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Earthquake Early Warning Systems (EEWS) require fast, reliable, and scalable processing of seismic data
to deliver timely alerts and reduce disaster impacts. This study presents a modular deep learning—based
EEWS framework that introduces a latency-aware, event-driven processing pipeline for real-time seismic
data handling. The proposed architecture restructures the EEWS workflow into decoupled modules that
communicate asynchronously via Kafka topics, enabling efficient data streaming and scalable processing.
A standardized ingestion mechanism converts raw seismic traces into uniform JSON messages, ensuring
interoperability and reducing preprocessing overhead. In addition, parallel data ingestion combined with
topic-based message partitioning allows concurrent processing of waveform streams, improving
throughput under high data rates. The framework integrates Docker-based containerization,
multiprocessing, NGINX load balancing, and WebSocket communication to support flexible deployment
and low-latency alert dissemination. Experimental results demonstrate reduced end-to-end latency and
improved resource efficiency across multiple deployment scenarios. These findings highlight the
effectiveness of pipeline-level optimization in supporting reliable and scalable real-time EEWS
applications.

Povzetek: Predlagani sistem z globokim ucenjem omogoca hitrejso, zanesljivejso in bolj razsirljivo

obdelavo seizmicnih podatkov za pravocasno opozarjanje na potrese.

1 Introduction

Providing rapid alerts during the initial stages of an
earthquake is essential for mitigating potential damage
and reducing casualties. Earthquake Early Warning
Systems (EEWS) have evolved from manual seismic wave
detection toward increasingly automated and data-driven
approaches, enabling faster and more reliable response
mechanisms. Early systems relied heavily on human
interpretation of seismic signals, which limited their
responsiveness and scalability in real-time scenarios. The
growing availability of continuous seismic data streams
and advances in computational methods have significantly
transformed EEWS into complex, real-time information
systems capable of processing large-scale geophysical
data.

Traditional automated methods such as Short-Term
Average/Long-Term Average (STA/LTA) and matched-
filter technique have been widely adopted for seismic
phase detection due to their simplicity and low
computational requirements [1-2]. However, these
approaches often struggle to maintain high detection
accuracy under noisy conditions and may produce false

triggers or missed detections, particularly in complex
seismic environments [3]. These limitations have
motivated the exploration of more advanced techniques
that can better capture the nonlinear characteristics of
seismic signals while maintaining real-time performance.
Recent advances in machine learning and deep learning
have led to the development of data-driven EEWS
components, including models such as PhaseNet and
PickNet, which demonstrate improved performance in
seismic phase picking tasks. In addition, integrated
systems such as LOC-FLOW and QuakeFlow combine
deep learning models with distributed computing
infrastructures to enable scalable and efficient real-time
seismic data processing [2,4]. These systems represent a
significant shift toward intelligent and automated EEWS
pipelines, where detection, localization, and data
streaming are tightly integrated within cloud-based
environments.

Established operational systems include both monitoring
software and dedicated EEW methods: GITEWS uses
SeisComP3 for real-time earthquake monitoring and
tsunami warning [5]; AQMS is an Earthworm-based
operational monitoring system [6]; and ElarmS [7] and
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PRESTo [8] are dedicated EEW systems. Nevertheless,
many of these systems are primarily designed for
centralized infrastructures and may lack the flexibility
required to integrate modern distributed architectures and
deep learning—based workflows. While some recent
frameworks attempt to bridge this gap, challenges remain
in achieving seamless interoperability, scalability, and
efficient resource utilization in heterogeneous computing
environments.

QuakeFlow, for instance, exemplifies a modern EEWS
architecture that leverages Kafka-based streaming,
containerized deployment, and cloud-native design
principles to support both archived and real-time seismic
data processing [4]. Despite its advantages, the integration
of deep learning and distributed processing frameworks
can introduce significant computational overhead and
increase system latency, particularly under high data
throughput conditions [6-8]. These trade-offs highlight
the need for system-level optimization strategies that
balance detection performance with real-time processing
efficiency.

To address these challenges, this study proposes a modular
and cloud-oriented EEWS architecture that emphasizes
system-level optimization for real-time performance and
resource efficiency. The proposed framework integrates
multiprocessing for parallel data ingestion [9], NGINX-
based load balancing for efficient request distribution
[10], modular multi-container deployment for scalability,
and lightweight WebSocket communication using
Express.js for low-latency alert dissemination [11].

