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Abstract

This article presents a model for orchestrating data extraction, processing, and storage,
addressing the challenges posed by diverse data sources and increasing data volumes. The
proposed model includes three primary components: data production, data transfer, and
data consumption and storage. Key architectures for data production are explored, such as
modular designs and distributed processes, each with advantages and limitations regarding
scalability, fault tolerance, and resource efficiency. A buffering module is introduced to
enable temporary data storage, ensuring resilience and asynchronous processing. The
data consumption module focuses on transforming and storing data in data warehouses
while providing options for parallel and unified processing architectures to enhance effi-
ciency. Additionally, a notification module demonstrates real-time alerts based on specific
data events, integrating seamlessly with messaging platforms like Telegram. The model
is designed to ensure adaptability, scalability, and robustness for modern data-driven
applications, making it a versatile solution for effective data flow management.

Keywords: big data; producer; consumer; buffer; event-driven

1. Introduction
Data orchestration is the coordinated movement of data from different sources to a

single center where it can be stored and processed. This includes collection, pre-processing,
quality assurance, and storage of information. For this purpose, various approaches, mod-
els, and tools are applied that ensure data security and authenticity. Effective coordination
and operation with information enables important judgments and conclusions to be made,
leading to successful development. Coordinated management of data extraction, process-
ing, and storage has become paramount for organizations that want to use their information
assets successfully. With the proliferation of devices and data sources, a robust model that
seamlessly organizes these processes is needed. In this article, we propose a model that
we have implemented to meet this challenge. Through it, we can securely, easily, and
conveniently control data extraction, processing, and storage. It focuses on the roles of data
production modules, buffers, and data stream consumers.

Effective orchestration in data extraction, processing, and storage has been a corner-
stone for modern digital systems to unlock the full potential of an organization’s informa-
tion assets. With data volumes, speeds, and types continuing to increase, underpinned by
the exponential adoption of IoT devices, cloud services, and enterprise systems, demand
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for strong frameworks for data management correspondingly rises [1–3]. Historically, pio-
neering works have highlighted the need for data organization in order to make decisions
and undertake strategic planning. The early works of [4,5] naturally set up the bases for
current architectures that would aim at modularity, fault tolerance, and scalability. These
early efforts laid the groundwork for contemporary architectures that prioritize modularity,
fault tolerance, and scalability [6–8].

This work revisits such principles by proposing an overall model that smoothly
integrates data production, buffering, and consumption toward solving contemporary
challenges. Unlike previous centralized approaches that suffered from bottlenecks and
single points of failure, this model emphasizes modularity, distributed processing, and real-
time analytics inspired by recent work in cloud computing and asynchronous processing [6].
It integrates components such as modular adapters, message brokers, and notification
systems, among others, to avoid shortcomings like system downtime, wastes of resources,
and slow processing.

In addition, notification mechanisms for data changes are integrated into the model,
showing its commitment to proactive communication and decision-making. It reflects
a shift in focus from static data storage to dynamic data flow, thus fitting well into the
real-world demands of e-commerce, healthcare, and finance, among others [9]. Accordingly,
this work advances the state of the art in data management from its traditional roots to
modern needs for flexibility, efficiency, and fault tolerance in data-driven ecosystems.

In the domain of large-scale data collection and processing, Lambda Architecture
and Kappa Architecture [10] have become foundational paradigms. Lambda Architecture
combines a batch layer for accurate and complete historical processing with a speed layer
for real-time, low-latency updates. While effective for ensuring accuracy and fault tolerance,
this dual-layer approach introduces considerable complexity, as it requires maintaining
and synchronizing two distinct code paths for the same business logic. To address this,
Kappa Architecture was introduced as a simplification, advocating for a unified stream
processing model where all data, past and present, is treated as a continuous stream, pro-
cessed and reprocessed in a single layer. Despite reducing complexity, Kappa Architecture
assumes a more uniform data model and may face challenges when accommodating highly
heterogeneous data sources or when needing modularity and flexibility in processing logic.
By contrast, the proposed event-driven orchestration model advances these paradigms by
emphasizing modular adapters for diverse producers, configurable buffering mechanisms,
and unified or parallel consumer architectures. This design offers greater adaptability
for real-time heterogeneous environments such as e-commerce and IoT systems, where
data formats and processing needs can be highly variable. As part of our future work, we
plan to conduct a detailed comparative analysis between the proposed model and existing
models like Lambda and Kappa Architectures to further validate performance, flexibility,
and operational efficiency across diverse application scenarios.

