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 a b s t r a c t

Effective control of indoor environments is crucial for maintaining occupant comfort and optimizing energy use. 
However, current building control strategies often fail to achieve these goals, as they rely on static or rule-based 
approaches that normally do not account for dynamic conditions. While advanced control strategies offer a more 
adaptive solution, their implementation is challenging due to the need for accurate thermal models, which are 
resource-intensive to develop. Defining building thermal zones can help to strike a balance between model ac-
curacy and the cost of their development and implementation. However, data-driven approaches for identifying 
thermal zones remain scarce. This study addresses these gaps by proposing a reusable data-driven thermal zoning 
algorithm that employs Principal Component Analysis (PCA) and k-means clustering to define building thermal 
zones. This method allows for the inclusion of numerous parameters, thus increasing the applicability and consis-
tency of the zoning process. Additionally, we propose an algorithm for zones validation, supported by qualitative 
criteria from literature and standards. The approach is tested in a large educational building, using time-series 
data from 168 rooms with a total of 262 CO2 and temperature sensors. Results show that the proposed zoning 
algorithm achieves over 91% consistency score, depending on the number of selected principal components, clus-
ters, and input parameters available. The derived thermal zones are further validated based on the synthesised 
qualitative criteria. Finally, the results are visualized in a DT environment, where users can explore color-coded 
thermal zones alongside real-time sensor data, 3D building geometry, and semantic information.

1.  Introduction

Building operations account for 30% of global energy consumption, 
contributing to 26% of global CO2 emissions [1]. Following “The Euro-
pean Green deal” strategy [2] the built environment is under pressure to 
adapt to the current energy market dynamics and integrate more flexi-
ble and responsive energy management systems [3]. Energy prices are 
inherently fluctuating, and an examination of the electricity price in 
central Sweden on 21st February 2025 showed a decrease of 86% be-
tween the highest and lowest price during the same day [4]. Further-
more, with the increasing penetration of wind energy and its inherent 
volatile nature, which can cause fluctuations in the cost of electricity 
[5], the ability to optimise the timing of electricity usage becomes even 
more valuable.
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Considering the life cycle of a building, the vast majority of energy 
consumption is attributed to the operational stage [6]. Equipping build-
ings with sensors and actuators that allow automatic adjustment of heat-
ing, cooling, and other systems can bring the needed energy flexibility 
while maintaining thermal comfort [7]. This approach requires real-
time monitoring, analysis, and actuation, leveraging digital tools to mea-
sure and calculate when and how to act [8]. The steady decline in sensor 
and computing power costs over the past few decades, combined with 
recent advances in machine learning, has accelerated this approach, en-
abling timely and efficient responses to dynamic conditions [9].

Optimisation of energy usage requires the development of advanced 
control systems, with accurate and reliable forecasting models providing 
a basis for control algorithms [10]. In contrast to the currently popular 
rule-based control (RBC) which relies on predefined rules to maintain 
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space comfort set points [11], more advanced control strategies can 
enhance system efficiency and reduce operational costs [12,13]. Such 
models can forecast the impact of different control inputs, allowing the 
control system to make informed decisions [14–16].

Digital twin (DT) is emerging as a promising technology to achieve 
all the above-mentioned features in building performance monitoring, 
optimisation and control [17]. A DT is defined as a virtual replica of a 
physical asset, enabled through data and simulations, that can be used 
for real-time monitoring, optimisation, and decision making [18]. At a 
basic level, a DT can function as a data aggregation tool, enabling users 
to access and interact with data in a holistic and centralized manner. 
Among other benefits, a building’s DT can facilitate data-driven analysis 
and predictive modeling, enabling more informed decision-making for 
energy management, occupant comfort, and operational efficiency [19].

Currently, there are three main techniques applied for building 
dynamic thermal modelling, namely, physics-based (white-box), data-
driven (black-box) and hybrid (grey-box) models [20]. Each of these 
techniques starts with defining the boundary conditions, where deter-
mining the thermal zones of the building is essential. Atam and Helsen 
[21] performed an in-depth analysis of the 3 modelling techniques and 
related approaches for thermal zoning. However, to this day, there is 
still no clear agreement on how to define such zones [22].

There are several different strategies for building thermal zoning. 
For physics-based models, it is common practice to set each room as 
a separate zone while performing simulations with well-known open-
source or commercial software such as Energy+, TRNSYS, IES or IDA-
ICE [23]. However, defining each room as a separate thermal zone 
is impractical for most HVAC systems and can be costly to imple-
ment [22]. It also adds additional complexity while defining dynamic 
thermal models. For example, in grey-box modeling approaches, using
multiple zones introduces parameter estimation complexity, making cal-
ibration and implementation challenging [24]. Another approach for 
thermal zoning is based on standards such as ASHRAE (American So-
ciety of Heating, Refrigerating and Air Conditioning Engineers), that 
recommends to separate interior and parameter spaces; separate orien-
tations with significant amount of glazing; and separate top bottom and 
middle floors [25]. The authors in [26] developed a tool that automat-
ically defines zones based on these criteria. While this approach can be 
useful in the early design stage, it often lacks precision in the opera-
tional stage, as it does not incorporate real data, potentially leading to 
suboptimal zoning configurations [27].

A new automatic thermal zoning method for commercial buildings 
energy simulation was recently proposed by M. Shin and J. S. Harberl 
[28]. The method includes identification of similarly performing grid 
units in terms of building’s heating/cooling requirements using the lin-
ear correlation coefficient. The results showed that the proposed thermal 
zoning method can reduce the heating/cooling loads of the case study 
building by 11%–27% compared to a single zone model. However, this 
method is mostly applicable in building’s early design phase where the 
final layout of the spaces and HVAC equipment is still to be determined. 
Furthermore, it requires additional data of the building geometry and 
includes intermediate simulation steps via energy modelling software.

Defining thermal zones while building dynamic thermal models is 
crucial for balancing development costs with their benefits [29]. Cur-
rently, a number of scientific works are present exploring different mod-
elling approaches for advanced control [30]. However, to our knowl-
edge, none propose a reusable performance-data-based algorithm for 
building thermal zoning. This is also identified as a gap in [22], re-
vealing the lack of quantitative methods for selecting thermal zones. 
Therefore, in this study, we propose a data-driven algorithm based on 
principal component analysis (PCA) and k-means clustering to deter-
mine similarly performing rooms in the building and cluster them into 
distinct zones.

PCA is a widely known dimensionality reduction technique that has 
been used for many applications in various fields, including building 
energy analysis, with its use in predicting building energy consumption 

dating back to 1993 [31]. The most common application closely related 
to building thermal zoning is parameter dimensionality reduction for 
building energy modelling [32–34]. PCA applies very well to building 
thermal zoning as well, allowing one to include as many zone thermal 
performance defining parameters as needed. In addition, not only the 
mean but also the standard deviation (STD) values are used to define 
each of the input parameters to account for the possible high variation 
in the data. The extracted dominant principal components (PCs) are then 
used to determine the thermal zones by another widely adopted k-means 
algorithm [35]. K-means algorithm was also successfully implemented 
for the thermal zoning of buildings at the city level [36]. The analysis 
performed on data collected in 274 cities allowed the development of a 
new thermal design zoning scheme for buildings in China.

The thermal zoning algorithm developed in this study has been im-
plemented in a complex educational building on the Linköping Uni-
versity campus in Sweden. This case study utilized CO2 and temper-
ature time-series data collected from sensors in 168 rooms. Although 
this study focusses on these specific data sets, the algorithm is versatile 
and can be applied to any time-series data relevant to defining building 
thermal zones. This method is particularly advantageous for complex 
buildings where multiple parameters can affect the thermal performance 
of a zone or when qualitative data, such as room function, occupancy 
schedules, or room locations, are not available.

In addition, a two-fold validation is applied. Firstly, a statistical val-
idation algorithm is employed that splits the data set into two parts and 
reapplies PCA and k-means clustering to compare the resulting clus-
ters with the original ones. Secondly, the clustered zones are validated 
using a qualitative method comprised of previous scientific works and 
available standards [22,25,37]. Finally, the defined thermal zones are 
visualized in a DT environment, where the user can see the color-coded 
thermal zones and access real-time sensor data, 3D building geometry, 
and semantic data transferred from the IFC file.

