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Preface

During the masteris programme Geomatics for the Built Environment at TU Delft, |
was introduced to a wide spectrum of geospatial technologies and their applications
in urban contexts. The curriculum established GIS and spatial analysis techniques
along with some exposure to frontier technologies such as machine learning, real-
time sensor networks, and advanced 3D visualization.

As these technologies shape the future of smart cities and data-driven decision-making,
| was intrigued by a fundamental question: could similar methods be used to under-
stand and predict aspects of indoor built environment? More specifically, | wondered
if parameters such as indoor temperature or air quality could be forecasted using a
combination of real-time sensor readings and spatial information embedded in building
models.

This thesis represents the outcome of that exploration. It brings together multiple
domains including IoT systems, GeoWeb, data analytics, BIM modeling, and machine
learning, to investigate how built environment characteristics can interact with live
sensor data to support simulation and prediction of indoor environmental conditions.

The journey of completing this research has been both technically challenging and
engaging. Exploring how server-backed front-end applications can be integrated with
machine learning mechanisms (despite starting with only a foundational understand-
ing of coding and Machine Learning (ML)) was deeply rewarding. It helped me ap-
preciate the capabilities of open-source tools available today and made me realize
how much is possible even without deep expertise in machine learning theory. While
a strong foundation in core ML theory is substantially valuable, its absence does not
have to be an inhibitor for the development of ML-powered tools in geospatial analyt-
iCS.

While | am aware that this field is evolving rapidly, | hope that the work presented here
contributes in a small but meaningful way to the broader dialogue on smart buildings,
environmental sensing, and predictive modeling for sustainable urban development.

Vidushi Bhatt, October 2025



API
AR
BIM
CBDM
CESIUM
CNN
CsVv
DA
DHI
DNI
EPBD
EPC
EU
FROST
GH
GIS
GHI
glTF
GUI
GWR
IFC
loT
ISO
LOD
LSTM
ML
NREL
OoBJ
0OGC

List of Abbreviations

Application Programming Interface
Augmented Reality

Building Information Modeling
Climate-Based Daylight Modeling

CesiumJS (WebGL-based 3D visualization library)
Convolutional Neural Network
Comma-Separated Values

Daylight Autonomy

Diffuse Horizontal Irradiance

Direct Normal Irradiance

Energy Performance of Buildings Directive
Energy Performance Certificate

European Union

Fraunhofer Open Source SensorThings
Grasshopper (Visual Programming Platform for Rhino)
Geographic Information System

Global Horizontal Irradiance

GL Transmission Format

Graphical User Interface

Geographically Weighted Regression
Industry Foundation Classes

Internet of Things

International Organization for Standardization
Level of Detail

Long Short-Term Memory

Machine Learning

National Renewable Energy Laboratory
Object File Format (for 3D models)

Open Geospatial Consortium

11



111

RelLU
RMSE
RNN
SBI
SDI
SHGC
SODA
SPA
SRI
SVM
sDA
Ul

UDI
XGB
STA
MAE
MSE
RZ
PostGIS
IFC2X3
IFC4
EPSG

CRS
RD New
uTC
JSON
HTTP
URL
QGIS
PVLib

Rectified Linear Unit

Root Mean Square Error

Recurrent Neural Network

Solar Beam Irradiance

Spatial Data Infrastructure

Solar Heat Gain Coefficient

Solar Radiation Data from Meteotest (Linke Turbidity DB)
Solar Position Algorithm

Smart Readiness Indicator

Support Vector Machine

Spatial Daylight Autonomy

User Interface

Useful Daylight llluminance

XGBoost (Extreme Gradient Boosting)
SensorThings API

Mean Absolute Error

Mean Squared Error

Coefficient of Determination

Spatial Extension for PostgreSQL

Industry Foundation Classes Schema Version 2X3
Industry Foundation Classes Schema Version 4
European Petroleum Survey Group (Coordinate Reference System Iden-
tifier)

Coordinate Reference System

Rijksdriehoeksco® rdinaten New (Dutch National Grid)
Coordinated Universal Time

JavaScript Object Notation

Hypertext Transfer Protocol

Uniform Resource Locator

Quantum Geographic Information System

Python Photovoltaic Library for Solar Analysis



Preface

contents

List of Abbreviations

1

Introduction
1.1 Background and Motivation . . . . . ... ... .. ...

1.2
1.3
1.4
1.5

111
1.1.2

Introduction to Components: IoT and Geospatial . . . . ... ..
Integration of IoT, GISandBIM . . . . .. ... ... .......

Problem Statement . . . . . . . . .. ... ..
ML as an Approach for Predictive Modelling . . . . . . . .. ... .. ..
Research Objectives and Contributions . . . . ... ... ... ... ..
Scope and Limitations . . . . . . . . ...

Literature Review
2.1 Related Work . . . . . . . . .,
2.2 Ensemble Models for Prediction . . . . . ... ... .. ... ......

Methodology

3.1 Conceptual Workflow Overview . . . . . .. ... ... ... .......
3.2 Sensor Setup for Data Collection . . . . .. .. ... ... ........
IFC for Visualisation and Solar Inflow . . . . . ... .. ... .......