2. Related Work and Background
We consider a basic model for data extraction, transfer, processing, and storage. Its

block diagram is shown in Figure 1. It contains three main components:

• The data production module;
• The data transfer module;
• The data processing and storage module.
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Figure 1. Basic model for data extraction, transfer, processing, and retention.

We will briefly present their essence and their main operations.

2.1. Data Producer Module

The data producer plays a central role in the model. It is a core component that aims to
collect data from various devices, applications, and spaces. These devices can range from
IoT sensors and mobile applications to enterprise systems and external APIs [11]. The pro-
ducer service is the main module through which data flows in the system, using protocols
and interfaces tailored to the characteristics of each data source. The data producer allows
the ability to adapt to different data formats, transmission protocols, and authentication
mechanisms, ensuring compatibility with heterogeneous environments.

In this article, we will look at two main data producer architectures:

- Modular Data Producer

This component variant is distinguished by its modular architecture, which includes
a flexible adapter framework that integrates with various data sources. This component
serves as a unified entry point for data ingestion, abstracting the complexity of device-
specific protocols and interfaces. At its core are its adapter modules shown in Figure 2,
each of which is tailored to the unique characteristics of different devices and data streams.

These adapters act as modular components [12] within the producer service, enabling
asynchronous [13] data extraction based on predefined rules and configurations. This
module manages a set of additional adapters. Each adapter is responsible for extracting data
from a specific device. Using asynchronous data extraction not only improves performance
and scalability but also facilitates real-time processing and analysis of streaming data [14].

The advantage of this modular approach lies in its ability to accommodate a wide
range of data sources. Each adapter module is responsible for interacting with a specific
type of device or data stream, using protocols and communication mechanisms optimized
for efficient data transfer.
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Figure 2. Modular adapter-based data ingestion architecture.

This module architecture not only simplifies management and monitoring but also
improves fault tolerance and resilience, since the failure of one adapter module does not af-
fect the operation of others. Although the modular architecture [15] and its diverse adapter
modules offer numerous advantages, it also introduces potential disadvantages, especially
in terms of system reliability and fault tolerance. One of the biggest disadvantages of
this option is the single point of failure. In the event of a service outage or application
failure, all data extraction processes stop, resulting in a complete halt in data collection
from all devices.

This vulnerability not only disrupts real-time data streams but also jeopardizes critical
operations that depend on timely data information. Additionally, the complexity of manag-
ing multiple adapter modules within a single application or container increases the risk of
cascading failures, where a failure in one module can propagate to others, amplifying the
impact on data retrieval capabilities.

- Each data producer in a separate process

Instead of having a single process managing multiple adapters in this case, each
adapter is represented as a separate process; as shown in Figure 3, there is no centralization
of the adapters.

Figure 3. Decentralized architecture for independent data adapters.

These multiple processes data processors, each dedicated to a specific device, introduce
a distributed architecture that offers several advantages: increased fault tolerance [16] and
resiliency. By isolating the processors for each device in separate processes, a failure in one
processor does not affect the operation of the others, ensuring continuous data extraction
from unaffected devices. This architecture promotes scalability, as each processor can be
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independently scaled based on the volume and bandwidth requirements of the device
connected to it.

This allows for efficient resource allocation and optimization, preventing bottlenecks,
and ensuring optimal performance across the system. In addition, distributing processors
across different processes facilitates easier management and monitoring, allowing for
granular control and problem isolation.

