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1. Introduction
Today, people spend approximately 90% of their
day in indoor environments, such as offices,
schools, and homes [1]. Although modern ar-
chitecture focuses on energy efficiency and aes-
thetic design, the invisible link between in-
door conditions and human cognitive perfor-
mance remains largely unaddressed. Emerging
researches [2] suggests that even moderate lev-
els of CO2 accumulation and air pollution can
significantly affect cognitive functions, increase
perceived stress, and reduce overall wellbeing.
Despite the widespread adoption of wearables
and IoT sensing, current implementations treat
these data streams independently. The primary
challenge is data fragmentation: physiologi-
cal sensors and environmental IoT systems col-
lect data separately, creating vast repositories
of information that lack a unified context. The
motivation behind this research lies in the belief
that biometric data acquire a different meaning
when coupled with the environmental context in
which they were generated. The main objective
of this thesis is to develop a scalable frame-
work capable of ingesting and synchroniz-
ing heterogeneous data streams to monitor
human-environment interaction. By leveraging

Apache Kafka as the core messaging backbone,
the framework overcomes traditional synchro-
nization latencies and ensures the high through-
put required to define the technological back-
bone for a human-centric Digital Twin.

2. Proposed Framework
The proposed framework overcomes the limita-
tions of independent monitoring systems [3] by
introducing a unified, Event-Driven Archi-
tecture for shared workspace, where multi-
ple independent users (providing unique physio-
logical events) occupy one common environment
(providing a single stream of ambient events).
To bridge the gap between these heterogeneous
sources, the framework ensures both spatial
and temporal coherence. Rather than rely-
ing on traditional batch architectures [4], this
architecture treats data as a continuous stream
of notifications, enabling low-latency process-
ing and high fault tolerance in distributed
environments. Figure 1 provides a high-level
overview of the proposed Event-Driven Architec-
ture and its main components. It highlights how
physiological events, from multiple users, and
ambient events, from the shared environment,
are ingested, synchronized, and orchestrated to
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maintain a coherent digital shadow.

Figure 1: High-level overview of the proposed
Event-Driven Architecture, showing the data ac-
quisition layer (wearable and environmental sen-
sors), the orchestration and fusion layer (Kafka-
based stream coordination and context-aware
mapping), and the resulting digital-twin back-
bone used to maintain a synchronized user-
environment state.

2.1. The Intelligent Orchestrator and
Context-Aware Logic

The logical core of the system is the Intelli-
gent Orchestrator, which acts as the coordinat-
ing and decision-making entity. Unlike simple
automation, the orchestrator maintains a global
vision of the system, ensuring that data depen-
dencies are respected and that workflows are
triggered only when specific conditions are met.
The framework’s context awareness is achieved
through a shift from "data-ready" to "context-
triggered" logic. The Orchestrator evaluates
the incoming event stream and manages the life-
cycle of the user’s digital representation. To
reach this objective, the process begins with
identity mapping where the system translates
user identification across the pipeline to ensure
that physiological data is always correctly con-
textualized by the specific room the user is work-
ing from. The system employs presence val-
idation system to optimize computational re-
sources. In fact, data fusion and analytical
modules are only activated when a user is con-
firmed to be in a monitored room. Moreover,
the Orchestrator acts as an intelligent pro-
ducer, publishing trigger events to machine-
learning modules only when it detects signif-
icant patterns, such as spikes CO2 coinciding
with variations in heart rate.

2.2. Multimodal Data Fusion
The framework addresses the N-to-1 mapping
problem: in a shared workspace, multiple in-
dependent users (providing unique physiologi-
cal events) occupy one common environment
(providing a single stream of ambient events).
To bridge the gap between these heterogeneous
sources, the framework ensures both spatial and
temporal coherence:
• Spatial Coherence: By leveraging a real

time state-store (Redis), the system routes
common environmental metrics only to the
profiles of users currently present within
that specific space.