3.3

3.4
3.5

3.3.1
3.3.2

Conceptual Basis of Solar Inflow Calculation . . . . ... .. ..
Visualization Interface . . . . . . ... ... ... ... .

ML Prediction Model Development . . . . . . ... ... ... .. ....
System Architecture . . . . . . . ...

3.5.1
3.5.2
3.5.3
3.54
3.5.5

DataFlow . . . . . . . .. . .
External Data Sources . . . . . . . . ... ... ..o
Framework for IFC Preprocessing . . . . .. .. .. ... ....
Solar Geometry and Feature Extraction . . ... ... ... ...
Machine Learning Pipeline . . . . . .. ... ... ... .....

Implementation Details
4.1 Code Setup . . . . . . . e
4.2 SensorThings API Implementation (STA Mapping) . . . . .. ... ...

4.3

42.1
4.2.2

Querying Patterns . . . . . .. .. ...
Server Deployment . . . . .. ... ... L L Lo

Practical Implementation of IFC Preprocessing . . . . . ... .. .. ..

43.1
4.3.2
4.3.3
4.3.4
4.3.5

Overview of the Input IFC Model . . . . .. ... ... ......
Schema Migration . . . . . .. .. ... ... .. .
Coordinate Transformation and Georeferencing. . . . . . . . ..
Orientation Correction . . . . . . . . . . .. ... .. .. .....
Attribute Standardization and Validation . . . .. ... ... ...

v



Contents \Y%
4.3.6 Outputand Integration . . . . . .. ... ... ... ........ 33

4.4 Solar Inflow Calculation . . . . ... ... ... ... .. ... .. ..., 33
4.4.1 Inputs, Data Structures, and Dependencies . . . . . .. ... .. 33

4.4.2 Summary of Functions and Script Responsibilites . . . . . . .. 33

4.4.3 Room Selection and Window Association . . . .. .. ... ... 36

4.4.4 Solar Geometry and Irradiance per Window . . . . . . . ... .. 37

4.45 Edge Cases, Fallbacks, and Validation. . . .. ... ... .... 38

4.4.6 Reproducibility and Scheduling . . . . ... ... ... ...... 38

4.5 Machine Learning Model Implementation . . ... ... ... ...... 39
45.1 Data Assembly and Feature Construction . . . . ... ... ... 39

4.5.2 Model Specificationand Training . . . . ... ... ........ 39

4.5.3 Model Versioning and Persistence . . . ... ... .. ...... 40

45.4 RuntimeInferencePath . . .. .. ... ... ... ........ 40

455 Retraining Schedule . . . . . .. ... ... ... ... ... ... 40

5 Data Analysis 42
5.1 SensorData Analysis . . . ... ... .. ... 42
5.1.1 |Initial Cleaning and Generalizations . . .. ... ... ... ... 42

5.1.2 Relationship between Variables . . . . .. ... ... .. ..... 43

5.2 Input Features for the Prediction Model . . . . .. ... ... ... ... 47
5.2.1 Correlation Check (Statistical Association) . . . . . . . ... ... 48

5.2.2 Feature Importance (Model-based Association) . . . . . .. ... 50

6 Results 52
6.1 Overall Performance of the Final Model . . . . .. .. ... ....... 52
6.2 Evaluation of XGBoostModel . . . . . ... .. ... .. .. ... 53
6.2.1 Tuning Hyperparameters of the XGBoost model . . . . ... .. 55

6.2.2 Additional Input Features . . . . .. .. ... ... ... ..... 56

6.2.3 Additional TrainingData . . . . ... ... ... ... ....... 59

7 Conclusion and Future Scope 61
7.1 Summaryof Findings . .. .. ... ... ... ... .. .. . . ..., 61
7.2 Key Technical Contributions . . . . . ... ... ... ... ........ 62
7.3 Limitations . . . . . . . 63
7.4 FUtUre SCOPE . . . . . . o e e e e 63
7.5 ClosingRemarks . . . . . . . . . . . . ... e 64
References 65

A XGBoost Parameters 70



3.1

3.2

3.3

3.4

3.5
4.1

4.2

4.3

5.1

5.2

5.3

5.4

5.5
5.6
5.7
5.8

6.1

List of Figures

Conceptual workflow of the prototype system: integrating sensor ob-
servations, IFC-based building parameters, and machine learning for

indoor temperature prediction . . . . .. ... 15
Position of indoor sensors in the BK building . . . ... ... ... ... 16
IFC-based BIM visualization of rooms selected for sensor deployment

andanalysis . . . . . .. 17

Web-based application interface for visualizing IFC-derived building model
and displaying predicted indoor temperature results for user-selected
FOOMS . . . o o o e e e e e e e e e e e 19
System architecture with training loop (pink) and prediction loop (blue) . 21

Sequence diagram illustrating the end-to-end inference workflow, show-
ing data flow from user input to IFC parsing, irradiance computation,

and model prediction. . . . .. ... ... 27
Three registered Things on the FROST server, each representing a
Netatmo sensor located in differentrooms. . . . .. ... ... ... .. 29
Datastreams linked to Thing with @iot.id:1, showing observed proper-
ties such as temperature, humidity, and CO,. . . . ... ... ... ... 30