This article is structured as follows. Section 2 presents the essen-
tial theory for the concepts and algorithms used in this work. Section 3 
provides information on the case study, collected data and its prepro-
cessing. It also provides all the information required to reproduce the 
results presented in this article, including the thermal zoning algorithm, 
the quantitative validation algorithm, the synthesised qualitative ther-
mal zoning criteria and integrated DT architecture. Section 4 explores 
the results obtained from the analysis and presents the developed DT. 
Finally, Section 5 concludes the work and offers recommendations for 
areas of future research.

2.  Essential concepts and definitions

2.1.  Digital twins

Multiple authors have proven the benefits of DTs to optimise and 
control HVAC systems [3,39,40]. A DT is a virtual representation of 
a physical asset that integrates real-time sensor data with simulation 
models to enhance monitoring, analysis, and decision-making. The au-
thors in [38] present a DT capability level scale adapted from a DNV 
GL report [41] that divides a DT into six distinct levels. These levels are 
0-Standalone, 1-Descriptive, 2-Diagnostic, 3-Predictive, 4-Prescriptive 
and 5-Autonomous (Fig. 1). The standalone DT can exist even before 
the asset is built and can consist of only 3D models with accompanying 
semantic data. When the asset is in place and is equipped with sensors, 
data can be streamed in real-time to create a descriptive DT, giving more 
insight into the state of the asset. When analytic tools are applied to 
the incoming data stream to diagnose anomalies, the DT advances to a 
diagnostic level. At the first three levels, the DT can provide informa-
tion/insight only about the past and present. However, a predictive DT 
can describe the future state of the asset. Using a predictive DT, one can 
perform scenario analysis to provide recommendations to push the as-
set to the desired state. This is then referred to as the prescriptive level. 
Lastly, the asset updates the DT at the autonomous level, and the DT 
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Fig. 1. Description of capability levels of a digital twin. Adapted from [38].

controls the asset autonomously. Achieving Capability Level 5 in a Dig-
ital Twin (DT) requires fully autonomous control, making it the most 
advanced stage of DT development. Thermal zoning can aid in reaching 
this level by streamlining the control process and optimizing resource 
allocation in terms of modelling and implementation [42].

2.2.  Building’s thermal zone

Buildings thermal zones has several interchangeably used terms such 
as thermal zone, HVAC zone, thermal block, etc. One of the commonly 
used definitions is proposed by ASHRAE Standard 90.1-2022 [25] that 
defines an HVAC zone as a space or group of spaces within a building with 
heating and cooling requirements that are suciently similar so that desired 
conditions (e.g. temperature) can be maintained throughout using a single 
sensor (e.g. thermostat or temperature sensor). As this is the most compre-
hensive definition, it is as well adapted for this research. In fact, one of 
the most important criteria in defining thermal zones is the possibility 
of applying tailored control mechanisms to each of them, which in turn 
requires the installation of dedicated software and hardware. As HVAC 
systems in buildings are commonly complex, this poses an important 
boundary condition while developing dynamic thermal models [43].

Several authors have investigated the impact of thermal zoning on 
different control applications. Authors in [44] explored the impact of 
thermal zoning on heat energy consumption in typical Canadian hous-
ing. The results showed up to 36% in energy savings while using a zonal 
control system. The authors also discussed the importance of the ability 
of control systems to learn from a building’s thermal behaviour and ad-
just the HVAC operations accordingly. Furthermore, the study in [45] 
demonstrated that dynamically adjusting thermal zones based on occu-
pancy can lead to additional energy savings.

Reynolds et al. [46] developed zone-level artificial neural networks 
to optimize heating set-point schedules for each zone in a small office 
building. Using a genetic algorithm, the approach achieved a 25% re-
duction in energy consumption over a test week and further reduced 
energy costs by 27% by dynamically adjusting heating schedules based 
on price fluctuations.

Nevertheless, there is still a great deal of uncertainty involved in 
defining the thermal zones of the building, mainly due to the constantly 
changing dynamic parameters related to environmental conditions and 
the influence of the user [47]. Outdoor weather parameters that are 
highly dependent on seasonality can cause a variation of thermal zones 
in a building [48]. Therefore, in some cases, it is worth considering 
defining seasonal thermal zones. Currently, in the vast majority of ap-
plications, thermal zones of buildings are defined based on qualitative 
methods. ASHRAE 90.1-2022 [25], IBPSA (International Building Per-
formance Simulation Association) [49], CIBSE (Chartered Institution of 
Building Services Engineers) [50], and the well-known scientific litera-
ture [51–53] identify similar criteria such as solar irradiation, orienta-
tion, envelope exposure, occupancy, schedules, HVAC distribution type, 
function, etc.

Further in this study (Section 3.5), we synthesize these sources to 
identify the six most commonly used qualitative criteria for validating 
data-driven zones.

2.3.  Principal component analyis

PCA is a dimensionality reduction technique used to transform 
𝑛-dimensional data of 𝑋 containing features 𝑥1, 𝑥2,… , 𝑥𝑛 into 𝑟-
dimensional data of 𝑍 containing features 𝑧1, 𝑧2,… , 𝑧𝑟 with a new coor-
dinate system in which the variance of the data along the axes (principal 
components) is maximised. This is achieved through several steps. First, 
the data are standardised by subtracting the mean and dividing by the 
standard deviation for each feature. 

𝑋𝑐 =
𝑋 − 𝜇

𝜎
(1)

where 𝜇 and 𝜎 are the mean and standard deviation of each of the indi-
vidual features. Next, this matrix 𝑋𝑐 is decomposed using the singular 
value decomposition [54] as follows: 
𝑋𝑐 = 𝑈𝑆𝑉 𝑇 (2)

where 𝑈 and 𝑉 𝑇  are called the left and right singular vectors, respec-
tively. 𝑆 is a diagonal matrix with the diagonal elements equal to the 
root of positive eigenvalues of 𝑋𝑐𝑋𝑇

𝑐  and 𝑋𝑇
𝑐 𝑋𝑐 . After this process only 

the first 𝑟 vectors are retained and the reconstructed matrix is computed 
using the expression 
𝑋̂ = 𝑈𝑟𝑆𝑟𝑉

𝑇
𝑟 (3)

2.4.  K-mean clustering

K-means clustering is a popular unsupervised machine learning al-
gorithm used for partitioning a data set into K distinct, non-overlapping 
subsets (clusters). The goal of the algorithm is to minimise the variance 
within each cluster. Here are the key steps of the K-means algorithm:

• Initialisation: Randomly select K data points as initial centroids.
• Assignment: Assign each data point to the nearest centroid, forming 
K clusters.

• Update Centroids: Recalculate the centroids of each cluster taking 
the mean of all data points assigned to that cluster.

• Repeat: Repeat steps 2 and 3 until convergence (when the centroids 
do not change significantly or a predefined number of iterations is 
reached).

The objective function to minimise in K-means is the sum of squared 
distances between the data points and their assigned centroids. Let 𝐶𝑖 be 
the set of data points assigned to the centroid 𝑖, and 𝜇𝑖 be the centroid 
of the cluster 𝑖. Then the objective function 𝐽 is given by: 

𝐽 =
𝐾
∑

𝑖=1

|𝐶𝑖|
∑

𝑗=1
‖𝑥𝑗 − 𝜇𝑖‖

2 (4)

Now, to determine the optimal value of 𝐾, the elbow method is com-
monly used. The idea is to run the K-means algorithm for a range of 
values of 𝐾 and plot the within-cluster sum of squares (WCSS) for each 
𝐾. WCSS is the sum of squared distances between each point and its 
assigned centroid (a.k.a. inertia). The elbow plot will show a decreasing 
trend in WCSS as 𝐾 increases, but at some point the rate of decrease 
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slows down, creating an “elbow" in the plot. The optimal value of 𝐾 is 
often chosen at this elbow point.