This architecture also creates certain challenges. Managing a large number of inde-
pendent processor processes complicates deployment, configuration, and maintenance.
Coordinating interactions between multiple processors and downstream components, such
as buffers [17], requires more open connections to the data buffer areas. They are finite in
number, and this limits performance.

This multitude of processes impacts system resources, especially when we have a large
number of devices or variable volumes of data. Ensuring consistency and synchroniza-
tion between different production processes can be challenging, especially in distributed
environments where network latency [18] and reliability issues can arise.

2.2. Data Buffering Module

To ensure that all data has sufficient time to be processed, we provide a place to
temporarily store the data before processing. We call it a buffer for temporary storage. After
data is collected by the data collection component, it is passed to the buffer for temporary
storage. The buffer serves as a basic intermediary, separating the data consumption process
from the downstream processing and storage operations. This separation improves system
resilience, scalability, and flexibility by enabling asynchronous data flow and load balancing.
The buffer can take various forms, including message brokers [19], databases, files, or cloud
storage services, depending on the specific requirements of the system. We suggest using
message brokers like Apache Kafka [20] or RabbitMQ [21] for the buffer zone because they
offer robust queuing and streaming capabilities, allowing for seamless data transfer and
distribution. Databases, on the other hand, provide persistence and query capabilities,
allowing for complex transformations and data enrichment. The important thing for this
module is that the data that enters and leaves the buffer does not change.

2.3. Data Consumption and Processing Module

Once the data is passed to the buffer, it is retrieved, consumed, and processed by a
component responsible for extracting information, performing analytics, and storing the
information in structured and unstructured formats [22]. This module uses the buffered
data to execute predefined processing pipelines, including tasks such as data cleansing,
transformation, aggregation, and enrichment.

The role of the consumer is to process and write the data to a specific repository. These
repositories are also called data warehouses [23]. A data warehouse is a centralized reposi-
tory designed to store and manage large amounts of structured and semi-structured data
from multiple sources, optimized for querying, reporting, and analysis, unlike a functional
time-sensitive database, personal internal communications processing, or purpose-built
data warehouses for decision support. There are three main types of data warehouses:
enterprise data warehouses (EDWs), which provide comprehensiveness and organizational
data integrated thinking; the operational data warehouse (ODS), which maintains interim
operational reports; and data marts, which are small domain-specific data warehouses
tailored to individual departments or offices. By implementing validation mechanisms,
error handling strategies, and data management policies, the module reduces the risk of
erroneous or inconsistent data [24] entering the data store. In addition, this component can
have a different set of rules according to which it processes the data.
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- The component as a set of processes

Implementing the consumer module as a parallel process for processing and storing
data from different queues has several advantages in terms of performance and scalability.
One notable advantage is the ability to use parallelism to improve processing performance
and reduce latency. By simultaneously processing data from multiple queues, the consumer
module can use the available computing resources more efficiently, maximizing processing
speed and minimizing processing time. This parallel processing capability allows the
system to accommodate large volumes of data and meet strict latency requirements, ensur-
ing timely data ingestion and analysis. The ability to scale horizontally by implementing
multiple data processing processes, shown in Figure 3, for each queue, allows for seamless
expansion to meet growing demands, further improving the scalability and responsiveness
of the system.

However, this approach also creates certain challenges and trade-offs. Managing
multiple user processes or handlers, each dedicated to a specific queue, can introduce
complexity in implementation, configuration, and monitoring. Coordinating interactions
between multiple user instances and downstream storage systems may require robust
orchestration mechanisms to ensure efficient data flow and fault tolerance.

In addition, the overhead of managing multiple user processes or handlers can im-
pact resource utilization and impose additional operational costs, especially in terms of
memory and processor overhead. In addition, ensuring consistency and synchronization
between parallel processors can pose challenges, especially in distributed environments
where data ordering and transaction integrity are critical. Therefore, while a parallel user
architecture offers performance and scalability advantages, careful consideration must be
given to the associated complexities and overhead, balancing efficiency with manageability
and reliability.