Random sample - diurnal temperature profile for June 2025, compar-
ing external temperature with internal temperatures recorded in three
rooms of the BK building (01.West.120, BG.West.010, BG.West.270)

on 02 June 2025. . . . . . . . e 43
Monthly Average (for each hour) - representing daily temperature profile
forJune 2025 . . . . .. 43
Scatter plot showing the relationship between external and internal tem-
perature across threerooms . . . . . . . . . . ... ... ... 44

External and internal temperatures at 5 a.m. from March to July, show-
ing stable indoor conditions compared to rising outdoor temperatures . 45

Influence of solar inflow on change in internal temperature . . . . . . . . 46
Pearson Correlation values for input features with internal temperature . 49
Multicollinearity in Input Features . . . . . . . ... ... ... ...... 50
XGBoost feature importance values for input features . . . . . ... .. 51

Overall performance of the final XGBoost model: predicted indoor tem-
perature vs. actual temperature for samples in evaluation period . . .. 53

Vi



Introduction

Buildings play a critical role in energy consumption, carbon emissions, and occupant
well being, making the ability to monitor and predict their indoor environmental condi-
tions increasingly important. In this context, the intention of this thesis is to develop
an interoperable system for room level prediction of indoor temperature, using open
standards and lightweight computational tools. This work demonstrates a standards
based approach for forecasting indoor temperature in uninstrumented spaces by in-
tegrating BIM semantics encoded in IFC, the OGC SensorThings API (STA) for loT
interoperability, and a computationally efficient machine learning framework. The em-
phasis is on leveraging open-source implementations and lightweight ML methods,
such as XGBoost, that can be incrementally retrained and readily deployed in real-
world contexts.

00 oidbbutod Ut doioobiiod

The drive toward sustainable and resilient buildings has intensified due to their sub-
stantial contribution to global energy consumption and greenhouse gas emissions.
Beyond environmental considerations, maintaining comfortable and healthy indoor
conditions is central to human well being and productivity. However, achieving this
balance requires accurate knowledge of indoor environmental dynamics, which are
shaped by the interplay of outdoor climate, building characteristics, and occupant be-
haviour.

Traditionally, two main approaches have been used to understand these dynamics:
dense sensor networks for real-time monitoring, and physics based simulations for
predictive analysis. Both approaches face practical constraints. Installing and main-
taining sensors in every room is costly and intrusive, while physics based simulations
require strong assumptions and are computationally expensive for real time applica-
tions. These limitations create knowledge gaps in many uninstrumented spaces, con-
straining data-driven strategies for building management.

Emerging digital infrastructures offer pathways to overcome these challenges. loT
frameworks now enable continuous and standardized data exchange from distributed
sensors. BIM encodes geometric and semantic attributes of buildings, such as room
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volume, orientation, and window placement, providing spatial context that comple-
ments sensor observations. Machine learning (ML) methods add a further dimen-
sion by learning directly from observed data, capturing nonlinear relationships without
relying on simplified physical assumptions. In particular, lightweight ensemble ap-
proaches such as XGBoost are well-suited to structured datasets typical at the building
level, offering speed, interpretability, and support for incremental retraining.

The motivation for this thesis lies in bridging these complementary domains through an
open and interoperable prototype. By combining IFC-based BIM semantics, l1oT data
managed through the OGC SensorThings APl and FROST server, and an XGBoost-
based predictive pipeline, this work demonstrates how uninstrumented building spaces
can be modeled with readily deployable tools. The emphasis on standards-based
integration and lightweight ML reflects not only the technical feasibility but also the
practical scalability of the proposed approach for smart building applications.

[i0000 0O0000O000000 0 Do ooOoood: oo 0oo bdoddoooog

The Internet of Things (IoT) refers to a network of interconnected physical devices
including sensors, actuators, micro controllers, edge computing units, and wireless
communication modules that work together to collect, transmit, and sometimes locally
process data from the physical world. These embedded systems enable real-time
monitoring and control by forming a feedback loop between physical phenomena and
digital systems. While sensors gather data such as temperature, humidity, or light in-
tensity, actuators perform actions like adjusting ventilation or controlling lighting based
on this data. Microcontrollers and embedded processors manage local decision mak-
ing and communication, often operating at the edge to reduce latency and offload
computation from centralized servers. In the context of buildings, these loT compo-
nents are commonly used to monitor indoor environmental conditions such as tem-
perature, humidity, CO, levels, noise, and pressure. Such parameters are crucial for
maintaining energy efficiency, occupant comfort, and safety.

