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Abstract. In this work, a novel approach to earthquake detection by integrating deep learning architectures with
decentralized data management is introduced. To this end, variational autoencoders are trained within the OASEES
framework, employing the InterPlanetary File System for data and model storage, moving beyond traditional central-
ized cloud/edge processing. The obtained experimental results demonstrate the model’s ability in classifying seismic
events, achieving an accuracy level of 97.24%. The proposed distributed architecture not only achieves top perfor-
mance, but also aligns with the heterogeneous cloud-fog-edge computing continuum, offering improved data gover-
nance and control.
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1 Introduction

Earthquakes are considered to be among the most dangerous natural disasters, with a mortality rate
exceeding 50% compared to other natural disasters.! Therefore, seismic activity monitoring and
prediction are of the utmost importance in protecting people’s lives and infrastructure. Currently,
earthquakes are measured by relevant agencies around the world, such as the United States Ge-
ological Survey and the National Observatory of Athens, which report earthquakes within a time
frame of 1 to 30 minutes, depending on their magnitude. The aforementioned agencies are able to

identify and characterize earthquakes by analyzing measurements from multiple seismic sensors,



32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

scattered around the globe, using tools and methodologies from the scientific field of Statistical
Seismology.?

However, in recent years, machine learning (ML) approaches have gained momentum, due
to their ability to outperform traditional methodologies in terms of efficiency and robust perfor-
mance.>* Specifically, in the field of earthquake seismology, various models have been devel-
oped to detect seismic events, classifying seismic waveforms into two (usually earthquakes and
sounds/noise) or more distinct classes. By carefully selecting appropriate training data, classi-
fiers can be trained to detect broad ranges of seismic events, including surface waves,” volcanic
earthquakes® low-frequency earthquakes’® and mining-induced earthquakes.® '°

Despite their success, the aforementioned models, trained on unified datasets one a single ma-
chine (an approach also known as centralized machine learning - CML), also exhibit certain limita-
tions,!!*!? the most important of which is their inability to process data streams from a continuously
evolving set of seismic sensors, geographically dispersed around an earthquake epicenter, as de-
picted in Figure 1. Therefore, distributed computing approaches at the edge'® could mitigate this
effect, albeit currently available solutions revolve around centralized clouds, limiting data gov-
ernance and identity management, even though the future of cloud computing is expected to be
distributed and heterogeneous.'*

For the task at hand, a holistic solution would be ideal, encompassing the entire computing
continuum, from central infrastructures to smart edge devices. Nevertheless, there is a lack of open
management frameworks, and commercial hybrid core/edge management solutions, like Azure
Stack Edge,'® are closed and not suitable for private use. Another gap to be addressed deals
with edge orchestration solutions. While public clouds offer user-friendly interfaces, enabling

data scientists to prioritize on data management and Al model optimization rather than dealing

2
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Fig 1: Geographically distributed seismic sensors around an earthquake epicenter'”

with the management of physical and virtual resources required for these tasks, edge orchestration
solutions available today do not include this functionality.!” Moreover, the aspect of security is
also vital, as edge infrastructures can be dynamic and require continuous verification of services
and infrastructure throughout the continuum.

In this respect, the current work aims to facilitate the deployment of ML and deep learning
(DL)-based earthquake detection models, by utilizing distributed learning approaches over the
Open Autonomous programmable cloud appS & smart EdgE Sensors (OASEES) framework. '
The OASEES framework, which is going to be described in detail in Section 2, is a fully open-
source, decentralized and secure Swarm programmability framework for edge devices, leveraging
various artificial intelligence and ML accelerators (such as spiking neural networks and quantum

computing devices), while at the same time supporting a privacy-preserving Object ID federation
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process. In the context of the current work, extensive experimental testing is conducted in order to
assess the performance of a DL-based seismic detection model based on variational autoencoders
(VAEs) and determine the practicality of integrating models and data into distributed file systems,
leveraging OASEES’ capability for creating data and model products, as well as for deployment
purposes.

The remainder of this paper is organized as follows; Section 2 provides a comprehensive
overview of the OASEES framework, covering the processes of data and model integrations into
the InterPlanetary File System (IPFS)!” and Gaia-X, as well as the product creation and deployment
processes Section 3 describes the experimental methodology, including details about the dataset
and the model architecture. Section 4 discusses the findings of the study, while Section 5 concludes

the paper and summarizes the results, also identifying potential areas for future research.

2 The OASEES Framework

Recent advances in edge computing have led to the development of various infrastructure and
service management platforms, including open-source options. To fully harness the benefits of
edge computing, a comprehensive strategy that integrates intelligent devices with central systems
is essential. Despite the distributed and diverse nature of cloud computing, there is a notable
absence of open management frameworks.