The main contribution of this work lies in the design of a
latency-aware, event-driven processing pipeline that
restructures EEWS data flow into decoupled,
asynchronously communicating modules using Kafka
topics. The proposed system introduces a standardized
streaming interface that transforms raw seismic traces into
uniform JSON messages at the ingestion stage, enabling
seamless interoperability between modules while reducing
preprocessing overhead. Furthermore, the integration of
parallel data ingestion with topic-based message
partitioning enables concurrent processing of waveform
streams, significantly improving throughput under high
data rates. The architecture minimizes end-to-end latency
through lightweight inter-service communication and
optimized message routing, while maintaining
extensibility by allowing independent scaling and
replacement of detection, localization, and visualization
components. Compared to existing frameworks that
primarily emphasize component integration, this work
focuses on optimizing the internal data pipeline to reduce

communication  overhead,  enhance  processing
concurrency, and ensure consistent low-latency
performance in  real-time  seismic  monitoring

environments.

2 System architecture

In this study, an Earthquake Early Warning System
(EEWS) is developed using a modular and independent
framework as illustrated in Figure 1. The system adopts a
microservices architecture in which each module operates
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as an independent service with defined network interfaces
[12]. Because service decomposition increases the number
of network interfaces, deployment security must also be
considered [13]. Key technologies include ObsPy for
seismic data processing [14-16], Apache Kafka for
message streaming [17], TensorFlow for model execution
[18], and MongoDB is a document-oriented NoSQL
database with a flexible schema and indexing support, and
the document-oriented backend [19].

Figure 1: Proposed eews architecture

The proposed Earthquake Early Warning System (EEWS)
is architecturally organized into several specialized
modules that communicate via Kafka, allowing for
flexible scaling and efficient real-time processing. Each
module fulfills a critical role in the end-to-end detection
and alert pipeline, including:

e Data provider, the system begins with the data
provider module, which is responsible for ingesting
real-time seismic data streams via seedlink using
obspy. This component emphasizes low-latency and
low-resource data flow by immediately converting
incoming seismic traces into standardized json format.
These are then published to specific kafka topics, such
as trace_topic, enabling consistent and uniform data
availability for downstream  modules.  This
standardization is a crucial requirement for real-time
eews performance [4].

e P-wave detector, this module applies a deep learning
model with multiple convolutional layers to detect the
onset of p-waves [20]. Implemented with tensorflow
and served through fastapi, this module offers high-
speed inference with minimal delay. Fastapi is selected
for its asynchronous request handling and seamless
integration with machine learning frameworks,
facilitating fast and reliable phase detection, an
essential capability for issuing timely warnings [21].

e Message broker, a central component in the
architecture which functions as a distributed message
broker utilizing a publish/subscribe pattern. Kafka
handles real-time data transmission between
containers by organizing information into topics,
trace_topic for waveform data, p_wave_topic for pick
detections, and result_topic for output from the
location-magnitude detector. This approach supports
parallel processing by multiple consumers and ensures
robust data distribution throughout the eews pipeline
[17].

o Data archiver and databases, to ensure long-term
data availability, a data archiver module subscribes to
waveform streams and stores them in a persistent
backend. The system employs mongodb, a flexible
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nosql document database, which excels at storing
unstructured seismic data and supporting high-speed
i/o operations. Its dynamic schema and advanced
indexing capabilities make it ideal for storing and
retrieving waveform information in time-critical
environments [4,19].

e Location and magnitude detector, this module
estimates key earthquake parameters namely the
hypocenter and magnitude based on the detected p-
waves. It also leverages tensorflow and outputs results
to the result topic in kafka. Its modular design
supports later integration of alternative algorithms or
more complex models for enhanced precision, offering
flexibility for continuous system evolution.

e Websocket and frontend, the system includes a
websocket service that listens to kafka topics and
relays real-time data to the frontend. This allows for
instant updates of seismic waveforms, detection
outputs, and earthquake parameters in client interfaces.
Whether built with express.Js, fastapi, or other
frameworks, the frontend can dynamically render
seismograms and display warning messages, ensuring
users receive immediate situational awareness [11].