Geospatial technologies deal with data that has an inherent spatial or locational dimen-
sion data that can be mapped, analyzed, or interpreted in terms of where it occurs.
These technologies encompass a wide range of tools and systems, such as Geo-
graphic Information Systems (GIS), spatial databases, remote sensing platforms, and
visualization environments. Among these, GIS plays a central role as both a frame-
work and a platform for managing spatial information. More importantly, GIS can act
as a connector between disparate data sources. For instance, when environmental
sensor data (e.g., temperature, humidity) is tagged with spatial coordinates or room-
level identifiers, GIS provides the spatial context needed to integrate that data with
digital building models, infrastructure layouts, or meteorological datasets. This capa-
bility transforms otherwise siloed datasets into actionable spatial knowledge, enabling
predictive modeling, resource optimization, and real-time monitoring across domains
such as urban planning, building management, and environmental sensing [26, 22].
However, the utility of GIS for building level applications is further enhanced when
combined with Building Information Modelling (BIM). Whereas GIS offers the broader
spatial context, BIM supplies the fine grained detail of building components and their
semantic relationships, allowing multi-scale integration of data.
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BIM is a process of creating and managing digital representations of the physical and
functional characteristics of built assets throughout their lifecycle [56]. These repre-
sentations include geometry (3D shape), relationships among building components,
metadata such as material properties, construction specifications, and operational fea-
tures [7, 9]. When enriched with locational context such as geographic coordinates,
spatial relationships among rooms, orientation, window placement, and room volume,
BIM semantics can become a powerful contributor to a geospatial ecosystem. In this
sense, BIM provides not only what a building is composed of, but also where and
how its elements relate to external context: for example, which rooms receive sun-
light at what angles, which walls face north vs. south, or how airflow might be affected
by urban surroundings. Such locational aspects enable BIM-based data to be fused
with other sources (e.g., sensor networks, external climate data) for spatially-aware
analytics and prediction.

Together, these domains highlight a layered integration of technologies. Sensors pro-
vide real-time observations of environmental conditions, which are managed through
loT infrastructures for collection, transmission, and interaction. BIM contributes se-
mantic and structural detail of buildings and their elements, allowing integration with
sensor data to generate a spatial framework that reveals context and relationships.
Combined, these capabilities enable a holistic view of the built environment, where
operational data, structural semantics, and spatial context reinforce one another to
support advanced analysis, predictive modeling, and decision making.

0100 [0oboodood oo bot boo 0od god

The integration of loT and geospatial technologies is emerging as a transformative ap-
proach in smart building and urban analytics. By linking sensor data to specific physi-
cal locations and architectural components, one can enable spatially informed insights
and decisions. This combined approach supports a variety of use cases from energy
efficient building operations and predictive maintenance to emergency response, oc-
cupancy monitoring, and indoor air quality control; For example, associating indoor
air quality data with BIM based room geometry can allow facility managers to localize
problems and take targeted actions. When sensor readings are spatially visualized
and temporally tracked, they can expose hidden patterns such as heat retention in
poorly ventilated rooms or correlations between sunlight exposure and CO2 buildup.

A compelling example is provided by the University of Cagliari study on BIM and loT
Sensors Integration [16]. The researchers integrated real-time sensor data into a BIM
environment and visualized indoor conditions to flag potential issues such as overheat-
ing, fire risk, or poor air quality. This highlights the power of 10Ti BIM frameworks not
only for monitoring and alerts, but also for visualisation and for setting up control mech-
anisms. The significance of such integration becomes broader when examined in the
context of smart city frameworks and their goals for sustainable urban development.
As cities increasingly aim to become more energy efficient, resilient, and responsive to
the needs of their inhabitants, integrating data-driven monitoring systems with spatial
models like location aware BIM enables more precise, localized, and adaptive deci-
sion making. These technologies can support intelligent building management, inform
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urban policy, and ultimately contribute to reducing environmental impact at both the
built and urban scale.

0000 Dooboo ootboodo

The growing availability of indoor sensors has enabled continuous monitoring of pa-
rameters such as temperature, noise, humidity, and CO, concentration. However, de-
ploying sensors in every room of a building is costly, intrusive, and often impractical.
As a result, many building spaces remain uninstrumented, leaving gaps in knowledge
about their environmental conditions. This limitation constrains the ability of facility
managers and researchers to develop holistic, data-driven strategies for energy effi-
ciency and occupant comfort.

At the same time, Building Information Modelling (BIM), particularly through the In-
dustry Foundation Classes (IFC) standard, provides detailed semantic and geometric
representations of building spaces, including room volume, orientation, and window
characteristics. Although BIM holds potential for augmenting sensor based monitor-
ing, its integration with real time observations remains limited in practice. Most exist-
ing systems rely on proprietary software or ad-hoc connections between sensors and
building models, restricting interoperability and scalability.

Machine learning (ML) techniques, especially ensemble methods such as XGBoost,
offer the ability to learn from historical sensor data and predict future environmental
conditions. Yet, current applications at the building scale often emphasize energy
demand forecasting or comfort optimization, with fewer studies addressing room level
prediction of conditions in non-instrumented spaces. Table 2.1 presents a comparative
analysis of case studies that integrate 10T, BIM, and predictive modeling, highlighting
their respective focus areas, methodological choices, and limitations in relation to the
objectives of this thesis.

