
lion files—were generated in eleven hours for about 250 USD, 
all without touching a single on-premise disc. Likewise, the 
QuakeScope catalogue builder scanned roughly 1.3 PB of global 
data sets in three days, limited only by computing quotas, and likely 
discovered 10 times more earthquakes than previously reported. 
Automatic retries on pre-emptible instances kept utilization high 
and human intervention low, demonstrating that today’s managed 
services can rival dedicated HPC for embarrassingly parallel seis- 
mology at comparable cost. 

Looking ahead, both DAS and the rapid proliferation of low- 
cost IoT seismometers will significantly increase data volumes and 
latency requirements, far exceeding today’s norms. In the earth- 
quake early warning architecture, hundreds to thousands of edge 
devices can run lightweight pickers locally, then stream only com- 
pact, parametric data to the cloud. There, serverless functions fan-in 
those messages, trigger association and localization and broadcast 
alerts—often within a few seconds of the origin time. The rapid 
scaling of cloud resources is particularly suitable for handling rare 
and extreme events. Finally, Cloud providers’ per-region carbon- 
intensity dashboards (e.g. AWS’s Sustainability Pillar, Google’s 
Carbon-Free-Energy scores, Microsoft’s 2025 renewables target) 
can inform users to choose cloud computing regions with a lower 
carbon footprint without sacrificing latency and performance. 

However, there are caveats about using the cloud for seismologi- 
cal research. Cloud services are expensive for direct prototyping and 
experimenting with orchestrating autoscaling. Given the investment 
in software development, it is also not necessarily advantageous to 
use the cloud for analysing data sets on the order of 100 TBs or less. 
Fur ther more, the cost of cloud storage is significant for individual 
researchers, except when benefiting from free open data programs 
(e.g. AWS open data), and when national facilities that typically 
invest heavily in on-premise servers find cost benefits in migrating 
services to cloud systems (e.g. EarthScope). Finally, technological 
advancements in commercial clouds are needed to compete with 
the tightly coupled nodes of conventional HPC centres. 

https://radiant.earth/
https://hpc.rtu.lv/hpc/hpc-services/price-list/?lang=en
https://hpc.ut.ee/pricing/calculate-costs
https://hpc-docs.uni.lu/policies/usage-charging/
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Realizing that vision will take community effort—shared, con-
ainerized code, FAIR data in cloud-optimised formats and collabo-
ations between domain scientists and research software engineers.
omputing skills and software best practices are constantly improv-

ng, especially with the rise of open-source programming languages
nd training materials (e.g. Community 2025 ). 

Publicly funded research networks such as ESnet (United States),
ÉANT (Europe) and CSTNET (China), paired with high-speed

ransfer tools like Globus (Allen et al. 2012 ) and GridFTP, en-
ble researchers to move multi-terabyte to petabyte data sets at
ens to hundreds of gigabits per second, with record demonstra-
ions reaching 1 PB d−1 . These dedicated optical backbones in-
erconnect supercomputing centres, data archives and universities,
roviding low-latency, high-reliability transfers at no direct cost to
cientists, critical for sharing seismic, satellite and climate model
ata. In parallel, the compute-close-to-data paradigm allows re-
earchers to run tens of thousands of jobs directly adjacent to petas-
ale data sets on public HPC platforms [e.g. United States Depart-
ent of Energy facilities, Partnership for Advanced Computing in
urope (PRACE), China National Grid (CNGrid)] or commercial
louds, minimizing transfer time entirely. Public HPC resources
ffer this capacity for free to approved projects but remain gated
y competitive access and national affiliation, while commercial
louds are globally accessible yet cost-sensitive. A globally equi-
able ecosystem would combine open research data sets with sub-
idized compute near data, ensuring that any researcher, anywhere,
ould run massive workflows without prohibitive costs or technical
arriers. 

To conclude, the heavy lift of the peta-scale era for seismological
ata analysis is within reach. Embracing cloud and other scalable
omputing solutions transforms this burden into a catalyst. It al-
ows researchers to interrogate Earth processes at resolutions and
imescales that were previously out of reach, opening new frontiers
f discovery. It also permits researchers to focus on fundamental
hysical methods, rather than being limited by a given observa-
ional period and spatial extent. Petabyte-scale seismology is now
ractical. 
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