• Temporal Coherence: To resolve the
asynchronicity between real-time IoT sen-
sors and bursty wearable data, the sys-
tem employs a backward synchroniza-
tion strategy. Each physiological sample
is associated with the last valid environmen-
tal state recorded immediately prior to that
timestamp, ensuring the biometric response
is correlated with the exact environmental
stimuli present at that moment.

By combining physiological metrics like heart
rate and respiration with environmental indica-
tors such as CO2, TVOC, temperature and hu-
midity, the system builds a holistic representa-
tion of the human-environment interaction. In
its current state, the framework serves as a func-
tional digital shadow of the user’s wellbeing. It
provides the necessary backbone for a Digi-
tal Twin by maintaining a synchronized virtual
state, laying the infrastructure for future bidi-
rectional interaction and predictive actuation.

3. Implementation
The framework is implemented as a distributed
architecture composed of isolated, containerized
microservices managed via Docker Engine and
Docker Compose. This setup ensures system re-
silience through a restart: always policy, pre-
venting total system failure if an individual mod-
ule crashes. The infrastructure is deployed on
an Ubuntu 24.04.3 LTS Virtual Machine with
32 CPU cores and 64 GB of RAM to handle
high-throughput bursts from multiple concur-
rent users.
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Figure 2: System architecture of the distributed microservice-based framework. The diagram shows
the end-to-end data flow from the environmental sensing layer (A-B) (MQTT-enabled Raspberry Pi
nodes) and the wearable layer (C-D) (Garmin Health API/webhooks) through the messaging backbone
(E-F) (Apache Kafka topics for sensor, wearable, and presence streams), up to the persistence layer (G)
(MongoDB) and the real-time state store (H) (Redis) used for user-to-room mapping and orchestration.

3.1. Data Ingestion and Messaging
As shown in Figure 2, the ingestion layer serves
as the bridge between the physical world and
the digital pipeline, handling two distinct data
streams. The first layer is the Environmen-
tal Layer, composed of sensing units based on
Raspberry Pi 4 that act as edge gateways. Each
unit is equipped with DHT22 (temperature and
humidity) and SGP30 (CO2 and TVOC) sensors
and functions as an MQTT publisher, sending
measurements every 20 minutes to an Eclipse
Mosquitto broker to optimize power and net-
work usage. The second layer is the Wear-
able Layer. Physiological data from Garmin
Vìvoactive 5 watches is captured via the Garmin
Health API. Since Garmin data is bursty and
cannot be pulled autonomously, the system re-
lies on a Flask-based ingestion gateway to
receive HTTPS POST notifications via secure
tunneling. These streams are then unified by
the message brokering layer. Here, Apache
Kafka acts as the central backbone, decoupling
producers from consumers. It manages three
primary topics (sensors_data, wearable_data,
and user_presence), each divided into three
partitions to enable parallel processing and hor-
izontal scalability.

3.2. Data Processing: The Intelligent
Orchestrator

The processing is divided between two com-
ponents. The "standard" consumer that is
in charge of collecting raw data for a reli-
able storage, and the Orchestrator. The Intel-
ligent Orchestrator is a specialized consumer-
producer entity that transforms raw events
into synchronized states. It focuses on three
main features. The first is state manage-
ment; the orchestrator maintains the real-time
location of users by consuming events from
the user_presence topic-triggered by a cus-
tom Command Line Interface (CLI) and storing
the User-to-Room mapping in Redis. To rec-
oncile high-frequency physiological bursts (e.g.,
heart rate every 15s) with sparse environmen-
tal telemetry (every 20 mins), the Orchestra-
tor performs backward synchronization. It
queries MongoDB to retrieve the last valid envi-
ronmental state recorded immediately prior to
each biometric sample’s timestamp. The last
main feature provided by the orchestrator is
context-aware triggering, it operates as a
decision-engine, activating computationally ex-
pensive machine-learning jobs only when specific
criteria are met, such as confirmed user presence
within monitored working hours (09:00-18:00).
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3.3. Persistence Management
For long-term storage, the system utilizes Mon-
goDB, which provides the schema flexibility re-
quired for evolving IoT JSON payloads. To min-
imize disk I/O overhead and enhance through-
put, the "standard" consumer, through Batch
Insert Strategy, buffers incoming Kafka mes-
sages and performs a single write operation ev-
ery N messages. Persistent Docker Volumes are
mapped to local directories on the VM for the
MongoDB data, Kafka logs, and Orchestrator
outputs, ensuring no data is lost during con-
tainer updates or system restarts.