The problem addressed in this thesis therefore lies in the absence of an open, standards-
based framework that combines IoT observations, BIM semantics, and machine learn-
ing to predict indoor environmental conditions in uninstrumented spaces. Specifically,
this work investigates how the OGC SensorThings API (STA) can be employed for
interoperable sensor data exchange, how IFC-based BIM models can supply spatial
and semantic attributes, and how these inputs can be integrated into an ML pipeline
to predict indoor temperature in rooms without sensors. The development and evalu-
ation of such a prototype form the central challenge of this thesis.
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Predicting indoor environmental conditions has traditionally relied on physics-based
and statistical methods. Physics-based simulation tools such as EnergyPlus and TRN-
SYS explicitly model heat transfer, solar radiation, material properties, and HVAC dy-
namics to estimate indoor conditions [15, 55]. While these approaches are grounded
in thermodynamic principles and provide detailed control over physical parameters,
they are computationally intensive and demand precise input data that may not always
be available. Moreover, their reliance on assumptions regarding occupant behavior
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and HVAC operation often leads to discrepancies between simulated and actual con-
ditions [29].

Statistical methods, such as autoregressive integrated moving average (ARIMA) mod-
els and linear regression, have also been applied for short-term indoor temperature
forecasting [46]. These approaches are lightweight and interpretable but are limited
in their ability to handle nonlinear interactions among variables, such as the combined
effects of solar radiation, room geometry, and outdoor climate. As buildings represent
highly dynamic systems where environmental factors interact in complex and often
nonlinear ways, purely statistical models tend to underperform in real-world applica-
tions [43].

Machine learning (ML) has emerged as a compelling alternative for predictive mod-
eling in built environments. Unlike purely physics-based or statistical approaches,
ML can learn directly from observed data, capturing nonlinear relationships and in-
teractions between features without requiring explicit physical formulations. Studies
demonstrate the suitability of ML for indoor temperature forecasting, energy demand
prediction, and comfort modeling, showing superior performance compared to con-
ventional statistical baselines. Paul et al. [48] evaluated multiple algorithms, including
Random Forests, Support Vector Machines, and Neural Networks, for room-level in-
door temperature prediction, providing strong evidence of MLis suitability in this exact
context. Similarly, Allam, Kassem, and Elagouz [4] implemented a lightweight cloud-
based IoT framework that employed linear regression and basic ML techniques for
forecasting temperature and humidity, demonstrating feasibility even in resource con-
strained setups. Related applications extend this evidence base: Imran, Igbal, and
Kim [35] applied predictive optimization to loT-driven task scheduling for reducing resi-
dential energy consumption, while Xin et al. [61] proposed a CNNi LSTM hybrid model
for spatio-temporal energy demand forecasting at city scale. Complementing these
case studies, review articles such as Liu et al. [43] and Ahmad, Chen, and Guo [1]
emphasize that ML approaches consistently outperform traditional statistical methods
in building energy and environmental prediction tasks, underlining their growing im-
portance for short term indoor environmental forecasts. Algorithms such as Support
Vector Machines (SVM), Random Forests, and Artificial Neural Networks (ANN) have
been applied to building-level datasets with promising results, particularly when sen-
sor data are abundant and high-resolution [48, 4].

Among ML methods, ensemble-based approaches have shown consistent advan-
tages for structured data prediction. Random Forests provide robustness by aver-
aging across multiple trees, thereby reducing variance and overfitting [12]. Gradient
boosting methods further improve accuracy by sequentially correcting the errors of
previous learners, capturing complex feature interactions. Extreme Gradient Boost-
ing (XGBoost), in particular, has gained traction in environmental modelling and time-
series prediction due to its computational efficiency, support for missing values, and
ability to incorporate heterogeneous features [14, 34]. Compared to deep learning
methods such as CNNs or LSTMs, which typically require large-scale datasets [61],
XGBoost is well-suited for medium-sized, structured datasets typical of room-level
building applications.
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This thesis therefore employs XGBoost regression as the core predictive model. Its
suitability arises from three factors: (i) ability to incorporate heterogeneous predictors
such as room volume, solar inflow, and external temperature, (ii) efficiency for periodic
retraining on moderate datasets, and (iii) interpretability of feature importance, which
ensures transparency in linking spatial and environmental variables to predictions. By
adopting this approach, the study balances predictive accuracy with computational
feasibility while maintaining compatibility with the standards-based data infrastructure
developed in this research.

00 DoodoooL Doobiioto bbb Uodbntbbooog

This study aims to develop a geospatial IoT system that captures, analyses, and visu-
alizes indoor environmental parameters, specifically indoor temperature. It proposes
a prototype system that uses open standards such as IFC for BIM representation
and OGC SensorThings API for sensor data exchange. Data from Netatmo sensors,
deployed in the BK Building at TU Delft, is collected at room level and stored in a
FROST server. A key objective is to spatially map this sensor data onto a 3D BIM
model (hosted on CesiumJS) to explore relationships between indoor conditions and
building characteristics like volume and solar exposure.

The study attempts to predict environmental conditions using XGBoost, a supervised
machine learning algorithm. The approach supports environments where direct sen-
sor deployment is not feasible, offering a simulation based proxy.

The research is guided by three core questions:

A How can datastreams from loT devices be stored, processed, and analyzed for
deriving geospatial insights?

A Which measurable aspects of the built environment can be tested for correlation
with indoor environmental quality?

A Can a simulation model based on building and sensor data be used to predict
environmental conditions in non-instrumented spaces?