In most cases, the “elbow” point is determined by visual analysis. 
However, in cases where visually the “elbow” is not significant, a math-
ematical method can be used. This can be done first by plotting the 
inertia vs. the number of clusters. Then, calculating the first derivative 
of the curve (Slope) as shown in Eq. (5), where 𝐼 is the inertia and 𝐾 is 
the number of clusters. 
𝑆𝑙𝑜𝑝𝑒 = 𝑑𝐼

𝑑𝐾
(5)

Subsequently, the second derivative (Curvature) is calculated 
(Eq. (6)). The second derivative allows us to detect where the slope of 
the inertia curve changes most dramatically, which corresponds to the 
elbow point. The maximum value of the second derivative indicates the 
“elbow” point. For more information on the “elbow” method, readers 
are referred to this book [55]. 

𝐶𝑢𝑟𝑣𝑎𝑡𝑢𝑟𝑒 = 𝑑2𝐼
𝑑𝐾2

(6)

3.  Method and setup

3.1.  Data description

3.1.1.  Case study building introduction
The case study building is part of Linköping University (LiU) cam-

pus in Linköping, Sweden. The building was constructed as a student 
coworking space ’Studenthuset’ with 1000 new working spaces in 2019. 
Studenthuset is an 8-storey building that includes the basement where 
all the main building systems equipment is located, six main floors 
with coworking/meeting spaces, kitchenettes, library, canteen and chill 
spaces for students, and the upper floor dedicated to administration of-
fices. The façade of the building is combined from wooden panels with 
a U value of 0.13𝑊 ∕(𝑚2𝐾) and windows with a U value of 0.8𝑊 ∕(𝑚2𝐾). 
The structural elements are reinforced concrete insulated elements with 
a U value of 0.13𝑊 ∕(𝑚2𝐾) for the outer walls, 0.2𝑊 ∕(𝑚2𝐾) for the base-
ment wall, and 0.1𝑊 ∕(𝑚2𝐾) for the roof. The building has its digital rep-
resentation 3D BIM model enriched with semantic information of the 
building elements, the models are available in an open IFC format as 
well as proprietary Audotesk RVT and DWG formats. The architectural, 
structural, electrical, and HVAC disciplines of the building are present 
and can be viewed as a complete model or as separate parts (Fig. 2). 
The building is connected to district heating (DH), the city’s electric-
ity grid, water supply, and wastewater treatment systems. Electricity is 
also generated by installed PV solar panels that are expected to produce 
9𝑘𝑊 ℎ∕𝑚2 of the useful area of the building per year.

The building is equipped with 3 air handling units (AHU) that are 
placed on the roof and 1 air circulation unit in the basement. Two of 
the air handling units placed on the roof with an airflow rate of 8𝑚3∕𝑠

Fig. 2. Case study building services room and DH connection.

are responsible for the ventilation needs throughout the entire building, 
except the kitchen located on the second floor. The third AHU on the 
roof with an airflow rate of 2.8𝑚3∕𝑠 ensures the required air quality in 
the kitchen. The air circulation unit with an airflow rate of 0.43𝑚3∕𝑠 lo-
cated in the basement is connected to the main 2 AHUs on the roof and 
controls air quality in the sensitive space for the book archive. The build-
ing has implemented variable air volume (VAV) control. VAV dampers 
are controlled on the basis of CO2 sensors with maximum set point val-
ues ranging between 600–900ppm. When the set point is reached, the 
damper is fully opened, and all air is exchanged in the space. The pro-
jected supply air temperature is 16◦ C (the kitchen 18◦ C), while the 
comfort set point of the indoor air temperature ranges between 21◦ - 
23◦C. The building’s heating system is combined from hydronic based 
floor heating on the second floor and radiators on all other floors. The 
heating system is controlled by BMS-controlled valves that are activated 
on the basis of the room temperature set point. The heating system is 
also responsible for maintaining the required supply air temperature in 
the AHUs.

3.1.2.  Input data set
Historical time-series data for indoor CO2 levels and indoor air tem-

perature in different rooms of the case study building are used as input. 
CO2 levels are available for 29 rooms in the building, where in some 
larger spaces such as the library there is more than 1 sensor, resulting 
in 44 total CO2 sensors in the building. Similarly, data are available from 
218 indoor air temperature sensors, deployed in a total of 165 rooms. 
Time period for the data obtained - 1 year and 4 months (2022/01/01 
 2023/05/05), with 10 minute time stamps measured in ppm for CO2 
and degrees Celsius for indoor air temperature.

3.2.  Data preparation

From the available CO2 and indoor air temperature data, 3 data sets 
were combined. This was necessary as there are more than five times 
more sensor data available for indoor air temperature than CO2. Fur-
thermore, not for all rooms where CO2 data are available, a temperature 
reading is available, and vice versa. To account for this, a data set was 
prepared only for rooms where both CO2 and indoor air temperature 
are present, resulting in a total of 35 sensors included for each of the 
parameters in the data set. The second and third data sets separately 
included the sensor readings of CO2 (44 total sensors) and indoor air 
temperature (218 total sensors), including all available data for distinct 
parameters.

3.3.  Proposed algorithm for thermal zoning

Fig. 3 shows the algorithm developed for the thermal zoning of build-
ings. The algorithm is divided into 3 main stages including data prepa-
ration, principal component analysis, and clustering. The process em-
ploys available historical time series data that are relevant to define the 
thermal performance of a zone. Before applying PCA, the input data un-
dergoes common data preparation procedures, including data cleaning 
and structuring. In this stage, the mean and STD values are extracted for 
separate months of a year for each parameter and combined to a single 
data set that is further used in PCA.

In the PCA stage, the data are first standardised based on the Eq. (1). 
Subsequently, PCA is conducted (Eqs. (2) and (3)) and the resulting prin-
cipal components (PCs) are displayed in a bar plot that illustrates both 
individual and cumulative explained variances. This visualisation facil-
itates the determination of the optimal number of PCs to include in fur-
ther analysis. It is commonly accepted that the cumulative explained 
variance of the chosen PCs should be at least 80% [56]. However, this 
number highly depends on the criticality of the data accuracy. Keeping 
the cumulative variance of the PCs between 90–95% allows one to pre-
serve the most significant information in the data set while eliminating 
noise or less meaningful variation.
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Fig. 3. Data-driven building’s thermal zoning algorithm.

In the clustering stage, the PCA results are shown in a 2D plot and 
the k-means clustering algorithm is used to identify the thermal zones 
of the building. The optimal number of clusters in K-means clustering is 
obtained by using the elbow method introduced in Section 2.3.

3.4.  Statistical validation approach

Fig. 4 illustrates the proposed statistical validation algorithm for 
thermal zoning of buildings. The first part of the algorithm explains the 
method for splitting the analysed data set into two equal parts. Splitting 
the data set into 2 parts is suggested based on the simplicity of finding 
the most distant base points. However, for very large data sets it can 
be considered splitting the set into more parts. The algorithm starts by 
computing all the distances among all samples in the 2D PCA space. 
Then, the two most distant samples are placed in the first set, and the 
other two most distant samples are placed in the second set. Further, the 
two sets are populated one after another with the furthest sample from 
the set until all samples are distributed among the two sets.

This allows us to create two equal sets of data that further undergo 
the same procedure defined above for PCA and k-means clustering. The 
final validation step includes comparison of the sensor labels assigned to 
distinct clusters with the original data set. The validation process shows 
how much randomness is involved in assigning the labels for each of 
the cluster. If after splitting the data set most of the sensor labels went 
into the original cluster, it proves that the thermal zones were assigned 
meaningfully.

3.5.  Qualitative criteria for thermal zones validation

In this work, after applying data-driven methods to determine ther-
mal zones, the resulting zones are evaluated based on the proposed 

Fig. 4. Data-driven building’s thermal zoning validation algorithm.

