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Abstract—The demo highlights how IoT data from Sensirion
sensors and Raspberry Pis are processed using the Agile and Cog-
nitive Cloud-edge Continuum Management (AC3) framework.
This approach optimizes data processing locations dynamically,
balancing edge response and cloud computational power, enhanc-
ing real-time building management and smart city applications.

Index Terms—cloud edge computing continuum, Internet of
things, machine learning, data management, microservices

I. INTRODUCTION

The rapidly growing Internet of Things (IoT) landscape has
revolutionized data management, providing powerful solutions
for monitoring and controlling systems at various levels.
Denser sensor networks generates extensive data that unlock
exciting new application possibilities.

However, unlocking the true value of this data deluge re-
quires powerful processing and real-time analytics capabilities.
To address this challenge, this work presents a novel approach
based on the AC3 framework. We leverage the capabilities of
the Cloud Edge Computing Continuum Manager (CECCM)
to deploy and run microservices at the edge of monitored
infrastructures. This allows real-time data processing using
Artificial Intelligence (AI), enabling instant decisions and
automated responses based on current conditions. Further-
more, the demo leverages AC3 components to demonstrate
seamless microservice migration across the CECC infrastruc-
ture. Combined with zero-touch configuration and application
management, it streamlines the data life-cycle, potentially
accelerating application development and deployment across
the cloud-edge continuum.

II. RELATED WORK

Several studies explored real-time data processing in the
context of IoT. Catalfamo et al. [1] proposed a Cloud-Edge
machine learning solution for a hydrogeological use case.
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Fig. 1. Architecture of the demo

Additional studies [2]–[4] explored integrating deep learning
for various IoT applications at the edge, including wearable
devices and speech recognition, to improve audio recognition
accuracy. These works, like ours, investigate frameworks that
distribute computational tasks between edge devices and the
cloud to optimize response times and resource usage. Our
work builds upon these efforts and introduces AC3 framework,
which dynamically determines the optimal location for data
processing based on factors such as real-time response needs
and computational complexity.

III. IMPLEMENTATION

The demo emphasizes the novel CECCM framework, an
AC3 vital component that leverages AI, ML, and semantic
context-awareness algorithms to predict events, and manage
application life cycle, and IT resources. Furthermore, the
framework ensures it operates as a cognitive system on top
of a cloud-edge continuum architecture, seamlessly integrating
with real-time data sources.(Fig. 1).

A. IoT Layer Setup

At the heart of the demo is the the IoT layer, equipped
with Sensirion sensors strategically placed throughout the
Iquadrat office building to provide a real-time granular view
of environmental conditions. They measure the following



Fig. 2. Dashboard showcasing the raw and processed data flow.

environmental variables: CO2 concentration, tem-
perature, and relative humidity.These variables are ideal for
ensuring the health and comfort of the users at the office.
Raspberry Pis serves as far-edge devices to collect and transmit
data to processing layers.

B. Key Components of the AC3 Data Management System

The AC3 Data Management System includes the Data
Connector, the Data Mapper, and the Data Manipulator.

The Data Connector is the first touchpoint in the data
management chain. It communicates directly with the far-
edge devices, retrieves the environmental data, and initiates its
journey through the AC3 ecosystem to ensure it is promptly
forwarded to the subsequent stages for further processing.
According to Hedge and S. [5], RabbitMQ guarantees message
delivery and provides a more versatile approach compared
to Apache Kafka and Redis. RabbitMQ is selected as the
Message Broker, to efficiently manage data transfer from the
far edge to processing locations, whether at the edge or in the
cloud.

Upon environmental data arrival at the edge or cloud
processing centers, the Data Mapper takes over the work.
This component converts the incoming data into a standardized
format that downstream applications can easily use, e.g.,
the Data Manipulator. Standardized data ensures seamless
application interaction within the AC3 ecosystem, eliminating
the need for custom adapters.

The Data Manipulator uses the Isolation Forest and Ten-
sorFlow ML models to identify patterns and potential anoma-
lies in standardized environmental data. This enables real-
time anomaly detection and forecasting to enhance building
safety and operational efficiency. ML models were evaluated
using real-world and synthetic data to ensure distribution and
robustness.

IV. DEMONSTRATION

The main output of our demo is an Interactive Grafana1

dashboard showing the AC3 system’s data journey and analyt-

1https://grafana.com/

ics in real-time, composed of two dashboards. All the Grafana
dashboards need to be accessible through a web browser with
an internet connection to provide real-time insights into the
system’s performance.

The main dashboard Fig. 2 serves as the focal point for
observing the raw data flow and its subsequent processing, in
specific it shows:

• Real-time and historical data of environmen-
tal variables from the Sensirion sensors are displayed.

• Data Mapping latency is monitored to evaluate
processing efficiency in real-time.

• The environmental anomalies scores and as-
sociated historical processing times in computation.

• The Predicted environmental conditions
and associated processing times.

• The computational efficiency and predictive power of the
system.

The second dashboard focuses on the operational aspects of
the RabbitMQ message broker. This dashboard includes: real-
time data on the number of messages processed per second
by RabbitMQ, highlighting the throughput and efficiency of
the data transfer system. It also details on the number of
active connections to the RabbitMQ broker, alongside metrics
on Consumer, Publishers and Nodes, helping to assess the
system’s load and resource utilization.

V. CONCLUSION

This demo showcases the capabilities of the AC3 framework
for real-time processing and analysis of IoT data. CECCM, a
key framework component, dynamically distributes processing
tasks between the edge for lower latency and the cloud for
intensive tasks. This empowers real-time operational optimiza-
tions. The demo also highlights AC3’s robust data management
and analytics capabilities. It demonstrates applicability in
real-world situations, particularly for improving comfort and
building management in smart cities. Our demo summarizes
the proactive decision-making and system optimization ca-
pabilities of the AC3 project in managing IoT environments
and reinforcing its applicability in real-world smart cities
scenarios.
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