The OASEES project'® aims to develop a pioneering programmability framework using state-
of-the-art technologies such as AI/ML accelerators (like spiking neural networks and quantum
computing devices), along with a privacy-aware Object ID federation technique. This framework
will facilitate decentralized and secure collaboration among edge devices by leveraging Blockchain

technologies to ensure data integrity, enhance security, utilizing IPFS'® to enable efficient, dis-
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tributed and resilient data storage and sharing, further enhancing the robustness and scalability of
edge computing environments.

The OASEES framework offers a complete solution for creating, training, and implementing
ML/DL models, while also supporting secure data exchange across different areas within an or-
ganization. In addition, the framework fully complies/is compatible with the Gaia-X federation?’
and the International Data Space Association directives and specifications.'® Key features of the

framework are showcased in Figure 2 and include:

* Decentralized Management: The OASEES framework allows organizations to manage
their infrastructure clusters without relying on a centralized authority. This decentralized
approach enhances security, reduces single points of failure and ensures greater control over

data and resources.

* ML and DL Model Development: Organizations can use the OASEES framework to de-

velop, train, and deploy their ML/DL models efficiently.

* Private IPFS Network: The framework incorporates IPES, creating a dedicated private
network for secure and efficient data sharing within the organization. This enables teams to
store and share large datasets necessary for training ML and DL models, ensuring data to be

readily accessible across different regions, while maintaining privacy and security.

* OASEES SDK: A set of utilities that allow the seamless installation of all the necessary

components. Also, it provides all the tools to develop, build and deploy ML/DL models.

* OASEES Blockchain Marketplace: The framework includes the OASEES marketplace,

where organizations can publish and exchange data products such as ML/DL models, as
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Fig 2: Key features of the OASEES framework



109

110

111

112

113

114

115

116

117

118

119

120

To exit full screen, press ‘ Esc ‘

OASEES OASEES SDK MLOPS

Projects ~ Data | Deploy

ﬁ-\,_r Home
Q Marketplace Running Training Workloads
o Publish Data Folders
rch data folders by nams
%? Notebook
0/) Earthquake_dataset 2017 &
Upload Data Folder
i d drop a folder h t
Data Details
Available Versions of Earthquake_dataset 2017
CID: QmZ854CFz4BKiRmezth1yucP5]9KZUG1fTCBb2tejV3QYY
Uploaded at: Mon, 29 Jul 2024 22:34:27 GMT

Fig 3: Uploaded dataset within a private IPFS network.

well as datasets. Leveraging blockchain technology, these data products are published as
non-fungible tokens (NFTs),?! ensuring data integrity and supporting transparent, tamper-
proof transactions. Users can log in to the marketplace using their Web3 wallets, such as

MetaMask,?” facilitating secure and decentralized transactions.

Users within an organization can upload datasets using the shared management User Interface
(UI), which is designed to facilitate inter-organizational collaboration, as showcased in Figure 3.
To upload a dataset, a user navigates to the management interface and utilizes the provided upload
feature to select their dataset. Once the dataset is uploaded, it is sent to the private IPFS network
(which, being a decentralized storage solution, ensures that the data are securely distributed and
accessible) and a Content Identifier (CID) is generated. This CID is a unique hash that serves as a
pointer to the dataset within the IPFS network, ensuring both the integrity and ease of retrieval of

the data. The generated CID is then made available within the management UI, allowing all users
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Fig 4: Integration of a VAE model into OASEES.

within the organization to access and use the dataset. This seamless process ensures efficient data
sharing and collaboration, backed by the security and reliability of the IPFS .

Following dataset upload, the OASEES Python software development kit (SDK) can be em-
ployed to develop and train ML/DL models. The SDK streamlines the model development process,
making it easy to implement ML/DL algorithms. Once a model is developed and training is com-
pleted, it is stored on IPFS and is automatically made available and accessible via the management
UI. The model can then be deployed through the OASEES SDK (Figure 4), either to a specific
worker node or across multiple nodes for scalability. Upon deployment, the model is retrieved
from IPFS and instantly deployed as a service, capable of processing incoming sensor data and
providing inference results. Additionally, users can easily retrain the model using new data, again
through the management UI.

This process involves uploading new datasets and employing the OASEES Python SDK once
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again, to refine the model. This capability allows for continuous improvement and adaptation of the
model, based on updated data, fostering an environment of ongoing development and innovation
within the organization. Each trained model is also accompanied with all the necessary files in
order to be deployable, including model parameters, source files that load the model and enable its
inference mode and finally a Dockerfile that allows the building of the model as a containerized
application.

