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Abstract—Smart building applications increasingly rely on
machine learning for occupancy detection, but face a crit-
ical challenge: balancing edge computing’s low latency and
privacy benefits against cloud computing’s elastic scalability.
This demonstration presents a practical implementation of dy-
namic intelligence placement using the AC3 (Agile and Cogni-
tive Cloud-edge Continuum) framework. Our system monitors
environmental sensors (temperature, humidity, CO2) deployed
in a 3D-printed room model to perform real-time occupancy
classification, forecasting, and anomaly detection. When edge
processing latency exceeds configured thresholds due to resource
constraints or increased data rates, AC3 autonomously migrates
the ML application pipeline from edge to cloud infrastructure
using Kubernetes-based orchestration. Attendees will observe
live migration events through interactive Grafana dashboards
displaying real-time sensor data, ML inference results, resource
utilization metrics, and migration triggers. The demonstration
showcases how cognitive continnum management, integrated
with data space principles from the 6G-DALI project, enables
building operators to maintain both operational efficiency and
occupant privacy by defaulting to edge execution while seamlessly
leveraging cloud resources when necessary.

Index Terms—Edge-Cloud Continuum, Adaptive Application
Migration, Smart Building Analytics, ML Pipeline Orchestration,
Privacy-Preserving Computing

I. INTRODUCTION & MOTIVATION

Smart buildings equipped with IoT sensors generate contin-
uous streams of data that enable critical applications such as
energy-efficient HVAC control, space utilization optimization,
and occupancy-aware security systems. These applications
increasingly rely on machine learning models to detect occu-
pancy patterns, forecast future states, and identify anomalies in
real-time. However, deploying such ML-enabled applications
presents a fundamental challenge: where should the intelli-
gence be placed—at the edge for low latency and data privacy,
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or in the cloud for elastic scalability and computational power?
Static deployment strategies fall short in dynamic environ-
ments. Cloud-only deployments impose unnecessary latency
and raise privacy concerns by transmitting raw sensor data off-
premises. Edge-only deployments, while privacy-preserving
and responsive, struggle when sensor data rates increase or
when multiple concurrent ML models exhaust local resources.
The reality of modern smart buildings demands an adaptive
approach that dynamically balances these trade-offs based on
real-time system conditions [1], [2].

This demo presents a practical implementation of dynamic
intelligence placement for smart building occupancy detec-
tion, leveraging the AC® (Agile and Cognitive Cloud-edge
Continuum) framework. AC? is an EU Horizon project fo-
cused on efficient resource management across the cloud-edge
continuum using Al-driven orchestration [3], [4]. Our system
monitors environmental sensors (temperature, humidity, CO2)
to perform occupancy classification, forecasting, and anomaly
detection using ensemble methods and deep neural networks.
When edge processing latency exceeds acceptable thresholds
due to resource constraints or increased data rates, AC® au-
tonomously migrates the application to cloud infrastructure,
ensuring continuous operation while maintaining quality of
service.

We demonstrate this capability through a tangible setup
featuring a 3D-printed room equipped with real sensors
(Figure 1), an edge computing device, and a live building
monitoring interface. Attendees will observe real-time met-
rics including sensor readings, occupancy detection results,
resource utilization, and latency measurements, witnessing
autonomous migration events as system conditions change.
This demonstration showcases how AC® enables building
owners to maintain both operational efficiency and occupant
privacy by keeping intelligence at the edge when possible,
while seamlessly leveraging cloud resources when necessary.



Fig. 1. The 3d office space used for the demo. Yellow dots represent sensors.

II. SYSTEM ARCHITECTURE

Our demonstration system implements a multi-layered
architecture spanning the sensing, edge, cloud, and or-
chestration layers (Figure 2). A scaled 3D-printed room
houses Sensirion sensors measuring temperature, humidity,
and CO2—environmental parameters that serve as indirect
occupancy indicators [5]. The edge node (a dedicated PC)
hosts an ML pipeline with Random Forest classifiers for occu-
pancy detection, LSTM networks for forecasting, and isolation
forests for anomaly detection [6]. The same containerized
pipeline deploys to cloud infrastructure for elastic capacity.
AC®s CECCM framework continuously monitors processing
latency, triggering migration to cloud when thresholds (500ms
per sample) are exceeded. The system integrates 6G-DALI
data space principles for governance and MLOps workflows,
ensuring model artifacts and sensor data remain accessible
across deployment environments.