By exploring these questions, the study contributes to bridging the gap between IoT
technologies and spatial data infrastructures. It lays the groundwork for smarter build-
ings using open source frameworks and tools.

Several environmental and spatial parameters can influence the internal temperature
of a room. Numerous studies in building science and indoor environmental qual-
ity highlight the key drivers of indoor thermal conditions. Solar radiation particularly
through glazed facades is frequently cited as a dominant factor affecting indoor tem-
peratures, both through passive heating and overheating risks in perimeter zones [6,
5]. External climatic variables such as outdoor air temperature, humidity, wind speed,
and pressure also significantly contribute to a roomis thermal dynamics, as they di-
rectly affect energy exchange between indoor and outdoor environments [57]. Finally,
the buildingis own thermal characteristics, especially room volume and thermal mass,
play a critical moderating role, dampening temperature fluctuations and providing ther-
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mal inertia [58]. Together, these environmental inputs, spatial attributes, and building
physics form the foundation of predictive modeling in room-scale thermal analysis.

000 0hOOn DU bioooiond

This thesis project focuses on analysing the patterns, correlations, and prediction of
indoor temperature at the room (IFC space) level. Other indoor environmental param-
eters such as CO, concentration and noise levels have been excluded from the scope
of this project. However, since the developed system is based on interoperable stan-
dards and indoor sensors are capable of providing a variety of parameters, indoor tem-
perature could be readily substituted by CO, or noise to enable similar analyses and
predictions. Additionally, factors such as the influence of HVAC systems and human
behaviour have not been explicitly modelled; however, since the XGBoost prediction
model used for predicting values is trained on observed data points, it is expected to
capture some of these effects indirectly.

The temporal extent of the study is constrained by the limited timeframe of the the-
sis, which was less than one year. As a result, seasonal variations that might have
provided additional insights into indoor environmental dynamics could not be incorpo-
rated. Furthermore, all three sensors used for data collection were installed within the
same building. While this setup allowed a focused investigation of the effects of room
volume and solar inflow on indoor temperature, it also meant that aspects such as
building material properties and their influence on indoor conditions remained outside
the scope of this work.

With regard to system implementation, the use of the OGC SensorThings API (STA)
is limited to demonstrating interoperability and structured data exchange between [oT
observations and building models within a prototype setting. Although the STA specifi-
cation supports broader applications such as large-scale deployment, enterprise-level
integration, and performance benchmarking [42, 60], these aspects are not addressed
in this thesis. The objective here is to showcase the feasibility of linking sensor obser-
vations with building semantics in a standardised manner, rather than to evaluate the
scalability or operational performance of the standard in complex environments.

Similarly, Industry Foundation Classes (IFC) provide a comprehensive, open standard
for representing building information throughout the entire lifecycle, including design,
construction, and facility management [13, 21]. In this thesis, however, IFC has been
utilized in a more limited way, focusing on room-level semantics such as volume, ori-
entation, and window placement, which are relevant to indoor temperature prediction.
IFC was also partially employed for visualization through Cesium Tiles, but the ren-
dered model is not fully interactive, as Cesiumis 3D Tileset format does not currently
support direct object selection or feature tagging at the level of individual rooms. In-
stead, room selection is facilitated through a dropdown list.
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The integration of 10T technologies into energy systems and built environments has
been a growing area of research, particularly in the context of improving efficiency,
sustainability, and decision-making. This section explores related literature across
three key themes that align with the core components of this thesis: (1) IoT adoption
in sustainable infrastructure, (2) predictive modeling using sensor time-series data,
and (3) integration of spatial analytics into environmental simulations.

Fragkos et al. [23] emphasize that the adoption of 0T technologies can significantly
reduce energy demand and support broader sustainability goals. By enabling real-
time monitoring and control, 10T can contribute to smarter energy consumption in built
structures, institutional management, transport sectors and beyond. These endeavors
would align with the EUis low-carbon pathway to 2050 and demonstrate the potential
of technology-driven solutions to reduce fossil fuel dependency and promote flexible,
resilient energy systems. This broad vision sets the foundation for exploring more
localized, room-scale implementations such as those proposed in this thesis.

Building on the need for smarter infrastructure, Alavi et al. [2] highlight key design prin-
ciples that are critical to effective 10T deployment: system interoperability, contextual
awareness, and real-time feedback mechanisms. These principles directly inform the
technical backbone of this thesis, which uses the OGC SensorThings API, a geospa-
tial database (PostGIS), and real-time streaming through the FROST server using
FastAPI functionalities. This study underscores the value of integrating spatial data
with sensor networks to support evidence-based decision-making, a concept adapted
herein for building-scale environmental monitoring.

The integration of Building Information Modeling (BIM) with real-time 10T sensor data
is a relatively new but rapidly evolving research area. Desogus et al. [17] present a
data integration framework using low-cost 0T sensors and Revit-based BIM models,
enabling dynamic visualization of indoor conditions such as temperature and lumi-
nance. Their system leverages tools like Dynamo and custom APIs to achieve real-
time synchronization between the BIM environment and sensor readings. Similarly,
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several studies have demonstrated the potential of linking environmental sensors with
3D spatial models for applications like energy audits, retrofit decision-making, and oc-
cupant comfort monitoring [47]. These studies reinforce the potential of using BIM as
a dynamic data hub, not just for geometry and documentation, but for managing live
environmental data. This thesis builds on this foundation by creating a system that
parses an IFC model directly and links it with room-specific sensor observations via
the SensorThings API, forming the basis for both visualization and prediction.