If a user within an organization wishes to publish a model or a dataset, they can use the
OASEES marketplace. To begin, the user logs in with their Web3 wallet, such as MetaMask,??
providing a secure and decentralized authentication method. Once logged in, the user can upload
the assets they wish to sell to the OASEES IPFS network. After uploading the assets, the user can
mint an NFT that contains the CID of the asset, which ensures that it is uniquely identified and
can be securely accessed. The minted NFT is then listed on the OASEES marketplace, where it
becomes available for purchase by other users. Furthermore, users of the OASEES marketplace
can browse and buy these assets (Figure 5). For example, trained models, once purchased, are
ready to be deployed by the buyer. Furthermore, if the purchaser possesses similar data, he or she

can retrain the purchased model to improve its performance or adapt it to his/her specific needs.
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Finally, after data integration and product creation, the Gaia-X?* onboarding process starts.
OASEES hosts these resources on IPFS and provides a management API to make access and con-
trol easier. This critical step involves minting verifiable credentials for all participants, including
the legal entity, the data product provider and transforming the product itself into a Gaia-X ser-
vice offering. This meticulous process ensures that all facets are defined, documented and ready
for consumption. Once defined, the data product is catalogued and made available for consump-
tion. The Eclipse Dataspace Connector (EDC)* infrastructure safeguards data integrity and policy
compliance, ensuring secure data exchange. To participate in this secure data exchange, consumers
must also utilize an EDC connector. Once the storage process is completed and the physical URL
of the resource offered within the data product is known, the next step involves defining the Gaia-
X data product and publishing it as an available asset within the EDC. This process involves two
steps; (i) obtain an SSL certificate, which must be valid for one of the Trust Anchors defined in
Gaia-X and (ii) utilize the Gaia-X Wizard to create self-descriptions for entities, participants, ser-
vice offerings, and data resources.>* After the data products have been registered in the ecosystem,
they may be accessed and utilized using an EDC connector that interacts with the OASEES EDC
connector. In order to simplify this process, OASEES includes an EDC consumer connector and
a user interface that enables server-side rendering for fast and user-friendly interaction with the
data products. In detail, the steps to consume the data from the catalogue include i) retrieving the
Data Product Identifier, ii) negotiating a contract for data usage, iii) obtaining the identifier for
the agreed contract and iv) initiating the data transfer process. The complete procedures of data

product storage, Gaia-X catalog registration, and consumption are depicted in Figure 6.
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3 Methodology

In this work, a publicly available dataset of accelerometer recordings from the Groningen region
in Northern Netherlands has been utilized, an area prone to small earthquakes induced by the deep
underground gas extraction activities.”> The dataset was selected for two primary reasons; i) the
small magnitude earthquakes in Groningen, producing low amplitude recordings that can easily
be confused with the noise or other types of vibrations, and ii) the region’s dense seismic network
providing high-resolution data due to the gas extracting company’s liabilities and public interest.
The dataset is comprised of 3 channel readings (East, North, and Up) from approximately
100 surface accelerometers, resulting in about 300 channels of data per event. Four event types are
defined, earthquakes (including small shallow earthquakes, occurring at the depth of approximately
3km, with a magnitude of 2 — 3.5 Richter), strong storms, rush hour (around 17:00PM) and silent
hour (around 03:00AM). Each event is represented by 3-minute recordings, totaling 1,297 files

with roughly 300 files per event, ensuring a balanced class distribution.

11
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In this study, VAEs with a residual network architecture have been employed for earthquake
detection, due to their efficiency in capturing complex patterns in data. VAEs are comprised of
an encoder and a decoder network, both equipped with residual blocks that enhance the learning
capability and feature representation. More specifically, the encoder network ¢(z|x) maps input
data z to a latent representation space z. Encoder architecture includes a series of one-dimensional
convolutional layers, residual blocks and fully connected (FC) layers. Each residual block consists
of two convolutional layers with batch normalization and skip connections to facilitate the training
of the deep networks. The encoder ends with two FC layers that output the mean p and log-variance
log 02 of the latent variables. The latent variable z is sampled using the reparameterization trick of

Equation 1

1 2
z = |t + exp §loga - € (1)

where € ~ N (0, I) represents standard normal noise.