Fig. 5. Qualitative criteria for building’s thermal zoning.

qualitative criteria (Fig. 5). The six aggregated criteria include: enve-
lope exposure and orientation, location of the space within the build-
ing, occupancy, schedules, HVAC distribution type & control and space
function.

The exposure and orientation of the envelope includes parameters 
such as solar irradiation, wind speed, outdoor temperature, façade ori-
entation, and materiality (especially important for glazed façades). The 
location within the building criterion separates the spaces on the upper 
and lower floors of the building, as well as the spaces adjacent to the 
building façades and inner spaces. The occupancy criterion defines the 
number of users within the spaces. In some cases, additional parameters 
can be added specifying the type of user or any special needs. Schedules 
identifies the space usage patterns that could be considered in different 
scales such as daily, weekly, monthly, etc. The type of HVAC distribution 
and control criterion allows one to evaluate the practical application of 
zoning in terms of available hardware and software to control the de-
fined zones. Lastly, the function of the space enables grouping of areas 
based on their intended use and helps in recognizing spaces that may 
need particular consideration.
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Fig. 6. Digital Twin integration architecture.

To enhance the evaluation of the defined thermal zones based on 
the qualitative criteria, some additional parameters are retrieved. Solar 
irradiation, wind speed, and outdoor air temperature for Linköping city 
are collected from the open Oikolab repository [57].

3.6.  Digital twin integration architecture

For this research, a DT was developed for the case study building, 
integrating real-time IoT data with a BIM model containing 3D building 
geometry and semantic information (Fig. 6). The IoT data was trans-
mitted via an internal server in JSON format to the Zabbix platform, 
which functions as dynamic data storage. Additionally, weather datain-
cluding solar irradiation, outdoor temperature, and wind speedwas re-
trieved from Oikolab in JSON format, stored in Zabbix, and integrated 
into Bentleys iTwin platform using iTwin.js. Simultaneously, the build-
ings BIM model, including 3D geometry and semantic data in open IFC 
format, was imported into iTwin Synchronizer, which converted it to 
the iModel format and stored it in iModelHub. The model was then in-
tegrated into the iTwin platform via iTwin.js, enabling the DT platform 
to aggregate and visualize real-time sensor data, weather information, 
and the BIM model.

The user interface (UI) was developed using iTwin.js, enabling inter-
active visualization of real-time sensor data integrated with 3D build-
ing geometry. Sensor readings and weather parameters, are displayed 
through interactive graphs. The defined thermal zones are represented 
in different colours and cluster numbers are available on side panel. Se-
mantic data from the BIM model, transferred via IFC, is accessible within 
the UI, allowing users to retrieve additional building information along-
side real-time monitoring. The integrated DT falls under capability level 
2 that allow the asset monitoring in real-time, but misses the predictive, 
prescriptive capabilities and the link between the DT and real asset clos-
ing the automation loop.

4.  Results and discussion

4.1.  Data preparation

4.1.1.  Data exploration and cleaning: CO2 data
CO2 data are available for 29 different rooms in the building, in-

cluding coworking spaces, library, canteen, and offices. Some rooms are 

Fig. 7. CO2 concentration in rooms and respective set-points.
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Fig. 8. CO2 concentration re-sampled weekly for separate sensors in rooms. The dashed line indicates the lowest CO2 set-point.

equipped with multiple sensors that expand the data set to a total of 44 
separate sensor readings for CO2 levels in various rooms. Before further 
data analysis, the dataset was subjected to typical cleaning procedures, 
including resampling and filling the missing values by linear interpola-
tion. The complete CO2 data set included a total of 3,030,812 values, of 
which 26,377 were missing (approximately 600 per sensor). Some data 
points were collected 1 minute later than the set 10 minute interval, off-
setting the subsequent measurements by the same interval. Resampling 
the entire data set for a 10-minute interval allowed easier data handling.

The box plots plotted for all the rooms where CO2 data are avail-
able show that most values are between 400 and 550ppm, indicating 
good indoor air quality (IAQ) in the rooms (Fig. 7). Higher values and 
a larger interquartile range are mostly observed in larger rooms. The 
yellow dots in the plot indicate the set point values for separate rooms 
(for most rooms, the set point for CO2 is 800ppm). Some extreme values 
are also visible. For example, room 6365 reaches a maximum value of 
1664ppm. In contrast, in room 5127, one of the four sensors shows ex-
ceptionally low values, with a minimum value of 139ppm. Room 6365 
is a classroom with a capacity of 40 persons, which explains the higher 

CO2 values when the room is fully occupied. On the other hand, room 
5127 is a library room with a large open space. This space is equipped 
with four sensors, only one of which measures very low values. This is 
most likely due to a faulty sensor measurement. For the case study build-
ing, regular sensor calibration is not implemented; however, the CO2 
sensors in the VAV system have automatic baseline correction (ABC).

A clear influence of occupancy on air quality in rooms is represented 
in the weekly re-sampled CO2 concentration plot (Fig. 8). In this plot, 
the CO2 values were re-sampled taking the mean value of the 10-minute 
readings for the target week. During the summer holidays, re-sampled 
weekly CO2 values almost never exceed 500ppm. The same can be ob-
served during the winter break. It is also interesting to observe that 
although CO2 varies from room to room, trends are moving almost par-
allel. This indicates a highly controlled environment that is similarly 
influenced by external factors.

4.1.2.  Data exploration and cleaning: Indoor air temperature data
Indoor air temperature data consists of measurements from 218 sen-

sors, some of which are located in the same room. Similarly to the CO2 

Fig. 9. Indoor air temperature re-sampled weekly for separate sensors in rooms. The red background indicates the set-point range. (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.)
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data, the time stamps were resampled every 10 minutes and missing val-
ues were filled in using linear interpolation. In the case of the indoor air 
temperature dataset, a total of 15,222,816 data points were collected, 
of which 154,724 were missing (approximately 700 per sensor).

The box plots show that the temperature in all rooms is on average 
distributed between 20◦C and 24◦C (Fig. 10), i.e. close to the set-point 
range. However, there are quite significant number of rooms in which 
the majority of measurements do not satisfy the set point condition. 
For example, for the rooms on the second floor, rooms 2109 - 2119 
in Fig. 10 indicated by a red-dashed rectangle), most of the values are 
always below the 22◦C set point. Similarly, there are a number of rooms, 
including some large library spaces (in Fig. 10 indicated by a green-
dashed rectangle), where the temperature is most of the time above the 
set point, most likely due to high user concentration.

The lowest temperature observed in room 4171 (in Fig. 10 indicated 
by a purple-dashed rectangle), which is a group room for 8 persons on 
the western façade of the building, is 13.99◦C. Interestingly, the same 
room also has one of the highest temperature values in the data set, 
27.61◦C. Extreme values, among others, can be explained by the influ-
ence of the user, such as leaving an open window in the cold or hot sea-
sons. The maximum indoor air temperature in this data set is 31.84◦C in 
room 7126 (in Fig. 10 indicated by blue-dashed rectangle). Room 7126 
is a resource room for 2–4 persons on the south elevation of the building.

The weekly resampled indoor air temperature data shows a clear sea-
sonality pattern (Fig. 9). In this plot, the indoor air temperature values 
were resampled by taking the mean value of the 10min readings for the 
target day. During the summer period, the temperature in all rooms is 
around 2◦C higher than in other seasons. In addition, a strong control 
influence can be observed for measurements that show similar patterns 
in indoor air temperature change for all rooms. A clear start and end of 
the heating season can also be observed. Here, indoor air temperature 
drops to exceptionally low values, even compared to the winter period. 
In Fig. 9 this can be seen between the months May-July and September-
November, where the indoor temperature drops below 20◦C. In contrast, 
between July and September, the indoor air temperature is exception-
ally high due to the warmer weather outside. The exploratory analysis 
of the indoor air temperature indicates that in many cases RBC cannot 
meet the indoor thermal comfort requirements.