Focusing more closely on the application of 10T at the scale of individual rooms and
buildings, several studies explore how sensor-driven intelligence can optimize indoor
environmental conditions. Imran et al. [35] investigate loT-based task scheduling to
reduce energy usage in residential spaces, incorporating human behaviour and appli-
ance usage patterns to fine-tune consumption. While their emphasis is on appliance-
level control, the underlying logic that granular sensor data can be modelled to support
indoor efficiency aligns with this thesis. By shifting the unit of analysis from tasks to
architectural features such as room volume and window exposure, this work extends
that logic to a spatial-informatics-driven approach for environmental modelling.

Complementing the premise of 10T integration with prediction models, Xin et al. [61]
explore a more algorithmically advanced approach of combining Convolutional Neu-
ral Networks (CNNs) with Long Short-Term Memory (LSTM) models to forecast short-
term power consumption. Trained on large datasets from major Chinese cities, their
hybrid model demonstrates strong predictive capabilities across both spatial and tem-
poral dimensions. This research supports the use of structured time-series data such
as sensor observations over time to train predictive models. While their focus lies in
urban scale energy demand forecasting, the methodological principles align closely
with this thesis. Herein, instead of deep learning, an XGBoost regression model is
used. It has been chosen for its ability to handle heterogeneous feature types (room
volume, solar inflow, external temperature), its speed of training and inference, and its
effectiveness on medium-sized structured datasets, which is typical in building-level
simulations. Furthermore, XGBoost supports incremental retraining and explainability,
both of which are essential in this application where the model is updated daily and its
behaviour must remain interpretable. This deliberate selection reflects a balance be-
tween predictive performance and operational feasibility for real-time environmental
simulation.

In a comparable line of inquiry, Allam et al. [3] present a lightweight 10T framework for
temperature and humidity forecasting using linear regression on sensor data gathered
via Message Queuing Telemetry Transport (MQTT) protocol and stored in Amazon
Web Services (AWS) DynamoDB. Although their use case focuses on basic weather
monitoring, their end-to-end cloud architecture and reliance on timestamped sensor
data echoes the structure of this thesis. However, unlike their use of static regres-
sion, this thesis implements a modular pipeline with support for incremental learning
and model retraining using XGBoost, enabling more flexible deployment for real-time
predictions.

Similarly, Paul et al. [49] explore multivariate forecasting of indoor temperature in
smart buildings using a suite of machine learning models including Random Forests,
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Support Vector Machines, and Neural Networks, evaluated on high-resolution sen-
sor data collected from a residential building in Spain. Notably, they advocate for an
online learning methodology that adapts the model incrementally to new datad®a strat-
egy aligned with this thesis, where daily updates improve model accuracy based on
the latest environmental inputs. Their study also reinforces the significance of solar
irradiance and outdoor temperature as key predictors, both of which are central to the
feature engineering in this thesis.

Beyond identifying predictive features, several studies also address how spatial factors®
such as surface orientation and geometric exposure can be quantitatively modelled
within building environments. Mardaljevic and Roy [44] propose a matrix-based ap-
proach for estimating cumulative Solar Beam Irradiance (SBI) using discretized sun
position data throughout the year. Their methodology, integrated into BIM-based sim-
ulation pipelines, captures the directional and temporal variability of solar exposure
across different facade elements. While this thesis employs a simplified, zenith-based
method for estimating inflow due to its computational efficiency, it shares the same
goal: transforming spatial geometry into model-ready inputs. Incorporating more gran-
ular SBI-based techniques presents a logical next step to enhance inflow realism in
future work.

Taken together, these studies illustrate how 10T, BIM, and machine learning can be
leveraged in diverse ways to address energy efficiency and environmental modelling.
Yet, each contribution typically emphasizes only part of this integration, either loT for
monitoring, BIM for visualization, or ML for forecasting, without combining them into
a unified, standards-based framework. To clarify how the present thesis builds upon
and extends this body of work, Table 2.1 compares key case studies across their BIM,
loT, and prediction aspects, highlighting their focus areas and limitations relative to
this research.
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Table 2.1: Comparison of related work across BIM, 10T, and prediction aspects relative to this thesis

Study Focus BIM Aspect | 10T Aspect Prediction / | Limitations
Modelling

This The- | Prototype for room-| IFC seman-| OGC Sensor- | XGBoost re- | Combines STA + IFC

sis level indoor tem-|tics (room | Things API | gression; + ML for room-level
perature prediction | volume, via FROST; | incremental prediction in uninstru-
in uninstrumented | window ar- | sensor obser- | retraining; mented rooms; open,
spaces eas, SHGC, | vations served to web | standards-based.

orientation) app

Paul et al.| Indoor tempera- | None Sensor-based | Multivariate ML | No  BIM/IFC; no

(2018) [49] | ture prediction in dataset inges- | (RF, SVM, NN); | STA; no predictions
a smart building tion online learning | for uninstrumented
(Spain dataset) advocated rooms.