4. Experimental Validation
The experimental validation involved monitor-
ing participants across different environments
(Home, Lab, and Library) over approximately
30 days. The configuration details are listed in
Table 1.

Parameter Value – Description

Participants 3 Users

Wearable Devices 3 Garmin Vìvoactive 5

Monitored Rooms 3 (Home, Lab, Library)

Sensing Units 1 Raspberry Pi 4 sensing unit

Observation Period ≈ 30 days

Study Sessions 09:00 – 18:00 (Active Monitoring)

Sleep Sessions 23:00 – 07:00

Target Sampling Minute-level aggregation

Table 1: Overview of the experimental configu-
ration used for framework validation.

4.1. Feature Engineering
The core challenge was to reconcile the data
streams and address individual physiological dif-
ferences, we implement a multi-stage feature
pipeline. The process aims to transform asyn-
chronous telemetry into a synchronized dataset
ready for supervised learning. The raw data is
first aggregated to a minute-level granularity
to create a consistent temporal axis. Given the
high sparsity of wearable metrics compared to
the dense heart rate samples (≈ 20-minute inter-
vals), a Forward-Fill (FFILL) strategy is applied
to environmental and physiological states. Sleep
data were integrated to personalize the model for
each user, accounting for the subjective nature
of physiological metrics.
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Figure 3: Heatmap highlights how the temporal
distribution of stress episodes changes across the
monitored environments (Home, Lab, Library),
enabling a quick comparison of the time slots in
which stress tends to be more frequent or more
contained.

4.2. Statistical Results
The analysis on the data confirmed a correlation
between our surroundings and user stress lev-
els. In Figure 3, the heatmap provides an overall
view of the linear dependencies among variables,
highlighting that CO2 and TVOC tend to be
positively associated with higher stress values.
While the home and lab environments share sim-
ilar "Low" stress profiles, the library presents a
unique case. In fact, the user experienced higher
stress due to higher temperature (≈ 29 ◦C) and
increased CO2 levels (≈ 520 ppm), caused by the
higher number of people present. Figure 4 com-
plements the aggregate analysis by reporting an
example of feature-specific behavior. By looking
at the home environment, we see a weak nega-
tive correlation (r = −0.295) between temper-
ature and stress. As the temperature slightly
increased, the stress scores showed a tendency
to decrease. This suggests that even minor
thermal adjustments can influence comfort, al-
though fluctuations throughout the day indicate
that temperature is just one piece of a much
larger puzzle. The plot supports the intuition
that comfort-related changes may be reflected
in the physiological response. In fact, the study
user experienced higher levels of stress when
the room temperature was not comfortable. Al-
though colder environments may increase focus,
they can also increase stress (e.g., due to dis-
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Figure 4: Scatter plot illustrating the rela-
tionship between temperature and stress in the
Home environment.

comfort and shivering).