4.2.  PCA and k-means clustering for thermal zoning

4.2.1.  Joint indoor air temperature and CO2 data set
The merged indoor air temperature and CO2 data set consists of 35 

rows with separate sensors in rooms and 48 columns (CO2 and indoor 
air temperature mean and STD values for each month) for each month 
of 2022 with calculated mean and standard deviation values. Once the 
values are standardised, PCA is run. The results show that the first five 
principal components can describe 90.3% of the data (Fig. 11). The 
first principal component accounts for the 50.3% individual explained 
variance ratio, the second for 19.6%, the third for 12.1%, the fourth 
for 4.6% and the fifth for 3.7%. How the first 3 components explain 
the individual parts of the data set can be seen in Fig. 12.

Fig. 12 shows the loadings for each of the features for PC1, PC2 
and PC3. In other words, the loadings represent how much each origi-
nal variable contributes to each principal component. PC1 captures the 
most variation in the data. Significant positive and negative loadings 
across different months indicate that PC1 represents the general con-
trast between different seasonal patterns, such as the differences in in-
door conditions between the cooler and warmer months. Further, PC2 
captures additional variance not explained by PC1, associated with fluc-
tuations in temperature and CO2 that are orthogonal (independent) to 
those captured by PC1. The alternating positive and negative loadings 
suggest that PC2 represents transitions between states, possibly captur-
ing changes like switching between heating and cooling in a building’s 
HVAC system or changes in occupancy patterns. Finally, PC3 captures 
smaller, more nuanced variations in the data. The loadings show smaller 

Fig. 10. Indoor air temperature in different Rooms (◦C).
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Fig. 11. Individual and cumulative explained variance for the joint CO2 and 
indoor air temperature data set.

peaks (except for temperature STD) and less consistency, which could 
indicate specific events or anomalies in the data such as equipment mal-
functions, unusual weather conditions, or irregular occupancy patterns 
that do not follow the larger seasonal trends.

Based on recommendations provided in Section 3.3, for this case 
study, 5 PCs were used in further analysis as their cumulative explained 
variance covers more than 90% of the total variance of the data set. 
Before running the k-means clustering algorithm, an “elbow” method 
is used to determine the optimal number of clusters. However, for this 
data set, the method did not yield significant results. Therefore, as de-
scribed in Section 2.4, a mathematical approach was used to identify 
the “elbow” points. The most significant “elbow” was found at cluster 
No. 3 (with a second derivative value of 14.87). Since this data set in-
cludes the fewest number of rooms and the most distinct variables (CO2 
and indoor air temperature), the decision was made to retain 3 clus-
ters, as indicated by the “elbow” method (Fig. 13). However, from the 
plotted curve, it is evident that five clusters (with a second derivative 
value of 16.69) could also be a viable option, allowing for the capture of 
more subtle patterns in the data. At seven clusters, the curve shifts from 
upward to downward as the second derivative value turns negative (-
9.69), indicating that seven clusters would likely introduce unnecessary 
complexity.

Therefore, given the number of rooms analysed, 3 clusters are se-
lected and the k-means clustering algorithm is run. Rooms 3127, 4127, 
5127 and 6127 fell into the same green cluster (Fig. 14). These rooms 
are larger open library spaces spread over four floors. Here, CO2 concen-
trations and average indoor air temperatures reach their highest values, 
probably due to the high concentration of occupants. However, high 
CO2 concentration values could also appear due to faulty ventilation 
system operation.

The second big cluster in red (Fig. 14) mostly includes large meeting 
rooms and classrooms, such as rooms 6362, 6365 or 5155, where the 
standard deviation of the CO2 and temperature values is slightly lower 
than in the green cluster. Finally, the two rooms in the purple cluster 
are the recording room, which can accommodate five persons, and the 
main entrance hall. These rooms have very stable variations in CO2 and 
temperature. For example, the lowest mean temperature value in room 
6465 is 23.15◦ and the highest is 23.51◦. Similarly, the CO2 concentra-
tion varies only from the minimum mean value of 433.23 ppm to the 
maximum value of 443.45 ppm. These 3 clusters are shown in the floor 
plans in Fig. 15.

4.2.2.  Indoor air temperature data set
As the indoor air temperature data set contains 218 individual sen-

sor readings, it was interesting to see the results of the proposed thermal 

Fig. 12. The first 3 principal components of the joint data set.

Fig. 13. The “elbow” method results for joint dataset.

Fig. 14. K-means clustering results for joint data set.

zoning algorithm in a larger data set. The final indoor air temperature 
data set was combined from 218 rows with sensors in rooms and 24 di-
mensions, including mean and standard deviation values for each month 
of 2022. Similarly to the merged CO2 and indoor air temperature data 
set, the PCA results show that the first 5 principal components can de-
scribe 94% of the data (Fig. 16). The first principal component accounts 
for 51.4% of the individual explained variance, the second for another 
25.3%, the third for 8,8%, the fourth for 5.7% and the fifth for 3.8%. 
How the first 3 components explain the individual parts of the data set 
can be seen in Fig. 17.

PC1 reflects the overall average temperature trends throughout the 
year, with more significant loadings around the colder months and less 
significant around the warmer months. This suggests that PC1 could 
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Fig. 15. Joint temperature and CO2 data set clusters in plan view.

be capturing the basic seasonal temperature shift. Peaks in the colder 
months suggest that this component might capture when and how tem-
peratures are generally lower, impacting building heating demands. PC2 
shows an alternating pattern of loadings and may represent changes in 
temperature variability that are not explained by the general seasonal 
trend. Negative loadings for mean indoor air temperature values rep-
resent adjustments in indoor climate control or differences in external 
temperature fluctuations. As the most significant (lowest negative val-
ues) are during the summer months, this could indicate the cooling sea-
son. PC3 loadings range from negative to positive, indicating variable 
influences throughout the year, with less consistency compared to PC1 
and PC2. PC3 exhibits its highest loadings for STD values, especially no-
table from 0.092 to 0.486, suggesting that PC3 is particularly sensitive 
to changes in temperature variability rather than average temperature.

The same as for the merged CO2 and indoor air temperature data set 
“elbow” method did not show the optimal number of clusters. Similarly 

Fig. 16. Individual and cumulative explained variance for the temperature data 
set.

Fig. 17. The first 3 principal components of the temperature data set.

Fig. 18. The “elbow" method results for indoor air temperature dataset.

to the CO2 dataset, the most significant “elbow” point is observed at 
3 clusters (with a second derivative value of 83.79). At 5 clusters, the 
“elbow” is less pronounced (second derivative value of 21.73); however, 
as previously discussed, there is still considerable variation to capture, 
as the curve does not flatten immediately (Fig. 18).

As there are more rooms to analyse in this case, five clusters were se-
lected (Fig. 19). Interestingly, the small offices (4 persons) on the north 
façade of the second floor were clustered in the same group on the left 
(dark green cluster). These rooms are the only ones in the data set where 
the average indoor air temperature values decreased to 19◦. Looking at 
the blue cluster, 2 rooms drop out at the very top of the graph. These 
are room 1410 (women’s changing room) and room 2109 (small office 
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Fig. 19. K-means clustering results for temperature data set.

Fig. 20. Indoor air temperature data set clusters in plan view.

Fig. 21. Individual and cumulative explained variance for the CO2 data set.

on the second floor north façade). In both rooms, the temperature varies 
little (about 1.5◦) with respect to the minimum and maximum values. 
Interestingly, room 2109 adjacent to one of the rooms on the 2nd floor 
north façade shows a different performance. Here, the average temper-
ature never drops below 20◦. Finally, the light green cluster also shows 
some values farther away from most points in the data set. These values 
belong to the large spaces in the building, i.e., rooms 4127, 5127, 6127, 
which is the library, and 3107, which is the amphitheatre space. These 
5 clusters are shown in the floor plans in Fig. 20.

4.2.3.  CO2 data set
Finally, the CO2 data set is also analysed separately. This data set 

is combined from 44 rows with sensors in rooms and 12 dimensions 
with mean and standard deviation for each month of 2022. The PCA 
on this data set revealed slightly different results compared to the first 
two in terms of the identified principal components. In this case, the 
first PC alone explains 83.8% of the data, the second explains 8.8%, 
and the third explains 3.9% (Fig. 21). This means that only three PCs 
can explain 96.5% of the variation in the data set. The way these three 
components explain separate parts of the data set can be seen in Fig. 22.