Using the module with a unified worker process but including separate subscribers
for each queue, as shown in Figure 4, offers multiple advantages in terms of efficiency,
resource utilization, and manageability. One significant advantage is resource allocation,
as a single-worker process reduces costs compared to managing multiple independent
processes. This results in optimized memory and processor usage, ensuring efficient use of
computing resources and minimizing operating costs.

Figure 4. Parallel consumer architecture for high-throughput processing.

In addition, the unified architecture simplifies deployment, configuration, and mon-
itoring, facilitating easier system management and maintenance. We performed a test
comparing a single Java [25] module that handles 10 queues and a separate Java module
for each queue. It turned out that using a separate application for each queue used eight
times more resources. However, this data storage mechanism allows for non-blocking oper-
ations, ensuring smooth and uninterrupted data flow even during peak loads or transient
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peaks in traffic. This consumer module architecture promotes modularity and extensibility,
facilitating easier integration of new data sources or processing logic. Each subscriber can
be independently configured and customized to accommodate specific data formats, proto-
cols, or processing requirements, allowing rapid adaptation to changing business needs or
technological advancements. This modularity promotes code reuse and maintainability, as
common functionality can be encapsulated and shared across different subscribers.

2.4. Event Detection and Notification System

The flexibility of this model makes it easy to implement additional functionality
specific to business needs. There is data that the business needs to know about. We
successfully implemented a notification module for data changes in only one of the data
streams, without affecting the other streams. The consumer module, in addition to its data
processing capabilities, plays a crucial role in facilitating real-time notifications to users
based on predefined rules and conditions. By integrating with the notification module
shown in Figure 5, the consumer enables proactive communication with users, alerting
them to significant events or changes detected in the data stream.

Figure 5. Event-driven notification module for real-time alerts.

One of the main advantages of this integrated approach is its ability to automate the
notification process based on user-defined rules and thresholds. For example, the consumer
module can monitor incoming data for specific patterns, anomalies, or trends and trigger
notifications when predefined criteria are met. This notification module enables users to
be informed of critical events or developments in their data, allowing them to respond
quickly and effectively. The flexibility of the notification module allows for a diverse range
of notification channels to be used, meeting the preferences and requirements of individual
users. Whether it is sending email, SMS, or using third-party messaging apps such as
Telegram [26], as shown in Figure 6, the notification module ensures that notifications are
delivered through the most appropriate and convenient channels.

This multi-channel approach improves accessibility and user engagement by ensuring
that notifications reach users in a timely and efficient manner. By leveraging third-party
integrations, such as APIs provided by messaging platforms like Telegram, the notification
module can extend its capabilities beyond traditional communication channels. This allows
users to receive notifications directly on their preferred messaging platforms, leveraging
the familiarity and convenience of their existing communication tools. Additionally, by
integrating with third-party applications, the notification module can access advanced
features and functionalities, such as rich media content, interactive messages, and real-time
updates, improving user experience and engagement.
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Figure 6. Integration of notification system with Telegram messaging platform.

3. Resource Optimization and Performance Insights
To evaluate the efficiency of different consumer architectures within the proposed data

orchestration model, we conducted a comparative benchmark focusing on CPU utilization,
memory consumption, latency, and throughput.

3.1. Experimental Data and Scenario

The experimental scenario was designed to evaluate the performance and flexibility of
the proposed orchestration model in handling real-world data collection and processing
it. Specifically, the scenario focused on collecting and processing data from four distinct
simulated data sources, each representing a different origin type and emulating common
data generation patterns observed in information, for example. The objective of the scenario
was to validate how the system performs under diverse and asynchronous data loads, and
to compare the efficiency of the two proposed architectures—parallel and unified—under
identical conditions.