3 Optimization methods

The performance evaluation of the proposed Earthquake
Early Warning System (EEWS) focuses on identifying the
most effective technological combination to optimize real-
time data processing and reduce system latency. Several
optimization components were developed and tested
under various scenarios to assess their impact on key
performance metrics: CPU usage, memory usage, and data
delay. The evaluation was conducted using 500-sample
trials for each test case, with resource monitoring via

Docker Desktop. The experimental modules are as

follows:

e Multithreaded and multiprocessing, the data
provider module was evaluated using four execution
strategies: sequential, multithreading,
multiprocessing, and a hybrid multithreaded—
multiprocessing model, to assess their effects on data
ingestion  efficiency and  real-time  system
performance. As the entry point of the eews pipeline,
this  module directly influences downstream
processing latency. In sequential mode, waveform data
are processed one at a time on a single thread, which
often results in higher latency and limited throughput
under increasing data loads. The multithreaded
strategy improves responsiveness by allowing
concurrent operations within a single process, making
it suitable for i/o-intensive tasks [9]. Multiprocessing
further enhances scalability by distributing tasks
across multiple independent processes and CPU cores,
reducing contention and improving performance under
continuous streaming conditions [9,22]. The hybrid
approach combines both techniques to balance
throughput, resource utilization, and delay, offering
greater flexibility for real-time processing. The
architectural details of each execution strategy are
illustrated in figure 2.
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Configurated kafka with nginx, in this
configuration, as shown in figure 3, kafka serves as the
message broker for real-time waveform distribution.
To enhance data throughput and support scalable
processing, kafka is deployed with three brokers and
partitioned  topics  (trace_topic, p_wave_topic,
result_topic), enabling parallel consumption by
components such as data archivers and p-wave
detectors. To bolster throughput and high availability,
the system may employ three kafka brokers alongside
nginx, which can function as a reverse proxy and load
balancer [23]. By incorporating nginx as a load
balancer, the system can effectively distribute client
requests, reducing bottlenecks and improving the
efficiency of the data flow. This configuration
maximizes throughput, minimizes delay, and reduces
performance bottlenecks under high traffic.
Multicontainer, to improve  responsiveness,
throughput, and deployment scalability, the data
archiver and p-wave detector modules were
implemented using a multi-container architecture, in
which multiple container instances of the same service
operate concurrently under a distributed execution
scheme. In the experimental setup, the data archiver
module was deployed using 1 to 5 containers to
evaluate the effect of horizontal scaling on waveform
storage performance and overall pipeline efficiency.
This configuration enabled parallel write operations
and reduced storage-side bottlenecks, thereby
increasing the rate at which incoming seismic traces
could be archived and made available to downstream
services [24]. A similar strategy was applied to the p-
wave detector module to support concurrent inference
on multiple waveform segments under continuous
real-time data streams. It should be emphasized that
the p-wave detection model used in this study is not a
newly proposed model, but the previously published
deep learning model described in [20], which is
integrated here into a distributed containerized eews
pipeline. The technical contribution of this work
therefore lies in the architectural design and
deployment strategy, particularly in the use of
replicated service containers to improve workload
distribution, reduce service contention, and maintain
low-latency processing across ingestion, archival,
detection, and alert dissemination stages. Such a
design is consistent with the established advantages of
containerization for lightweight deployment, service
isolation, portability, and efficient scaling in
distributed computing environments [25-27].
Express.Js, the websocket module is designed to
transmit processed seismic information, including
waveform data, estimated event location, and
magnitude, from the backend processing pipeline to
the frontend interface in real time. This module serves
as the final communication layer of the eews
architecture, ensuring that the results generated by
upstream processing components can be delivered to
users with minimal delay. In this study, two
implementation frameworks, fastapi and express.Js,
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were evaluated to determine their suitability for real-
time alert dissemination. Fastapi was considered due
to its native compatibility with python-based services
and its efficient support for asynchronous
communication, which makes it well aligned with
machine learning inference pipelines implemented in
python [21]. This characteristic is advantageous in
architectures where model inference, data processing,
and service delivery are closely integrated within a
unified software environment. Express.Js, in contrast,
was selected as an alternative lightweight framework
built on the event-driven and non-blocking execution
model of node.Js. Such an architecture is particularly
appropriate for communication-intensive workloads
involving frequent message broadcasting and multiple
simultaneous client connections [28].