PC1 represents the overall average level of CO2 concentration, cap-
turing baseline fluctuations in different months. Fluctuations are influ-
enced by seasonal changes that affect indoor CO2 levels, such as varying 
occupancy and ventilation rates. PC2 exhibits more pronounced swings, 
with sharp negative loadings around the 7th month and smaller posi-
tive loadings at other points. PC2 seems to capture the most significant 
deviations from the average CO2 levels, possibly reflecting specific peri-
ods of high variability or exceptional events, such as sudden changes in 
building occupancy or HVAC system performance. The sharp negative 
peak in the middle of the year indicates a period with unusually low 
CO2 variability during low occupancy in the summer months.

The “elbow” method for the CO2 data set produced clearer results, 
with a distinct “elbow” point appearing at three clusters. However, as 
with the other datasets, the plot (Fig. 23), suggests that adding more 
clusters could increase precision in defining the thermal performance of 
each zone. Since this data set contains only CO2 values, 5 clusters were 
selected for further analysis in order to capture more variability.

Once again, the large areas with the library and other large rooms 
were grouped in the blue cluster on the right-hand side (Fig. 24). The 
left side (purple cluster) shows a large cooking area with several sensors. 
Here, the mean CO2 values range from a low of 419.04 ppm to a high 
of 433.26 ppm. The red cluster shows rooms 5155a and 5155b, which 
are classrooms with a capacity of 60 persons. Here, the range between 
the average minimum and maximum values is larger: min. 418.97 ppm 
and max. 461.53 ppm. These 5 clusters are shown in the floor plans 25.
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Fig. 22. The first 3 principal components of the CO2 data set.

4.3.  Statistical validation results

The thermal zones identified using three separate data sets discussed 
above are further validated using the proposed data-driven validation 
algorithm (Fig. 4). The split of the two parts of the first data set, includ-
ing CO2 and indoor air temperature measurements, is shown in Fig. 26. 
The figure shows that the data points equally cover the space for both 
data sets. Since the combined CO2 and temperature data set contained a 
total of 35 measurements, the split resulted in 18 measurements in one 
part and 17 measurements in the other. The other two data sets, which 
contain only indoor air temperature measurements and only CO2 mea-
surements, were split in a similar way, resulting in two data sets with 
109 data points each for indoor air temperature and 22 measurements 
each for CO2.

Further, the thermal zoning algorithm is applied to both parts of each 
data set using PCA and k-means clustering. The results of the statistical 
validation of each data set are presented in Table 1. To check whether 

Fig. 23. The “elbow" method results for CO2 dataset.

Fig. 24. K-means clustering results for CO2 data set.

Table 1 
Statistical thermal zoning validation results for case study building.
    Data set  Combined CO2 + indoor air temperature data set
  Total data-points  35
  Data-points in splitted parts  18  17
  Cluster number  1  2  3  4  5  1  2  3  4  5  
  Total data-points in cluster  8  2  8  –  –  7  1  9  –  –  
  Data-points from wrong cluster  0  0  0  –  –  0  0  0  –  –  
  Cluster consistency score, %  100  100  100  –  –  100  100  100  –  –  
  Total consistency score for data set, %  100
  Data set  Indoor air temperature data set
  Total data-points  218
  Data-points in splitted parts  109  109
  Cluster number  1  2  3  4  5  1  2  3  4  5  
  Total data-points in cluster  25  38  23  15  8  25  43  25  8  8  
  Data-points from wrong cluster  0  1  3  2  0  0  10  0  3  0  
  Cluster consistency score, %  100  97  91  87  100  100  77  100  63  100 
  Total consistency score for data set, %  91.5
  Data set  CO2 data set
  Total data-points  44
  Data-points in splitted parts  22  22
  Cluster number  1  2  3  4  5  1  2  3  4  5  
  Total data-points in cluster  5  7  4  5  1  5  6  5  5  1  
  Data-points from wrong cluster  0  2  0  0  0  0  0  0  0  0  
  Cluster consistency score, %  100  71  100  100  100  100  100  100  100  100 
  Total consistency score for data set, %  97.1
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Fig. 25. CO2 data set clusters in plan view.

Fig. 26. CO2 and indoor air temperature data set split.

the same rooms fall into the original clusters after performing the PCA 
and k-means analysis on the split data sets, sensor labels were extracted. 
In the table, cluster consistency score (%) refers to the percentage of data 
points in the split data set that matched the same cluster in the original 
data set. This percentage reflects how well the clustering algorithm was 
able to replicate the cluster assignment in both halves of the split data. 
Total consistency score for data set (%) represents the overall percentage 
of data points that were correctly classified into their respective clusters 
across both parts of the split data set.

The joint CO2 and indoor air temperature data set was initially clus-
tered into 3 clusters, so the same number of clusters was also used for 
validation. The validation results for this data set showed that 100% 
of the relevant labels went into the original clusters, indicating that the 
number of PCs, clusters, and input data was optimal to define the ther-
mal zones. The results for the larger data set, which included 218 in-
door air temperature sensors, were slightly less accurate. Some original 
cluster labels were mixed up. For example, in one of the split-data set 
clusters, 10 out of 43 labels were included from the wrong cluster, re-
sulting in consistency score of only 63% for that cluster. This shows 
that in larger data sets, a single parameter may not be sufficient to de-
fine the thermal zones of a building. This data set was initially divided 
into 5 clusters, so 5 clusters were also used for validation. Several other 
combinations of clusters and the number of PCs to be included in them 
were also tested during the analysis. However, the 5 clusters with 3 main 
PCs showed the best results, achieving 91.5% consistency score for the 
whole data set.

For the data set that contains only CO2 data, only one of the clusters 
in the split data set had 2 misplaced labels, reducing the consistency 
score of that cluster to 71%. However, the other clusters contained the 
same labels as the original cluster, resulting in an overall data set con-
sistency score of 97.1%. The validation results showed that for the pro-
posed data-driven thermal zoning algorithm, the number of input pa-
rameters, the number of clusters chosen, and the PCs to be included can 
significantly influence the consistency score of thermal zoning.

4.4.  Qualitative validation results

4.4.1.  Envelope exposure and orientation
The results of the data-driven thermal zoning are further put for 

qualitative evaluation based on the criteria defined in Fig. 5. Consid-
ering envelope exposure and orientation criteria, several factors, such 
as solar irradiation, wind speed, wind direction, façade materiality, and 
available shading, play an important role.

Typical solar radiation to the horizontal surface on a clear day can 
reach 1𝑊 ∕𝑚2. The data from Linköping city show very similar val-
ues, with solar radiation reaching above 0.8𝑊 ∕𝑚2 during the summer 
months (Fig. 27). However, the radiation is proportionally decreas-
ing towards the winter, where it barley reaches 0.1𝑘𝑊 ∕𝑚2. This indi-
cates that solar radiation can significantly influence the thermal zoning 
of buildings during the summer, depending on the available shading
options.

The analysed “Studenthuset” building has several shading options 
installed. On the 2nd floor, where the main entrance is located, only 
manual shading is available. Up to floor 7, the shading options vary
depending on the façade orientation. Automatic shading is installed for 
most of the west façade and about for half of the south and east façades. 
All rooms on the upper floor also have automatic shading. The remaining 
rooms are equipped with fixed sun protection, which leaves between 
53% and 83% of the glazed area uncovered, depending on the time of 
day and the cloud cover.

As a large part of the building’s façade is glazed, solar irradiation 
can be influential for the thermal zoning. Considering the thermal zones 
defined by a proposed data-driven method, the influence of solar irra-
diation, orientation, and shading is best seen in the zones defined by 
the indoor air temperature data set. Fig. 20 shows that the rooms on 
the north façade floor 2, where only manual shading is available, fall 
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Fig. 27. Solar irradiation for year 2022–2023 in Linköping city.