4.3. Stress Classification Proof of
Concept

The predictive evaluation aimed to classify user
stress levels into binary categories (Low vs.
High) using a 5-minute-ahead forecast window,
i.e., predicting future stress from the current
multimodal sensor readings. The target vari-
able was obtained by applying a binary split
to stress_score with threshold set to 45,
which yields a balanced class distribution: sam-
ples with stress_score ≥ 45 were labeled as
“High Stress” (Class 1), while samples below
the threshold were labeled as “Baseline/Low
Stress” (Class 0). This horizon enables proac-
tive interventions (e.g., automated ventilation or
“break” alerts) before stress levels become criti-
cal. We benchmarked a set of widely used clas-
sifiers with different inductive biases, including
tree-based ensembles (Random Forest and Extra
Trees), gradient boosting methods (LightGBM
and XGBoost), and a distance-based baseline
(K-Nearest Neighbors). Among the evaluated
approaches, Gradient Boosting models (Light-
GBM and XGBoost) achieved the best perfor-
mance, with an accuracy of 80% and an F1-
score of 0.79. A comparative summary of the
main classifiers and their scores is presented in
Table 2. In addition to physiological signals
(with heart rate remaining a primary predic-
tor), environmental metrics (CO2 and tempera-
ture) and sleep-history indicators improved both
interpretability and predictive reliability. As

Model Accuracy F1 Score

LGBMClassifier 0.80 0.79

XGBClassifier 0.79 0.79

RandomForestClassifier 0.78 0.78

ExtraTreesClassifier 0.78 0.77

KNeighborsClassifier 0.77 0.77

Table 2: Classifier performance comparison on
the binary stress classification task using a 5-
minute prediction horizon. Accuracy and F1-
score are reported to assess both overall cor-
rectness and the balance between precision and
recall. LightGBM and XGBoost achieved the
best performance.

shown in Figure 5, the importance profiles indi-
cate that physiological features remain the dom-
inant predictors, while environmental and sleep-
related variables provide complementary infor-
mation. In particular, environmental metrics
can contribute to increasing or decreasing the es-
timated stress level by contextualizing the phys-
iological response.

4.4. Architectural Efficiency
The Event-Driven Architecture proved to be
highly scalable and resilient, maintaining perfor-
mance stability even under the fluctuating op-
erational loads typical of human-centric mon-
itoring. By leveraging Kafka-based partition-
ing and message keys, the system achieved sig-
nificant parallelism and guaranteed the consis-
tent event ordering required for the precision
of the backward synchronization logic. Fur-
thermore, the intelligent orchestrator achieved
important resource optimization by adopting
context-triggered logic, activating the computa-
tionally expensive machine learning pipeline and
fusion modules only during validated user pres-
ence windows. This selective processing ensured
that the digital shadow remained semantically
relevant while effectively preventing the process-
ing of uncorrelated telemetry. Finally, to ensure
long-term reliability, the persistence layer uti-
lized a Batch Insert strategy to enhance Mon-
goDB throughput, while Kafka’s native event
persistence provided a robust mechanism for
state recovery through stream replaying.
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Figure 5: Feature usage by model family. It summarizes how different algorithm families leverage
the input variables, highlighting the dominant role of physiological features and the contribution of
environmental signals and sleep-related metrics in the final decision.

5. Conclusions
This thesis presents a scalable Event-Driven Ar-
chitecture that synchronizes high-frequency bio-
metric data from Garmin wearables with low-
frequency environmental telemetry through a
central Intelligent Orchestrator. Using Apache
Kafka and MQTT, the framework overcomes
data fragmentation and temporal mismatches,
enabling a robust backbone for a human-centric
Digital Twin. Experimental results show a cor-
relation between indoor air quality and physi-
ological stress, with tree-based machine learn-
ing models achieving a prediction accuracy of
approximately 80%. The system’s microser-
vice based design and use of schema-less stor-
age ensure horizontal scalability and a wearable-
agnostic approach, allowing for the integration
of diverse sensing devices without altering the
core pipeline. Although the framework currently
functions as a reactive platform, future devel-
opments will focus on enabling bidirectional in-
teraction for automated environmental actua-
tion, such as HVAC control, while incorporating
deep learning and federated learning to enhance
both predictive power and data privacy. Finally,
user interaction will be improved by developing
a dedicated mobile application to provide real-

time, personalized feedback directly to the user.
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