™ Dy
{*‘ \ - ory.

d) i ing +

<) Multiprocessing

Figure 2: Proposed data provider architecture

Data Arch

ata Archiver 1
Load Balancer
Data Archiver 2
oooQ
v

WebSocket
Data Archiver N

/ Kaka Cluster \

> Kafka 1

P Wave Detector 1 [«
{P Wave Detector 2 } { Load Balancer } Katka 3

| Location Magnitude
Detector

> Al Chennel Waveform Data

> ZChennel Waveform Data

» P Wave Data

Figure 3: Proposed message broker architecture with
nginx.

S.R. Purnama, et.al.

4 Results and discussion

To execute the system, users are advised to utilize Docker
Compose, which facilitates container orchestration in a
streamlined and reproducible manner. The system can be
initiated in detached mode using the command “docker-
compose up -d”, enabling background execution.
Alternatively, a specific configuration file can be specified
with “docker-compose -f <configuration file> up -d”,
allowing for customized setups. This flexibility supports
systematic testing across multiple scenarios. The test cases
are defined through various Docker Compose
configuration files, each tailored to evaluate particular
aspects of the system, such as parallel data processing
methods, load balancing mechanisms, multi-container
orchestration, and WebSocket-based communication. In
particular, the test cases targeting parallel data processing
on the data provider component are structured to assess
the system's capacity to simultaneously manage diverse
data handling strategies. These scenarios offer a controlled
environment for comparative analysis and performance
evaluation of the system under different architectural and
operational conditions. The complete source code and
configuration files are available at the official GitHub
repository is
https://github.com/ArjunaWahyu/MDLBEEWS.

In this section, we describe the optimization goal and
experimental setup designed to evaluate the performance
of each component in our EEWS. Our goal is to identify
the most effective combination of technologies for
enhancing the speed and reliability of EEWS. By
evaluating various data storage methods, real-time
communication frameworks, and data management
solutions, we aim to optimize the system’s performance to
ensure timely and accurate seismic warnings.

Table 1: Data provider experiment result

Scenario | Data CPU | Memory | Note
Delay Usage | Usage
(seconds) [ (%) (MB)

Sequential | N/A N/A N/A Terminated
after +40
minutes
because
memory
exhausted;
benchmark
not
completed.

Multi- 3.150 31.24 | 112 Became

threading unstable with
a large
number  of
threads.

Multi- 2.955 4450 | 476 Stable

processing

Multi- 4.768 62.50 | 600 Stable

processing

+ Multi-

threading
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The results in Table 1 show clear differences among the
execution strategies. The sequential configuration did not
complete the benchmark because its memory consumption
progressively increased during continuous SeedLink
ingestion until the available system memory was
exhausted. The process was consequently terminated after
approximately 40 minutes, and complete-run averages for
delay, CPU usage, and memory usage could not be
calculated. Multithreading achieved a data delay of 3.150
seconds but became unstable when a large number of
threads were used. Multiprocessing remained stable and
produced the lowest measured delay of 2.955 seconds,
with 44.50% CPU usage and 476 MB of memory. The
hybrid multiprocessing—multithreading configuration also
remained stable but produced higher delay and resource
consumption. Therefore, multiprocessing provided the
most favorable balance of stability, latency, and resource
utilization.

Table 2: Message broker experiment result

Scenario Data CPU Memory
Delay Usage | Usage
(seconds) | (%) (MB)
Kafka 3 Container | 0.006329 | 27.24 | 3,108
Kafka 3 Container + | 0.015902 | 25.68 | 2,591
NGINX

Table 2 highlights differences between using Kafka alone
and Kafka with NGINX as a load balancer. Kafka-only
setup results in lower delay due to internal message
partitioning. However, integrating NGINX introduces
additional delay because of overhead in routing and
communication layers. Despite this, CPU usage remains
stable across both setups. Memory usage is higher in the
Kafka-only configuration, which reflects Kafka's
responsibility for both brokering and load management.
Adding NGINX reduces Katka’s memory load, shifting
routing tasks to the proxy. The decision between setups
depends on whether latency or memory efficiency is the
higher priority.