Data Management and MLOps Infrastructure: The sys-
tem leverages data space principles from the 6G-DALI project
to manage data sharing and governance across the edge-
cloud continuum. Data spaces provide standardized interfaces
for secure data exchange while maintaining data sovereignty,
ensuring that sensor data and ML model artifacts are properly
cataloged and accessible across deployment environments. The
DataOps/MLOps pipeline handles model versioning, train-
ing data management, and automated deployment workflows,
enabling seamless model updates and experiment tracking
regardless of whether applications execute at the edge or in
the cloud [7].

III. IMPLEMENTATION

The demonstration leverages the Cloud Edge Computing
Continuum Management (CECCM) framework, a core AC?
component that uses AI/ML and semantic context-awareness
to predict resource constraints and manage application lifecy-
cles across edge-cloud infrastructure. CECCM operates as a
cognitive orchestration layer, continuously monitoring system
state and autonomously triggering migrations when perfor-
mance degrades beyond acceptable thresholds. This cognitive
approach distinguishes our system from static rule-based or-
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Fig. 2. Architecture of the demo

chestration, enabling proactive rather than reactive resource
management [8].

A. IoT Layer Setup

At the heart of the demo is 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
environmental variables: COy 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 AC® Data Management System comprises three com-
ponents: the Data Connector interfaces with Raspberry Pi far-
edge devices to retrieve sensor data; the Data Mapper standard-
izes incoming data for downstream processing; and the Data
Manipulator applies Isolation Forest and TensorFlow models
for real-time anomaly detection and forecasting. RabbitMQ
serves as the message broker, managing data transfer between
far-edge, edge, and cloud [9]. Integration with 6G-DALI
data space connectors enables federated data access while
maintaining data sovereignty principles across the continuum.

C. Kubernetes-Based Deployment and Migration

The ML pipeline is containerized and deployed across two
Kubernetes clusters (edge and cloud). Applications initially
deploy to the edge cluster for minimal latency. CECCM
monitors processing latency, CPU/memory utilization, and
throughput. When latency exceeds 500ms per measurement,
AC? orchestrates migration by deploying to cloud K8s, trans-
ferring model state, updating endpoints, and redirecting data
flow. The Grafana dashboard automatically reconnects to the
new endpoint, ensuring minimal service disruption.

IV. DEMONSTRATION

Our demo features interactive Grafana dashboards display-
ing real-time system performance, and a user-facing applica-
tion designed for building managers and occupants. The main
dashboard (Fig. 3) shows sensor data streams, data mapping
latency, anomaly scores with processing times, predicted en-
vironmental conditions, and computational efficiency metrics.
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Fig. 3. Dashboard showcasing the raw and processed data flow.

A secondary dashboard monitors RabbitMQ operational met-
rics including message throughput, active connections, and
resource utilization.
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Fig. 4. Our user-facing building management application.

The user-facing application offers an intuitive interface for
building management (Fig. 4, displaying the current room
occupancy status, environmental conditions (including temper-
ature, humidity, and CO2 levels), and historical trends. Build-
ing managers can monitor multiple rooms simultaneously,
receive alerts for anomalous conditions, and access occupancy
forecasts for space planning and energy optimization. The
interface remains fully functional throughout migration events,
demonstrating transparent service continuity from the end-user
perspective regardless of whether processing occurs at the edge
or in the cloud.

Attendees witness live migration events triggered by simu-
lated load increases: starting with baseline edge processing
at low latency, we increase sensor sampling rates or en-

able additional ML models until latency exceeds the 500ms
threshold, triggering AC3’s autonomous migration to cloud
infrastructure. This cycle demonstrates the system’s adaptive
decision-making and can be repeated multiple times during
the session.

We provide side-by-side comparison with cloud-only de-
ployment: while cloud-only baselines show higher latency with
all data transmitted off-premises, AC® maintains lower latency
at the edge with data locality, migrating to cloud only when
necessary—providing edge performance when possible with
cloud scalability as backup.

V. CONCLUSION

This demonstration validates AC3’s cognitive continuum
management for IoT applications, autonomously balancing
edge responsiveness with cloud scalability. The system ad-
dresses persistent challenges in pervasive computing: resource-
constrained devices, privacy-preserving processing, and adap-
tive architectures. By defaulting to privacy-preserving edge ex-
ecution while automatically leveraging cloud resources under
high load, AC? eliminates the binary deployment choice facing
building operators and facility managers.

Our approach extends beyond smart buildings to industrial
monitoring, smart cities, connected vehicles, and healthcare
IoT where similar edge-cloud trade-offs exist. Ongoing work
explores predictive migration strategies, multi-building hier-
archical orchestration, and bidirectional migration policies.
Integration with 6G-DALI data spaces enables secure multi-
stakeholder scenarios for energy optimization and urban plan-
ning while maintaining data sovereignty. Conference attendees
can observe multiple migration cycles and discuss applications
in their own pervasive computing environments.
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