For data generation, we developed a dedicated external application responsible for
producing randomized objects. These objects contained varied attributes, including identi-
fiers, names, preferences, and behavioral indicators, designed to reflect diverse and semi-
structured data formats commonly encountered in dynamic user-centric environments.
The data retrieval service, implemented with built-in adapters as part of the producer
module, established connections to these external applications to ingest the simulated data
in real time.

The simulated environment enabled us to

• Emulate real-world data heterogeneity, as objects featured variations in attributes;
• Test the adaptability of the ingestion layer to dynamic data formats through modu-

lar adapters;
• Validate processing and storage efficiency under realistic streaming workloads.

For data persistence, we used a NoSQL database, which was selected based on its
suitability for storing semi-structured and schema-flexible data types. NoSQL storage
ensured that the variability in incoming objects could be accommodated without the need
for rigid schema definitions, aligning well with the principles of scalability and adaptability.

3.2. Performance Benchmarking and Results

The results, summarized in Table 1 and Figure 7, reveal distinct trade-offs between
parallel and unified consumption strategies. The Parallel Consumers architecture, while
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achieving a slightly higher throughput of 5000 messages/s, incurred a significantly higher
CPU usage (75%) and memory consumption (1200 MB). In contrast, the Unified Consumer
design maintained a competitive throughput of 4500 messages/s, while demonstrating
substantially lower CPU usage (40%) and memory usage (300 MB).

Table 1. Parallel Consumers and Unified Consumer results.

Architecture CPU Usage (%) Memory Usage
(MB)

Throughput
(Messages/s)

Parallel Consumers 75 1200 5000

Unified Consumer 40 300 4500

Figure 7. Parallel Consumers and Unified Consumer results.

These results suggest that although the Parallel Consumers model offers marginally
better throughput, it does so at the expense of resource efficiency. The unified model
emerges as a more sustainable solution, particularly suitable for resource-constrained
environments or cloud-native deployments with cost and performance trade-offs. This
evaluation validates the architectural decision to support both configurations within the
model, enabling system designers to balance performance and efficiency based on domain-
specific requirements.

3.3. Results of System Objectives

The implications of these findings are directly related to the model’s overarching objectives:
Adaptability: The ability to seamlessly ingest variable User objects using modular

adapters and store them in a schema-flexible NoSQL database demonstrates the model’s
adaptability to diverse data types and application domains.

Scalability: Reduced CPU and memory consumption in the unified model enhances
scalability, as additional consumers can be deployed cost-effectively to meet increasing
demand without performance degradation.

Robustness: Despite lower resource consumption, the unified model sustained near-
equivalent throughput and ensured smooth data flow, thus maintaining robustness under
real-time processing conditions.

These results validate the proposed model’s capacity to meet the goals of adaptability,
scalability, and robustness, making it suitable for modern data-driven applications.



Eng. Proc. 2025, 100, 48 10 of 11

4. Conclusions
In this study, we proposed a robust and adaptable model for orchestrating data ex-

traction, processing, and storage, addressing the growing need for efficient and scalable
data management solutions. The model incorporates modular and distributed architec-
tures for data production, ensuring compatibility with heterogeneous data sources while
balancing scalability and fault tolerance. A buffering module was introduced as a crucial
intermediary to decouple data ingestion and processing, enhancing system resilience and
load balancing. Furthermore, the data consumption and storage module demonstrated
multiple approaches to optimize performance and scalability, particularly through parallel
processing and unified worker processes.

We also showcased the implementation of an integrated notification module, highlight-
ing its ability to provide real-time alerts tailored to specific business needs. This flexible
architecture allows seamless integration of additional functionalities without disrupting
existing workflows. Despite some challenges, such as managing distributed processes and
ensuring consistency, the proposed model effectively addresses the critical demands of
modern data-driven systems. It lays a strong foundation for future advancements in data
orchestration, offering organizations a scalable, fault-tolerant, and efficient framework for
leveraging their data assets.

In the present, defined by complex and pervasive information, using such a data or-
chestration model would contribute to driving innovation, gaining competitive advantage,
and delivering a superior user experience.
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