Fig. 28. Wind rose diagram for year 2022–2023 in Linköping city.

into a separate cluster. These rooms show the lowest single temperature 
values throughout the whole data set. On floors 4 and 5, part of the 
rooms on the west façade fell into red and the other part into purple 
clusters. This could also be partly influenced by the available shading 
(automatic or fixed) and the orientation of the building. The large library 
spaces fell into one thermal zone (light green). However, a coloured dot 
on the plans indicates that one of the sensors installed in the specific 
space fell into a different zone. For example, on floors 5 and 6, one of 
the sensors in each of the two library spaces has been placed in the red 
cluster. This may also have been influenced by the positioning of the 
sensors in a large space where they may be more influenced by external
factors.

The wind rose diagram (Fig. 28) shows that the wind is mostly from 
the west, where it reaches its highest speed. The wind infiltration rate of 
the building is assumed to be 0.25𝑙∕𝑠 and the air leakage rate is assumed 
to be around 50Pa, which means that the buildings are considerably 
airtight. As the case study building is a large educational building, such 
an infiltration rate at a wind speed of 10m/s could even be useful for air 
exchange, reducing the load for ventilation systems. Therefore, in this 
case, the wind can be neglected for thermal zoning.

The insights from qualitative envelope exposure and orientation cri-
teria analysis show that the thermal zones of the case study building 
are influenced by solar irradiation, available shading options, and over-
all orientation of the façades. Compared with the quantitative results of 
the thermal zoning, it can be seen that the thermal zones defined using 
the proposed method reflect this criteria.

4.4.2.  Location within the building
Space location within the building criteria is closely related to the 

environmental exposure and orientation criteria. In most cases, it is con-
sidered that if a space is not adjacent to the building’s façade or located 
at the bottom or top floors, the outdoor environmental influence on the 
space can be neglected. This is also highlighted in the ASHRAE standard 
[25], which suggests assigning perimeter spaces that have exposure to 
the outdoor environment, the upper / lower floors, and the core of the 
building as separate zones. However, according to the data, this type of 
thermal zoning seems to be too generalised.

Taking into account the results of the data-driven thermal zoning 
approach on the indoor air temperature data set (Fig. 20) it is seen that 
the spaces of the 2nd floor north façade fall primarily into the green 
cluster and the spaces of the east façade into the purple. However, the 
core spaces that do not have any of the bounding walls facing the exte-
rior are still divided between 4 separate clusters. This is also seen while 
investigating the division between the clusters among the other build-
ing’s floors. Another point to consider is the corner spaces. According 
to the standard, the corner space should be cut diagonally, dividing the 
thermal zones based on the exterior façade. However, this approach is 
not practical, as the HVAC control cannot be applied in such a way. 
Performance-based thermal zoning allows to determine the appropriate 
thermal zone for corner spaces. For example, the large library space dis-
tributed throughout floors 3,4,5 and 6, includes more than half of both 
south and east façades. However, based on the data-driven method, all 
these spaces are assigned to the same cluster.

However, some patterns are still seen in the data-driven clustering 
approach that complies with the ASHRAE standard suggestions. For ex-
ample, almost all spaces on the top 7th floor fell into the same purple 
cluster, as also recommended by the standard. Similarly, spaces adjacent 
to the façades of the building are normally split into separate groups. 
For some façades, the exterior facing spaces are divided into two clus-
ters, which is likely due to the different shading options available that 
were discussed in the previous Section.

4.4.3.  Occupancy
The occupancy of the building, as a qualitative criterion, involves 

several assumptions. The maximum space capacity is normally defined 
during the building design phase. However, the actual occupancy during 
the operational phase can only be determined on the basis of the mea-
sured data and is highly dependent on the schedule criteria, discussed 
in the next section. Another important consideration is that the capac-
ity of the room does not always match the area, meaning that a room 
with larger useful area could have lower occupancy and vice versa. For 
example, the case study building, on the fifth floor room 5101 with pro-
jected capacity of only 12 persons, has a larger total area than room 
5155b with capacity of 60 persons. This distinction is often related to 
the room’s function, which is also connected to the density of occupants 
in a room. As in this case, room 5101 is a large office space, while room 
5155b is a classroom.

Although CO2 levels in rooms are determined not only by the num-
ber of people in a room, but also by user activity and HVAC control, it is 
often used to evaluate occupancy. In the case of the analysed building, 
the data set that includes only CO2 data (Fig. 25) proves these assump-
tions. In the determined thermal zones based only on CO2 data, it is 
clearly seen that rooms with similar capacity went to the same clusters, 
although some rooms with higher capacity have a smaller useful area.

4.4.4.  Schedules
Knowing the building’s operational schedules is paramount for op-

timal control and energy balancing. With increasing penetration of re-
newable energy sources (RES) into the grid, the fluctuation in energy 
prices became even more prominent. This, on the one hand, poses a 
challenge for current energy supply-demand models and, on the other, 
reveals an opportunity for improved control mechanisms taking advan-
tage of cheap energy prices at a certain time. That being said, it is
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important to take this criterion into consideration while defining build-
ing’s thermal zones.

As the case study building is an educational building, there are two 
main usage schedules defined depending on the space function. For of-
fice spaces, the building is considered operational between 7AM and 
6PM during work-days; for all other spaces, the operational hours are 
between 7AM and 10PM on weekdays, and 8AM to 5PM on weekends. 
In this study, the data for the thermal zoning were not separated accord-
ing to the schedules. However, since schedules are closely related to the 
occupancy of the building, the distinction between clusters is clearly 
visible in the CO2 data set (Fig. 25).

4.4.5.  HVAC distribution type and control
An in-depth understanding of existing HVAC systems and available 

control applications is crucial before defining the thermal zones of the 
building. Normally, there are many different systems and their com-
binations employed to ensure the comfort of building occupants. It is 
common that not all systems allow highly distributed control options 
for separate spaces or rooms. In such cases, there is no use in com-
bining separate rooms into a zone if the installed control mechanisms 
are not able to implement defined algorithms for the zone’s control
model.

For “Studenthuset” case study, mechanical ventilation with 3 AHUs 
and 1 air circulation unit installed in the building ensures the air qual-
ity in rooms. The AHUs allow manipulation of the air flow rate in sep-
arate rooms via installed dampers that are controlled based on the CO2 
set-points. However, the implemented VAV control only allows the air 
exchange, but is not able to adjust the supply air temperature. In this 
case, the supply air temperature can be manipulated only centrally at the 
AHUs. The projected set point for the supply air temperature is 18◦C for 
the kitchen areas and 16◦C for all the other rooms. These values are set 
to low to ensure cooling needs during the summer. However, according 
to the operational data retrieved from the building BMS, the duct tem-
perature in specific rooms varies by +/-2◦C. This can be influenced by 
several parameters including the damper position, air flow rate, or even 
the current temperature in the room.

Furthermore, a larger central extraction of exhaust air is installed on 
floor 6 of the roof lantern, which is balanced against the supply air in 
public library areas. In addition, supply air ducts are thermally insulated 
against unwanted heating in view of low supply air temperature, except 
the ducts at level 1 which are not thermally insulated. These factors 
also influence the temperature of the supply air, meaning that even if 
the supply air from the AHUs is set to 16◦ C, it is likely that the actual 
temperature will vary for separate rooms in the building.

DHS is used for building heating and hot water preparation needs. 
In all rooms, radiators are installed. In addition, on the second floor, for 
the main entrance and large amphitheatre space, floor heating is used. 
The floor heating system is divided into 4 branches that can be con-
trolled separately via installed valves. Similarly, the radiators installed 
in separate rooms can be individually adjusted while manipulating the 
valves by the BMS system or manually via installed thermostats.

The synthesis of ventilation and heating systems ensures the required 
IAQ in building’s spaces. The ventilation system, controlled based on the 
CO2 levels, allows exchanging the needed amount of air in rooms. How-
ever, the exact supply air temperature cannot be controlled for separate 
rooms. Therefore, during the cold season, the heating system must com-
pensate for the possible temperature drop.