Afterwards, the decoder network p(x|z) utilizes a series of transposed convolutional layers and
residual blocks to reconstruct the input data from the latent space. It begins with a FC layer that
transforms the latent variables into a high-dimensional feature map. This is followed by a series of
transposed convolutions to upsample and reconstruct the original data dimensions, passed through

a softmax function. The VAE is trained by minimizing the objective function of Equation 2

Loss = BCE(z, ) + KL(q(z|z) || p(2)) 2)

where BCE(z, ) is the binary cross-entropy loss between the input = and the reconstruction z and

KL(q(z|x) || p(2)) is the Kullback-Leibler divergence between the learned distribution ¢(z|x) and

12
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the prior p(z). The VAE was trained for 20 epochs, with a learning rate of 3 x 10~%, using the
Adam optimizer and a batch size of 32.

After VAE training, the encoder part is utilized to extract features from the input data, which
are subsequently processed by a classification network for earthquake detection. The encoder
component, whose weights are now frozen, processes input data from three channels (chy, chs, and
chs), each with a shape of R32*1%24000 ' sroducing three latent representations z;, 2, and z3 for each
channel, respectively. These representations are the concatenated into a single latent vector z, to
be subsequently processed by a series of two FC layers with ReLLU activation functions. Finally,
the network’s output layer uses the softmax function, producing class probability distributions.

The classification network was trained with a learning rate of 3 x 10~* using the Adam op-
timizer for 20 epochs, with a batch size of 32, using BCE with logits as the loss function. To
effectively train and test the proposed model architecture, the dataset was split intro two subsets
(train & test), over an 80%/20% ratio. Finally, to evaluate the performance of our classification
model, we utilized standard information retrieval metrics such as accuracy, precision, recall and
F1-score for each class. The architecture of the proposed model, which integrates both the VAE

and the classifier, is illustrated in Figure 7.

4 Experimental Results

Simulation and algorithmic procedures were performed on a computer equipped with an AMD
Ryzen 5 5600H 3.30 GHz processor and a NVIDIA GeForce RTX 3050 GPU with 16 GB of
RAM. The model described in the previous Section was implemented in PyTorch.

Table 1 provides a thorough assessment of the models performance in seismic detection. Specif-

ically, the model scored a total accuracy of 97.24%, suggesting a high-level ability in classifying

13
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Fig 7: High-level architecture of the proposed model

Table 1: Performance metrics for each class.
Class Precision Recall Accuracy F1 Score
Earthquake 96.30% 91.23%  91.23% 93.69%
No Earthquake  97.50%  98.98%  98.98% 98.24%

earthquake and non-earthquake events. In addition, the F1-score takes into account both precision
and recall, with the earthquake class having an F1-score of 93.69% and the non-earthquake class
an Fl-score of 98.24%, respectively. These findings are indicated of the model’s robustness and

ability in distinguishing earthquake from non-earthquake events.

5 Conclusions

In this study, a novel DL approach for earthquake detection, running on a distributed data archi-
tecture has been presented. A distinguishing feature of the proposed solution, is the use of VAEs
along with a classification model, leveraging the latent space features coming from the VAE, to

accurately classify seismic events and differentiate them from noise. In addition, the presented
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solution demonstrates the use of the OASEES framework for model deployment and IPFS for data
and model storage.

The findings of the current work affirm the sought-out solution, showcasing the model’s ability
in accurately classifying both earthquake and non-earthquake events. Notably, the model’s high
precision is crucial for applications where missing an event could have significant consequences.
Additionally, the slight imbalance in false predictions (i.e., due to higher number of false posi-
tives compared to false negatives), suggest a cautionary approach, by predicting earthquakes more
readily, possibly due to the higher cost of missing an earthquake.

Regarding scalability, the OASEES framework can seamlessly adapt as new devices are on-
boarded using the OASEES SDK. Data processing latency across distributed environments can
also be mitigated, by integrating sensors directly into worker nodes, introducing edge computing
to process data closer to the source, minimizing the need for data transfers to central servers. To
further enhance system robustness under varying network conditions, real-time network monitor-
ing tools could be employed to evaluate factors like latency, packet loss, and jitter.

Future research should focus on several key areas to further enhance the system’s performance
and scalability. First, training models using larger operational datasets could improve tempo-
ral coverage and enhance model generalization ability. The proposed architecture could also be
adapted for multiclass classification, enabling deeper insights not only for seismic events but
for the different types of noise recorded. Additionally, incorporating decentralized Al training
schemes, could further address data privacy issues of CML, while exploring dynamic client selec-
tion policies for worker nodes participation in training rounds, could optimize resource allocation,
balancing computational load and reducing network bottlenecks, further improving the efficiency
and scalability of the system.

15



255

257

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

Finally, the utilization of ML in earthquake detection holds significant potential and could rev-
olutionize the use of relevant data, towards the minimization of response times for natural disaster

management operations.
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