Table 3: Databases experiment result

Scenario Process CPU Memory
(seconds) Usage Usage
(%) (MB)
InfluxDB 0.007740 32.91 433.92
MongoDB | 0.004206 20.16 1,925.22

Table 3 compares the performance of InfluxDB and
MongoDB under the evaluated database workload.
MongoDB recorded the shorter process time of 0.004206
seconds and lower CPU usage of 20.16%, but required
substantially more memory at 1,925.22 MB. InfluxDB
recorded a process time of 0.007740 seconds and CPU
usage of 32.91%, while using only 433.92 MB of memory.
These results demonstrate a trade-off between processing
speed and memory consumption: MongoDB is preferable
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when lower processing time is prioritized, whereas
InfluxDB provides a more memory-efficient alternative.

Table 4: Data archiver experiment result

Scenario Data Delay | CPU Memory
(seconds) Usage (%) | Usage
(MB)
5 Container | 0.015763 197.90 518.59
4 Container | 0.015903 185.81 418.59
3 Container | 0.017323 173.48 321.34
2 Container | 0.018164 160.55 242.68
1 Container | 0.019274 150.37 151.34

Table 5: P-wave detector experiment result

Scenario Data CPU Memory
Delay Usage Usage
(seconds) (%) (MB)

5 Container + | 0.033676 192.14 | 20,240

fast APl 2

Worker

4 Container + | 0.034843 177.18 | 19,836

fast APl 2

Worker

3 Container + | 0.035214 162.55 | 18,749

fast APl 2

Worker

2 Container + [ 0.035951 157.21 | 17,685

fast APl 2

Worker

5 Container 0.032647 280.00 | 16,530

4 Container 0.033197 257.94 | 15,528

3 Container 0.034010 228.17 | 14,214

2 Container 0.034936 195.73 | 13,530

The performance evaluation of multi-container execution
highlights the trade-offs between latency, scalability, and
resource usage. Increasing the number of containers
improves processing speed and reduces delay by
distributing tasks in parallel. However, CPU and memory
usage also increase accordingly. For the Data Archiver, as
shown in Table 4, performance improves with container
count, but resource consumption also increases. The P-
Wave Detector shows similar trends, as presented in Table
5. Integration with FastAPI helps scale requests
efficiently; however, it slightly increases delay and
memory usage while reducing CPU utilization. The
appropriate configuration therefore depends on whether
the system prioritizes processing performance or resource
conservation.

Table 6: Websocket experiment result

Scenario Data CPU Memory
Delay Usage Usage
(seconds) | (%) (MB)
Express JS 1 | 0.001324 12.02% | 95.49MB
Client
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Express JS 5| 0.001452 13.38% | 96.05MB
Client
Fast APl 1| 0.001356 17.71% | 72.67TMB
Client
Fast APl 5 0.001578 39.05% | 72.97MB
Client

Based on the analysis of Table 6, Express.js offers better
CPU efficiency and lower delay in both low and high
connection scenarios, making it suitable for real-time,
high-concurrency applications. However, it uses more
memory. FastAPI consumes less memory but incurs
significantly higher CPU usage, especially when scaling
to multiple clients. The trade-off is between memory
efficiency (FastAPI) versus CPU efficiency and latency
(Express.js). Framework selection should be aligned with
system priorities Express.js for low-latency high-traffic
environments, or FastAPlI for memory-constrained
deployments.

5 Conclusion

This study evaluated parallel processing, message
brokering, multi-container deployment, and WebSocket
communication in a modular EEWS architecture.
Multiprocessing provided the best balance of stability and
performance, achieving a 2.955-second delay with
44.50% CPU usage and 476 MB of memory. Kafka alone
produced the lowest messaging latency, whereas adding
NGINX reduced memory usage at the cost of additional
delay. Increasing the number of service containers
improved processing speed but required more CPU and
memory. For WebSocket communication, EXpress.js
achieved lower latency and CPU usage, while FastAPI
offered better memory efficiency. Overall, the results
demonstrate that no single configuration is optimal for
every deployment; component selection should reflect the
required balance among latency, scalability, and resource
availability. Future work should validate the complete
architecture using end-to-end latency, reliability, and
realistic multi-station workloads.
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