Allam et al. | Lightweight 10T + | None MQTT inges- | Linear regres- | No BlIM/spatial data;

(2021) [3] ML pipeline for tem- tion; AWS Dy- | sion (static) | no STA; limited mod-
p/humidity (AWS) namoDB stor- | forecasting elling scope.

age (cloud)

Imran et al. | loT-based task | None Appliance/task{ Predictive op-| No spatial features;
(2022) [35] | scheduling for level 10T con- | timization of | no BIM semantics;
residential energy trol tasks (not room- | no STA.

savings scale)
Xin et al. | City-scale  power | None Large-scale CNN+LSTM Not  building/room
(2022) [61] | management fore- city datasets | spatio-temporal | scale; no IFC/STA

casting (smart deep learning integration.

cities)
Desogus et | BIMi loT integration | Revit BIM | Low-cost sen- | No prediction; | No IFC semantics;
al. (2021) | for monitoring exist- | with Dy- | sors; data in- | real-time moni- | no STA; no ML frame-
[16] ing buildings namo/API gestion and vi- | toring only work.

linkage sualization

Natephra & | AR + BIM live visu- | BIMi AR IoT streaming | No prediction; | No IFC/STA pipeline;
Motamedi alization of sensor | interface for | for display visualization- no modelling.
(2019) [47] | data visualization focused
Mardaljevic | Solar Beam Ir-| BIM day- | None Physical simula- | No 10T, no STA;
& Roy | radiance (SBYI) | light/solar tion (no ML) no predictive ML
(2021) [44] | modelling for BIM | exposure system.

simulations estimation
Metallidou Review of loT | None Survey of 10T | No prediction; | No semantic BIM; no
et al. | approaches for technologies | literature review | modelling; no STA.
(2020) energy-efficient and use-
[45] smart buildings cases
Alavi et al.| loT-enabled smart | None Conceptual No prediction; | Lacks building-scale
(2018) [2] cities; design architecture conceptual only | case studies; no STA;

principles (interop- and principles no BIM.

erability, feedback,

awareness)
Fragkos et | EU-level energy pol- | None Macro-scale No prediction; | No building-scale
al. (2017) | icy and loT adoption IoT adoption | policy analysis | prototype; no
[23] for sustainability for energy | only BIM/IFC; no ML.

policy

Apart from case-specific applications, a broader stream of literature provides reviews
and methodological contributions that establish the foundations for ML in building-
related prediction tasks. These works synthesize findings across multiple studies or
introduce algorithms that have since become standard in environmental data mod-
elling. Table 2.2 summarizes key review articles and methodological studies, showing
how they validate the suitability of ML approaches and provide the theoretical tools
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upon which this thesis builds.

Table 2.2: Review and methodological studies on ML for building prediction tasks

Study Key Findings and Relevance

Liu et al. (2018) [43] Comprehensive survey of data driven methods for prediction and
classification of building energy consumption. Highlights that ML
approaches consistently outperform traditional statistical methods
in energy and environmental prediction tasks. Validates MLis suit-
ability for structured datasets in building applications.

Ahmad et al. (2017) [1] Reviews both physics-based and data-driven approaches to build-
ing energy prediction. Shows growing dominance of ML methods
for short-term indoor environmental forecasting. Provides theoret-
ical grounding for ML over conventional statistical approaches.
Breiman (2001) [12] Introduced Random Forests as an ensemble method. Demon-
strated robustness to noise and overfitting through tree aggrega-
tion. Now widely applied in building level energy and comfort pre-
diction studies.

Chen & Guestrin (2016) | Proposed XGBoost as a scalable and efficient gradient boosting
[14] framework, capable of handling heterogeneous features, missing
values, and medium-sized structured datasets efficiently. Pro-
vides the methodological backbone for the prediction model used
in this thesis.

IBM (2023) [34] Provides an accessible overview of XGBoost and its applied use-
cases. Although not academic, it illustrates how the algorithm is
adopted in real-world ML deployments, including environmental
and energy forecasting domains.

000 0000 bio boood 000 0odbooooso

Ensemble methods in machine learning combine the predictive power of multiple indi-
vidual models to achieve higher accuracy and robustness compared to single learners.
The principle is rooted in the idea of the fiwisdom of the crowd,0 where aggregating
multiple perspectives tends to yield better decisions [28].

LO000000 Obood 0o 0oob odbodooo

Decision trees form the foundation of many ensemble models. They are non-parametric
supervised learning algorithms that can be applied to both classification and regres-
sion problems. Trees split data recursively into homogenous subsets using a divide-
and-conquer strategy [32]. While they are easy to interpret, single decision trees often

suffer from overfitting and instability, particularly when the tree becomes very deep

[11].

0D000ood 0oo bdodod ooooood

Bagging (bootstrap aggregating) was introduced to reduce variance by training multi-
ple trees on bootstrapped samples of the dataset and averaging their predictions [12].
Random Forests extend bagging by introducing feature randomness, where each split
in a tree considers only a random subset of features, thereby reducing correlation
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