These insights are especially important when developing the dy-
namic thermal models for separate zones control. In this case, since 
dampers and heaters can be controlled separately in different spaces, 
thermal zoning can be versatile, and a single model can be adapted for 
the defined zones. However, for different HVAC systems this could not 
be the case. Therefore, before starting the thermal zoning, it is very 
important to analyse existing HVAC systems and available control mea-
sures to ensure that the developed model can be implemented for the 
zone.

Fig. 29. Functional zones.

4.4.6.  Space function
Finally, a common criterion used to define thermal zones is the space 

function. This criterion is often considered in the simulation software as 
it allows one to easily generalise the occupancy and scheduling criteria 
as well. Normally, the same function rooms have similar projected oc-
cupant density and schedules. For example, the functional zones for the 
case study building can be seen in Fig. 29. The zones in Fig. 29 were 
identified during the design stage of the building. Here, the building is 
divided into 8 zones depending on their function: (1) Dressing rooms, 
(2) Corridor, (3) Kitchen, (4) Entry, (5) Miscellaneous, (6) Classroom, 
(7) Office and (8) Library. In Table 2 they are listed with the respective 
area.

Considering the data-driven thermal zoning approach, there are 
some similarities between the zones defined by the proposed method 
and the functional zones. All data sets analysed resulted in the separate 
cluster for the large library areas (Figs. 15, 20 and 25) the same as it is 
also seen in the functional zones. In addition, the distinction is visible 
in most cases for office spaces and classrooms. However, depending on 
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Fig. 30. Integrated Digital Twin.

Table 2 
Area of building’s thermal zones defined in 
IDA-ICE.
    Zone type  Area, m2

  Classrooms  1319
  Offices  3445
  Library  4930
  Kitchen  495
  Corridor  553
  Entry  1992
  Miscellaneous  1750
  Dressing rooms  74
  Total  14732

the input parameters, the data-driven method allows us to distinguish 
rooms that perform differently than other rooms of the same function. 
At the same time, the functional approach places all offices in the same 
cluster, regardless of their location within the building. However, spaces 
adjacent to the façade or located on the upper/lower floors are likely to 
perform differently.

Almost all first floor spaces fall into the same “Miscellaneous” func-
tion cluster according to the functional zones. This is also likely to be 
too generalized, as on the 1st floor a large book archive is located where 
specific indoor air conditions are required to maintain the integrity of 
the books. For this, a separate air circulation unit is installed. However, 
according to the function, this space is grouped together with very dif-
ferent function spaces, such as HVAC equipment rooms on the 1st floor, 
stairs, and bathrooms located on all floors of the building.

Finally, it is important to examine how many zones are economically 
viable to distinguish and develop separate control models for. According 
to the function, there are 8 zones identified. However, it is important to 
maintain the balance between the effort and costs needed to develop and 
maintain the control mechanisms within the building and the benefits 
that come from them.

4.5.  Case study building digital twin

Thermal zones defined based on real data were visualized in the DT 
environment (Fig. 30). The developed DT allows users to manipulate 
the 3D model for a customizable view. Through the UI, users can select 

colour-coded thermal zone clusters, distinguishing different spaces by 
zone colours. The cluster number is displayed in the right panel along-
side other semantic data retrieved from the IFC file. When hovering 
over a selected space, an interactive window pops up, displaying the 
current CO2 concentration, its change since the last reading, indoor air 
temperature, room number, and occupant capacity. To access historical 
time-series data for a selected room, users can click the "Sensor Data"
button in the right panel.

The current DT, operating at capability level 2, not only provides 
a strong foundation for advancing predictive capabilities at level 3 but 
also serves as a data aggregation tool for implementing the proposed 
methodology for thermal zoning qualitative validation as within the 
DT environment, users can inspect the qualitative criteria. Additionally, 
the defined thermal zones establish the granularity of dynamic thermal 
models, which can be further leveraged for advanced control mecha-
nisms, ultimately progressing toward capability level 5 of autonomous 
control.

5.  Conclusions and future work

5.1.  Conclusions

This study investigated the current practices and gaps in defining 
building thermal zones, emphasizing the lack of quantitative methods. 
To address this, a novel data-driven approach was proposed, integrating 
Principal Component Analysis (PCA) and k-means clustering to define 
and validate thermal zones based on real sensor data. Additionally, a 
Digital Twin (DT) was developed to visualize, interact with, and quali-
tatively validate the defined zones using the proposed criteria. They key 
contributions of this study:

• Proposed a data-driven thermal zoning algorithm, consisting of data 
cleaning, PCA-based dimensionality reduction, and k-means cluster-
ing, enhanced with the elbow method for optimal cluster selection.

• Introduced a quantitative validation algorithm to assess the con-
sistency of the defined data-driven thermal zones across different 
datasets.

• Developed a DT environment to visualize the thermal zoning results, 
integrating 3D building geometry, semantic data, weather informa-
tion, and IoT sensor data into a single platform.
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The key findings of the study are summarized as follows:

• Exploratory analysis of CO2 and indoor air temperature data from 
the case study building revealed that existing rule-based control 
(RBC) strategies often fail to maintain indoor thermal comfort re-
quirements.

• PCA proved to be a suitable method for defining thermal zones, ex-
plaining over 85% of the variance in all three tested datasets. Addi-
tionally, it enables the inclusion of multiple parameters to refine the 
zoning process.

• Applying k-means clustering after PCA-based dimensionality reduc-
tion allowed for the identification of similarly performing clusters. 
The elbow method, combined with statistical calculations of slope 
and intersection, facilitated the optimal selection of clusters.

• The quantitative validation approach confirmed a consistency score 
of over 91%, depending on the selected number of principal compo-
nents (PCs), clusters, and input parameters.

• Qualitative validation demonstrated that different parameters con-
tribute to different aspects of thermal zoning: CO2 data better cap-
tured occupancy and schedules, while temperature data more effec-
tively reflected envelope exposure and orientation. In general, all 
qualitative criteria were reflected in thermal zones defined by the 
proposed data-driven algorithm.

• DT was implemented to provide a centralized platform for thermal 
zone visualization and validation. The DT integrates 3D building ge-
ometry, semantic information, real-time weather data, and IoT sen-
sor readings, enabling users to interactively explore zone distribu-
tions and environmental conditions.

The proposed method provides a structured, data-driven approach 
to thermal zoning and validation, supporting future development of ad-
vanced control strategies. The current DT implementation (Capability 
Level 2) serves as a foundation for further development toward Capa-
bility Level 5 and closing the control loop.

5.2.  Future work

In future work, additional parameters could be incorporated into the 
thermal zone definition process to enhance both consistency score and 
robustness. For example, parameters such as indoor noise levels, light-
ing conditions, or movement detection could improve the reliability of 
occupancy criteria. Similarly, outdoor environmental factors, including 
wind speed, solar irradiation, temperature, humidity, and CO2 levels, 
could be integrated into the quantitative evaluation of thermal zoning. 
Furthermore, to demonstrate the benefits of the data-driven approach 
for control applications, the study should be expanded to test the de-
fined thermal zones by developing zone-specific dynamic thermal mod-
els. Finally, the DT should be further developed, integrating dynamic 
thermal models and predictive components.

Limitations

This study has several key limitations. First, the methodology was 
applied to a single building, and future studies should explore its appli-
cation across various building types, which may have different HVAC 
systems, ventilation rates, and usage patterns. The experimental design 
relied on controlled test cases, such as varying ventilation rates, which 
may limit the approach’s flexibility in real-world settings where such 
controlled conditions are not feasible. A comparative study in environ-
ments where test data can be collected under less controlled conditions 
could provide new insights. Additionally, while the CO2 sensors in the 
VAV system employ Automatic Baseline Correction (ABC), a test case 
with regular sensor calibration could ensure more reliable data. Fur-
thermore, data were not available for all rooms in the building, which 
may have led to fewer identified thermal zones; with more comprehen-
sive data, the number of zones might have increased. Finally, as the case 

study building is located in a cold-climate region, indoor air humidity 
was not considered.
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